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by multi-path routing, but the next-hop selection for each
individual packet is still largely based on pre-assignmant
historic statistics [7], [8].

This convention however does not well-address the intrinsi
uncertainty of wireless links, particularly in multi-hoputing.
Intuitively, a link that statistically performs well on azge
may be unreliable and suffer from intermittent failures. A
fixed route containing such a link consequently witnesses
packet losses and long packet delays from time to time.

Abstract—Existing routing protocols for Wireless Mesh Net-
works (WMNs) are generally optimized with statistical link
measures, without focusing on the intrinsic uncertainty ofwireless
links. We show evidence that, with the transient link uncerainties
at PHY and MAC layers, a pseudo-deterministic routing protacol
that relies on average or historic statistics can hardly exjore the
full potentials of a multi-hop wireless mesh.

We study optimal WMN routing using probing-based anypath
forwarding, with explicit consideration of transient link uncer-
tainties. Starting from a two-state link capacity model, weshow
the underlying connection between WMN routing and the clasis

Canadian Traveller Problem (CTP) [1]. Inspired by a stochasic
recoverable version of CTP (SRCTP), we develop an practical
SRCTP-based online routing algorithm under link uncertainties.
We study how dynamic next hop selection can be done with

During the intermittent failures, other links may be aviaiéa

with better performance. Such link availability and status

information are discovered only in amline fashion,i.e., at
the time of transmission. In other words, with the translieht

low cost, and derive a systematic selection order for mininzing
transmission delay. We further extend our solution to a genel
multi-rate link model, and present a Stopping Theory (ST) baed
solution, which naturally degrades to the SRCTP algorithm n
the two-state link model. We conduct simulation studies to erify
the effectiveness of the SRCTP and ST algorithms under divee
network configurations. In particular, compared to deterministic
routing, reduction of end-to-end delay 61.15~73.02% for two-
state links, 5.16% for multi-rate links) and improvement on
packet delivery ratio (99.76% for two-state links, 94.44% for
multi-rate links) are observed.

uncertainties at PHY and MAC layers, a (pseudo) deterninist
routing protocol that relies on average or historic stastan
hardly explore the full potentials of a wireless mesh.

Recently, opportunistic routing (OR) was proposed [9]][10
to cope with the unreliability of wireless links. OR expkthe
broadcast nature of wireless transmission, and runs a fdexa
selection procedure to decide which node in the neighbathoo
of the transmitter further relays the packet. While leading
improved throughput, OR protocols are also known to incur
control overhead due to the forwarder selection at each hop,
contributing to prolonged end-to-end packet delays.

A Wireless Mesh Networks (WMNSs) consists of backbone We propose to study delay-optimal routing in WMNSs using
wireless routers that are relatively static and resouiate-r a probing based anypath forwarding approach, with explicit
as well as wireless end-terminals that communicate througbnsideration of transient link uncertainties. We starthwi
multi-hop routing, with possible Internet connection vieet a simple two-state model, where each link either fails or
backbone routers. Given its cost-effectiveness in rafdlyg- works at full rate. We establish the underlying connection
ing a large number of users online, WMNs have enjoyed raphétween WMN routing and a Stochastic Recoverable version
growth in deployment during the past decade [2]. Howevesf the classic Canadian Traveller Problem (SRCTP) [1], and
WMN routing has been notably challenging, despite muaevelop an SRCTP-based online routing algorithm for delay
smaller network sizes than that of the Internet. Wirelesksli minimization. As a key operation of this stochastic aldorit
are intrinsically unreliable, at both long (session) andrsh a node performs online probing of its neighbors’ avail&pili
(packet) time scales. The physical layer modulation swichupon each packet transmission, and determines its nextmop o
dynamically, interference happens frequently, and effect the fly accordingly. We study how such probes can be done
link capacities fluctuate from time to time. All these arelfi@r with low cost, and derive a systematic probing scheme for
complicated by the multi-hop relay of packets. delay minimization.

Given the uniqueness of WMNSs, a series of routing pro- We then extend our study of the stochastic routing algorithm
tocols have been proposed, addressing link unreliabildynf to a more general multi-rate link model. Now that links can
various aspects [3]-[6]. While they are generally moretigac have any real-time capacity between zero and the full rate,
to link dynamics than Internet routing protocols, the étast neighbor probing and selection become more challenging. In
remain in a relatively long time scale. These routing altpons  particular, when a probed neighbor is currently working at
strike to discover an optimal route and periodically updgte an intermediate rate, it is unclear whether we should pick
often in a relatively high frequency or per session demandg this neighbor immediately as in SRCTP, or keep probing
However, once determined, every relay node will have a fixédr a potentially better one. We demonstrate that this gener
next hop for forwarding data. Better flexibility can be ersabl problem model can be solved by applyiSgopping Theory

I. INTRODUCTION



(ST)[11], and present an ST algorithm based on a threshatdnsmission were also examined [10], [17]. Contrastirg th
that is optimally updated with the routing table. OR algorithms, we perform next-hop selection among the
An interesting observation is that ST naturally degradesindidate sebefore instead ofafter, the current node trans-
to SRCTP in the two-state link model, although we havemission. As a result, we avoid the distributed coordination
designed these two algorithms from different perspectivgshase required for achieving consensus on a single forwarde

using different theoretical tools. Such a unification isimel Our multi-rate routing algorithm is of an on-line fashion,
with the fact that both algorithms achieve optimal expecteahd exploits real-time available rate information that ¢en
routing delay. Through extensive simulations, we demaitestr obtained using an independent rate adaptation module, such
the effectiveness of SRCTP and ST under various netwaxk one based on the signal-to-noise-ratio (SNR).
configurations. In particular, we observed considerable re Our work is inspired in part by the recent advances in
duction on end-to-end delay51.15~73.02% for two-state stochastic routing and stopping theory [1], [11], [18]. &g
links, 5.16% for multi-rate links) and improvement on packeformulations of stochastic routing however are usually NP-
delivery ratio 09.76% for two-state links94.44% for multi- hard and are not customized for wireless mesh networks.
rate links), as compared to traditional WMN routing. The stopping theory has been recently applied to MAC layer

The rest of the paper is organized as follows. $lepresents design, particularly in extending the DCF mechanism [19]-
related research, and Sdtl. describes the network model.[21]. We for the first time demonstrate its application in
Sec. IV presents the SRCTP online routing algorithm for th&/MNs routing.
two-state link model, then Se¥. extends to the multi-rate link
model. SectiorVl shows the simulation results, and Section
VII concludes the paper. In this section, we first describe the network and transmis-
sion model, and then present a simple example that motivates
our study.

Wireless transmissions are susceptible to spatial interfe o
ence, and routing in multi-hop wireless networks faces si§: Wireless Mesh Network and Transmission Model
nificant challenges even with relatively small network size A WMN can be modeled as a directed grapi{V, E),
Recent studies exist in modeling WMN routing as a mathetereV is the set of mesh routers aifdlis the set of possible
matical programming problem [12]-[14]. Classic sub-geadi wireless links. A unicast route is from a sourecg € V' to a
search methods and convex duality theory are then appl@estinationn, € V, connected through multiple relay routers.
[13]. Dynamic links have also been considered, and LyapunovA wireless link(n;,n;) is generally unreliable due to noise
stability theory is used to solve the problem [14]. Thesend interference, and is associated with a failure prothabil
solutions require knowledge of the global network topology,, ., for not able to start a transmission at a given time
and the traffic matrix. Our model instead targets distridutgoint. We first start from awo-statemodel: at any specific
node operations, and focuses on the intrinsic uncertaifty tone, each link is eithefailed with zero transmission rate, or
the wireless links. Rather than collecting the traffic main  working with full transmission rater,,, ,, (with probability
advance, we integrate realtime channel probing and historig,, ,, = 1 — pn,.n,)-
statistical information to achieve delay-minimized rogj In this binary link model, when a node; has a packet
with online next-hop selection. for a neighborn;, it needs to probe the link. Such a probe

This work also differs form on-demand routing protocolsan be conducted through a number of technigaes, using
such as DSR [3], DSDV [5], and AODV [4]. These protocolshe 802.11 RTS/CTS control messages [20], [22]. If the link
are designed mostly to cope with node movement and longemworking, a transmission can be initialized; otherwisede
time scale topology changes in wireless networks. Recadt stn; waits for time AT, which includes the time to wait for
ies have also been conducted on examining different routingighboring transmissions that cause interference anththe
metrics in WMNSs, including expected transmission count idom back-off time in the 802.11 MAC. This link transmission
ETX [6], expected transmission time as a function of logsrocess is illustrated in Fidl, wherer is the mean value of
and link bandwidth [15], and total medium access time [16]AT.
Given the stationary nature of mesh routers, these pratocol
are generally rendered to a semi-deterministic routingomal. @T

n

IIl. M ODEL AND MOTIVATION
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every packet transmission, so as to fully explore the pa@hnt , ; ‘
of multiple neighbors. This implicitly enables multi-pathyet i Prin;  Failed 7
departs from previous multi-path designs that rely on pre- Fig. 1. Link and transmission model.
calculation for dedicated secondary routes [7], [8].

EXOR [9] pioneered research of opportunistic routing (OR)
in wireless networks, and made a practical proposal of using _
a forwarding set to replace a single next-hop candidate. B(t) = (@B/r+pr)/a. @
Recently, OR combined with rate adaptation and multi-ratehere B is the packet size.

The expected delay from; to n; can be derived as



This generic model is widely adopted in the literature dfanadian Traveler Problem (SRCTP) [18]. We show the
wireless networks, for capturing the fundamental uncetyai underlying connections between SRCTP and WMN routing,
of wireless transmissions. A number of routing protocolsaveidentify and overcome the difficulties in mapping the latter
designed using this model with diverse routing metrics[8]- to the former, and develop an online delay-optimal routing
Unfortunately, they are in generdeterministicin the sense protocol under link uncertainty.
that these routing algorithms strike to discover and mairda A. The Canadian Traveler Problem

static route between periodical route updates. We next ise aThe canadian Traveler Problem (CTP), first introduced by
example tq illustrate that this approach does not fully esepl Papadimitriou and Yannakakis in 1989, is an online opti-
the potentials of WMNs. mization problem with incomplete information [1]. Conside
a traveler in Canada who wants to drive from Vancouver to
_ _ Toronto in winter. The traveler has a map with road diretion
Fig. 2 depicts four nodes, 11, n2, na, connected by four gng distances. However, given the severe weather conslition
wireless links, with failure probabilities labelled. some roads may be blocked by snowfalls, and such blockage
- would only be revealed when the traveler reaches an adjacent
05 0.2 city. The problem is to devise a travel strategy with minimum
) . expected travel time.
O Devising a strategy that grantees a constant competitiice ra
05 05 for CTP is PSPACE-Complete [18]. Approximate solutions
: have been applied in fields such as transportation, planning
robot navigation [23]. With wireless link failures, natliya
the WMN routing problem also resembles CTP. However,
we do have extra information on link statistics,g, fail-
ure probabilities, which are not available in original CTP.
A CTP variant with link blockage probabilities, Stochastic
Recoverable-CTP (SRCTP), was examined in [18]. Interest-
ingly, the extra information can indeed lead to an optimal
polynomial-time solution: at each node, the next hop silact
can be based on a priority list of the neighbors; the list is
05x1+05«1  08+1+02+1 ., calculated with a shortest-path-like algorithm, and thet fir

B. A Motivating Example for Stochastic Routing

Ns

n2

Fig. 2. An example WMN session froms to n g, with link failure probability
beside each link.

For a routing request from souroe, to destinationng,
traditional routing algorithms will choose; as the relay,
because on average linki,ng) is better than(na, ng).
AssumeB/r = 1 andT = 1, we use Eq. ) to calculate
the expected delay from; to n, of the two possible routes:

Ng — N1 — Ng :

0.5 0.8 non-blocked neighbor from the list will be chosen.
Ne — Mg — Ny :O'5 *14+05+1  05+1+05+1 4 Our study of stochastic WMN routing is motivated by
0.5 0.5 SRCTP, which admits an optimal online strategy for minimiz-

) » o ~ ing expected traveling time. Nonetheless, the mapping from

Therefore the choice of traditional deterministic routingyN routing to SRCTP remains non-trivial. Neither CTP
seems rational. Unfortunately, this lower delay of 3.25 i§. SRCTP considers the cost to discover non-blocked roads,
actually far from the optimal, at 2.83. We will give rigorousyhich plays an important role in our design. We next address

derivation of the optimal delay later in Sectibh. For now, an ;g challenge through a judicious probing strategy.
intuitive explanation is that, although on average betbant

(n2,ng), link (n1,nq) remains unreliable and fails for 20%B. SRCTP-based Routing

of the time. If we stick to this link, we will suffer from such  Our online SRCTP-based routing protocol relies on a simple

failures from time to time, even the other lirfks, n4)) may local operation, as illustrated in Fi@ Here, noden; has

be working in the mean time. k neighbor nodes{n},...,n¥}, among whichh neighbors
This observation motivates our design of stochastic onlirge chosen as aandidate setfor the next hop. Different

routing algorithms under link uncertainty. We suggest #@th from conventional routing protocols, we do not fix a neighbor

node dynamically determines its next hop through onlink liras next hop based on average or historical measures, but

status probes; only when all the available links are failéltl wdynamically select one through a probing process.

the node have to back off. Different than traditional multi- Specifically,n; will first probe link (n;,n}), and will use

path routing, there is no pre-computed next-hop neighbtbrat link if it works. If it fails, the next neighbor linkn;, n?)

set. Different than opportunistic routing, a calculatecktnewill be probed, and so forth until a link works or all the

hop selection is performedefore not after, the real packet candidates have been probed. In the latterwill back off

transmission. for a random time with mean value. This back off time

should be comparable to a packet transmission time to avoid

collision. In this case, it also mitigates the dependendynif
While the stochastic routing approach appears promisirfgilures. Note that although a broadcast probe alternasive

there are a number of challenges in realizing it for WMNgossible, it requires both a distributed response cootidima

In this section, we first introduce the Stochastic Recoveratland modifications to the existing 802.11 protocol, and is

IV. STOCHASTICROUTING WITH LINK UNCERTAINTY



therefore undesirable. After the back off,raund finishes For h neighbors inC,,,, let

andn; restarts another round of probing, and continues until A A
finding a working link to transmit the data. Po=1]ri an=>_ Piagl (5)
j=1 j=1
P o According to the probing process, the expected delay from
T n; to ng can be calculated as
En(t(ni,na)) = (an + Par) /(1 = Pr) (6)
Pni,n] Theorem 1:The trend (increasing or decreasing) of
En(t(ni,nq)) to h solely depends on the sign 6f:
N
Prinl on = (1= Pp)lps1 — (an +7) (7)
Proof: See AppendiA for detalils. |

Fig. 3. Round robin probing of next hop candidates. If 05, < 0, the expected delay can be reduced by adding the

The delay performance of our protocol closely depends + 1)-th neighbor into the candidate s&t,. If &, > 0, there
on the probing order of the neighbors. Like in convention@ no benefit of doing so.
routing protocols, each _nod%- keeps a list _of t_he expected Lemma 1:For Vi, if By, (nsna) > Ey(ni,na), then
delay E(t(n;,nq)) from itself to each destinations,, and Wi > B, Ensa(ni,ng) > E (;. na)
such a list is exchanged between neighbors. Then, for nods ™ Vs A1\, Tid] = BhAT Td )

i i . . Proof: Since E;/,;(ni,nq) = E, (n;,ng), we have
n;, the expected delay of using a particular neighbor mcludgs > 0 according to 'Itheorerm
the link probing cost, the transmission time using this limkd " _7 ng . ' . .
... Since the neighbor links are sorted in ascending orddr of

the expected delay from the next hop node to the dest|nat|on.E @), we havel S It follows that s >0
For example, assume 802.11 RTS/CTS handshaking is used”é)r 9. ©) W42 7 hi 1 W+l Z

channel probing. If the size of channel probing packetsnduri Eruie Appendd®). According to Theorent, the Iemma.ls

handshaking i$, and the total inter-frame space included is For the optimal size of candidate set, we try to find the

Trrs, then the cost for a channel probe can be calculated g?riallesth/ (denoted ash®) that satisfiesEp- +1(ns,na) >

Tprobe(ni,ng) =2b/r, i+ Tirs (2) En«(n;,naq). If such h* exists, it will be set to the optimal
v size of the candidate set. If there does not exist stigh.e.,
The expected delay for a working link can then be form@k(nivnd) < BEx_1(ns,nq), the candidate set will include all
lated as the k neighbors.
A _ _ Lemmal also confirms the rationality of the aforementioned
I; = Tprobe(ni,ni) + B/r,, s + E(t(nj,na))  (3) neighbor probing order. From the proof, we can see tHat
can simply be calculated through checking the sigrjoin
(7). We add more neighbor nodes infg,, until §;, > 0
= k. Altogether, we have the following theorem.

The smaller! is, the shorter delay can be expected. T
neighbors should therefore be sorted in ascending orderocﬁh

their I values.
Theorem 2:SRCTP routing algorithm minimizes the ex-

C. Size of Candidate Set pected delivering delay under the two-state link model.

The size of the candidate sétalso plays an important .T.he rest of the proof to the.theorem, besides Lemma_l, is
role in delay minimization. Intuitively, increasin offers a similar to that of the stochastic Recoverable-CTP algorijth

better chance of finding a working link: yet it increases th@nd is omitted here due to space limitation.
probing cost, and a neighbor link with very highvalue, even V. STOCHASTIC DELAY OPTIMIZATION WITH
if working, would be of less interest for packet delivery. In MULTI-VALUE LINK CAPACITIES

that case, it is better to start another round of probing, and
hopefully find a ‘better’ working neighbor.

To derive the optimah, we insert adjacent links into the
candidate set one-by-one, in ascending order of thealues.
After each insertion, we update the expected delay,tasing
the temporary candidate set. The insertion continues tiil
expected delay increases. L&f, be the candidate set so far.
Similar to Eq. (), we can obtain the expected delaylas

In real-world scenarios, depending on the status of the
physical medium, the level of noise and interference, a$ wel
as the modulation scheme chosen, a link may operate at
a number of different transmission rates between zero and
the full capacity. For example, an 802.11b link can operate
at 1Mbps, 2Mbps, 5.5Mbps or 11Mbps. Stochastic delay
optimization becomes more complex in the multi-value link
capacity model. In particular, the SRCTP algorithm can mot b
Ei(t(ni,nq)) = (nh +p17) /a1 (4) easily extended, since it has no mechanism of comparatively
evaluating the option of transmitting through a favoralim |
'Since here we focus only on node, we useq; to represeny, ; and at an intermediate capacity. We introduce techniques from
pi to represenp, . ; for ease of exposition. ' stopping theory [11], and combine them with online neighbor



selection from SeclV, for computing new routing strategies An optimal stopping rule exists if the sequence above satisf
that target optimal expected routing delay with the presenthe following two conditions ( [11] Ch3):
of dynamic multi-rate links.

Al. E{i%fYn} > —00

A. The Multi-rate Link Model and Optimal Stopping A2, liminf Y, > Y., almost surely

Assume each link inG(V, E) has a set of discrete, lim- R
ited available transmission ratd i = ={ro,r1,...,rm; }» It is easy to verify thalY,,(h) defined in (1) satisfies both
whererqg = 0 andr,, < 741, VO < k< mj, i.e, R, i Al and A2 (see AppendixC). The existence of an optimal

is sorted in ascending order. Realtime link rate is a rand(ﬁfﬂpplng rule is consequently guaranteed. The rule is baised
Var|ab|ean i The probability mass function @& _ ; is a computed threshold valué*(h), and states that we should

v v stop at theNV*(h)-th round where the expected delay is below

Jr(rk;) = Pr(R = ry,) = py;, 1<kj<m; (8) V*(h), that is
N*(h) =min{n > 1:X(h) < V*(h)} (12)
A new challenge in the multi-rate link model is that at a
given time, favorable links may have an intermediate trans-Once the threshold valué* (k) is reached, it's time to stop
mission rate that is neither zero nor the full capacity,. probing and start transmission through link;-, with
It is non-trivial to determine which option eventually lead B .
to a better expected delay: (a) starting the transmission) no j* = argmin (W + E(t(n}, na))) (13)
- . - 1<i<h T
or (b) wait and probe more neighbors, and probably wait till
the next round. Techniques in stopping theory are design&dererj(N*(h)) is the real-time available transmission rate
for decision making with uncertain future, and are natyralfrom n; to n at the N*(h)-th round.
suited for our delay optimization problem here. We nextflyie  We are now ready to desighe ST routing algorithmthe
introduce related concepts from stopping theory and desigrtochastic routing algorithm for multi-rate links basedtha
thresh-hold value based routing solution. optimal stopping rule.
In stopping theory, atopping rule problems defined by

two objects: (i) a sequence of random variahlgs ..., X,, B. The ST Routing Algorithm
with known joint distribution, and (ii) a sequence of real-

valued reward functiongo, y1(z1), y2(x1,22),.... A player process, a Markov stopping problem whose best strategy is

can make as many o_bservauo‘?éﬁ T1s - ’X.’“ vy as she described in the optimal stopping rule ih2j. To support such
wishes before stopping at rourid and receives the known . .

) i ecision making, we need to calculate two key parameters.
reward yi(x1,...,x;). The goal is to optimize the expecte

reward E{ys}. ne is the optimal threshold*(h), for stopping probing and

starting transmission. The other is the optimal candidate s
In a more specific version, thilarkov stopping problem C* with size h*. Below we describe how*(h), the delay
the rewardy; depends only on the latest observatiop, table, andC* can be computed.

andX, X, ... follow independent identical distributions. The
problem of optimally stopping probing and starting transmi Computing V*(h)

sion in WMN routing can be modeled as a Markov stoppingY Markov stopping theory, the optimal threshold valde(h)
problem as follows. can be found through solving the following equation:

Our ST routing algorithm relies on the local routing deaisio

We define the observation as the expected minimum delay V*(h) = Emin{X(h), V*(h)} + T (14)
after each round of channel probing. Assureneighbors
are selected into the candidate gt{. Then such minimal  From the multi-rate link model ing) and the definition of
expected delayX(h), can be computed as X(h) in (9), we know X(h) is a discrete random variable.

Consequently}/*(h) must take a value from the domain of
N

X(h) 2 Thrope(h) + 1I<n'i2h(R . (t(n{, ) (9) X(h): Sgn = {z1,.. .,xw(h)}, which is §_qrted in afcending
SIShR, order and has corresponding probabiliti€g;, . . ., Du (k) }»
. ) with Z pu = 1. Letz,, be the value taken by *(h), with
in which somel < u < w(h). Equat|on 14) can then be translated into
w(h)
probe Z Tprobe g, T z (10) Ly = Z xzpz + Z ,:CupZ + 7 (15)
Next, we can construct the reward sequeiGgh) based Wwhich can be further manipulated into
on the stochastic routing decision process as u—1
A d (wu—mi)pi=7 (16)

Yn(h) = X(h) + (n - 1)T (11) i=1



In practice, the following equation can be used to compute

a value forz,,: I; = Tprobe(ni, nl) + B + E(t(n?,n4)) (23)
w—1 ij
Tu = maz{Ty| 2; (@0 —@i)pi < T} A7) The algorithm of computing the candidate gt is then

shown in Algorithm1.
Knowing the probability mass functions of the links,

according to the definition oX(h), we can calculate elementsAlgorithm 1 Computing Candidate Set,,

in Sy, as Require: n;,ng, .
B i N, :A{nzl, - ,n¥}, # neighbor node set sorted by
kj = Tprove(h) + P E(t(ni,n4)),1 <k <m; (18) I={l,..., I}, # sorted in ascending order
J

E(t(ngvnd))a 1 g .] g k,
There are at mosE?:1 m; + 1 possible values, includ- 1: C,, < {nl}, h<=1
ing one for the case where all links fail. So, w(h) =  2: Calculatel}, (k) by (10), V*(h) by (14), Ep(t(n4, na))
>, m;+1. And {k, j} means thé:-th available rate to the by (22)
j-th neighbor, which corresponds to one unique index betweed N,,, < N, /{n;}
1 andw(h). Next, p, can be calculated as follows, assuming4: while A, # @ do
x, is obtained at link(n;, n;;,) at the rate ofr, ;: 5 Neurr <= NULL

6:  Emin < Ep(t(ni,na))
h o 7. for eachn] in A, do
po=pe, I 22w (19 & if Tyrope(h) + I; > V*(h) then
J=1:37 0 k=ko.; 9: N, <= Ny, /{nl} # reject ‘bad’ neighbor
in which k, ; corresponding to the index of,, ; with its z;, ; 10 else , _ _
value calculated by1®) satisfiesry j > z,. 11 Cn;, <= Cn, U{n]} # temporary insertion t@,,
Now we can finally solve the optimdl*(h) asz, from 12 CalculateEy, 11 (t(ni, n4)) by (22)
(16). Then, the optimal stopping rule in2) defines the routing 13: if Eny1(t(ni,na)) < Emi then
decision process. Channel probing will proceed to the nekt#: Newrr < M
round if ,, > V*(h), till we get the firstzy- < V*(h). 15: Emin < Eng1(t(ni; na))
Building the Delay Tables i? gndi c /{nj}
The probability ofX(h) < V*(h) can be calculated as ' i il L
18: end if
A e N 19:  end for
¢ =Pr(X(h) <V (h) = Z;pz 0 26 if ngwrr == NULL then
h 21: break
And the expected, value in the precondition oX(h) < 2.  end if
V*(h) can be calculated as 23 Cp, < Co, U{ncurr}
. 1 u . 24: an ~ Nni/{ncurr}
BXWIX(E) < V() = 2> wip: (21) 25 heh+1
i=1

26:  Ep(t(ni,nq)) < Enin
UpdateT,,ope(h) and V*(h)

. A . . 27:
Let p = 1 — ¢, we can compute the optimal expected dela¥8: end while

from n; to ny for the delay table, required for computing
V*(h), as following:

Algorithm 1 expandsC,,, by one neighbor at a time. A
En(t(ni,ng)) = (¢EX(h)|X(h) < V*(h))+p7)/q (22) neighbor is included only if its presence leads to lower
expected delayi,e., Tyrope(h) + fj < V*(h). The complexity

Computing C,, of Algorithm 1 is O(k?). In comparison, a naive algorithm
We next describe how to compute the optirhand candidate that examines all possible combinations of neighbors has a
setC,,. Intuitively, increasingh incurs extra channel probingcomplexity ofO(ij:1 C(k,u)) = O(2F — 1) = O(2%).
cost, which will increaseX(h) and therefore caus&™* and With optimal »* and C;; , using the optimal stopping rule
En(t(n;,ngq)) to increase. However, if the minimal expectedv*(h*) in (12), we can guarantee the optimal expected delay
delayz,,,, ny1 through then; ;1 neighbor is smaller than from n; to ng, i.e., the ST routing decision is optimal.

V*(h), it is still possible to havé’*(h + 1) < V*(h), so as

Ens1(t(ni,na)) < En(t(ng, na)). C. Connection between the SRCTP and ST Algorithms
Inspired by such an intuition, we comput@andC,,, through We now take a retrospect at the SRCTP and ST algorithms
the following. First, assume; hask neighbors{n},...,n¥}, presented for the two-state and multi-state link models re-

computer for each < j < k: spectively, and show an interesting connection betweem:the



although the two algorithms have been designed from dif- 10 ‘ ‘ ‘ ‘
ferent perspectives and using different techniques, S€edd - Deterministic routing
degrades into SRCTP when applied to WMNs with two-state 8 x  SRCTP routing
links only. This is in line with the respective optimality of
the two algorithms, and will be further confirmed through
simulation studies in Sed&/I.

With binary links (zero or full capacity), if we omit the
link probing costT,,q.(h) defined in 0), the order in
Syz.n IS exactly the same as the order of neighbor links in
SRCTP, which usesg] as the sorting criteria. Furthermore, the
equation for computing, in (19) degenerates intg,P,_1, ob——. : : ‘
in which P, is defined in §). The optimal threshold equation 0 10 20 30 40 50
given in (14), extended to X5 under discrete probability Packet sequence
distribution, is exactly the equatiofy, = 0 defined in ). Fig. 4. End-to-end delay in grid network, SRCYB. deterministic routing.
Next, 6, = 0 is the optimal boundary fo (t(n;,na4)),

Delivering delay (ms)

......

which takes the same role as the optimal equatibf) (n - 10 Det — . ‘ .
the ST routing algorithm. In conclusion, the SRCTP and the & 8 Sggrrglms It(': routing
ST algorithms unify under the two-state link model, achigyvi a routing
the same optimal end-to-end routing delay. 3 6
[o))
£
VI. PERFORMANCEEVALUATION § 4
We now present simulation studies of the proposed SRCTP §
and ST routing algorithms, and compare them to wireless 2 2
routing algorithms with fixed neighbor selection. We have 3
. oy .- . . . 0 " " " s
|mpl_ement.ed SRCT_P, ST, gnd trad|t|olnal semi determmlstl 0 10 20 30 20 50
routing using a dedicated simulator written in C++, with- Packet

2 generated traffic trace and network topologies. We use thg 5 Sorted delavs in arid network SRCTE. determinist i
dei9011 mr library [24], [25] that accompanies thas-2 9. >, woried delays in grid network, - deterministic routing.
allinone package for producing multi-rate MAC-layer links
based on SNR rate adaption. A revised versiorde®011
mr is utilized for simulating two-state links by depressin
transmission rates that are lower than maximue, 11Mbps
for 802.11b and 54Mbps for 802.11g.

'The greedy nature of deterministic routing ignores possibl
failures of the most promising link that can happen at rewdti
$RCTP instead performs online optimization and makes more
judicious routing decisions among a larger set of candidate

neighbors. Second, packet delays using SRCTP is much

Wnﬁ (tevaIL:atg SR_?JP f.antd .STa50n5 bOt.z grlctiwanl? ri?]domore stable than those using deterministic routing. Algiou
OpOIOgIES. € Trst 1s a@xo gnd network With i giiqual links may have drastically different capacitiat

neighbor distance of 100m, same as in previous studies [Zg, erent times, SRCTP can avoid ‘bad’ links at realtime and

Transmission power is adjusted so that node transmlssr% overall delay along the entire path is relatively stabie

range is close to 150m. The SNR rate adaptor is used a;?r ctice, that will in turn translate into better in-oderchet

no explicit transmission range setting is required. deam arrivals at the receiver side and higher TCP throughput.
topologys, we used th8etdest tool from thens-2 allinone

package. We deploy00 nodes in al200m x 1200m area [27]. Random Network Topology

We compare SRCTP and ST with traditional routing suchig. 6 depicts the sorted packet delivering delays in the
as ETX [6], DSR [3] and AODV [4]. For the latter, we selecfandom network topology. Since the network is larger and
the first node in the candidate set built by our algorithmsl, athe topology less regular, the packet delays are less sftable
compare the performance against SRCTP and ST in termé)@lh SRCTP and deterministic routing. Nonetheless, SRCTP

end-to-end routing de|ay and packet de"very ratio. still demonstrates relatively better Stablllty, with a mt
delay of15 ms, smaller tha20+ ms of deterministic routing.

A. SRCTPvs. Semi-deterministic Routing: Delay Furthermore, as in the grid topology, SRCTP leads to smaller

Grid Network Topology end-to-end delay for most of the packets measured.

Fig. 4 shows end-to-end delay of SRCTP and of determin- ) L . .

istic routing, in the grid network topology, with 300 pac:ketB' SRCTPvs. Semi-deterministic Routing: Loss Ratio

routed from the bottom-left node to the top-right node. Only We conducted further simulations for measuring and com-
50 packets are shown, for figure clarity; the trend 800 paring the packet loss ratio. Each packet is attempted for a
packets is similar. Figh depicts the same delays in ascendinmaximum of 10 times for transmission at a given node, and
order. First, we observe that SRCTP outperforms detertiinisdropped after that. Figr depicts drop ratios of both SRCTP
routing in most except a few cases, by providing lower delayand deterministic routing. Unicast sessions, each cantain
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Fig. 6. Sorted packet delays in the random topology. Fig. 9. Packet drop ratios in the random topology,\S@leterministic routing.
80 ‘ ‘
Deterministic routing deterministic routing by providing lower average packdays
*__SRCTP routing and higher delay stability. Again, this can be contributethie
S €0 dynamic neighbor selection in ST routing.
;5 Fig. 9. depicts the packet drop ratio comparison, with 50
g 40 unicast sessions established. ST suffers much lower dtigg ra
£ than deterministic routing does. The figure suggests thekgta
20 drops happen rather randomly. In most cases, ST routing can
avoid temporary link failures and result in near-zero drop
0 N VNNV ratios. However, there do exist a few cases when prolonged
0 5 égurce noﬁi 20 25 ‘bad’ conditions happen across the entire candidate setirlg
to eventual packet drops. The frequency of such event is much
Fig. 7. Packet drop ratios in the grid network. lower than a single link failure though, which is sufficient t
25 : : cause a packet drop in semi-deterministic routing.
g Deterministic routing
= —— ST routing .
= 20 D. SRCTPvs. ST: Two-State Link Model
©
= Fig. 10 depicts the comparison between SRCTP and ST,
5 151 with two-state wireless links, in a randomly generated oekw
E topology. Simulations are conducted both with and without
E 107 M considering link probing cost. Without link probing cost,
5 e SRCTP and ST lead to rather close delays, confirming our
v g ‘ ‘ ‘ ‘ discussions on unified optimality in SectiarC. With link
0 10 20 30 40 50

Fig. 8. Sorted delays in the random topology. &I deterministic routing.

Packet

probing cost, ST performs slightly worse than SRCTP. One
factor that contributes to this difference is that the STaglsv
probes all adjacent links in the candidate set, and the rout-
ing table establishment algorithm also takes this effettt in

300 paCketS, are initialed from all other 24 nodes to thﬁ)nsideration for Computing Opt|ma| routing_

destination. Here the advantage of SRCTP is rather evident.
A well-designed deterministic routing algorithm, such &8RD

or AODV, would re-establish a new route upon a link failure,
and the loss rate in practice will hence be more moderate than
observed here. Nonetheless, we believe that SRCTP should
still be superior since making online routing decisionshat t
link level is more flexible and effective than constantly re-
computing the entire routing path.

C. STvs. Semi-deterministic Routing

Fig. 8 shows the simulation results of ST routing algorithm
compared with deterministic routing, with multi-rate wess
links, in the random network topology. We can observe that
end-to-end packet delays show higher stability than in the
previous two-state case. Overall, the ST algorithm outpers

8 ‘ : ‘
@ O  SRCTP without probe cost
ET ST without probe cost 1
el - SRCTP with probe cost
2 x ST with probe cost
g St X><><>.<>.<>.<>-<.“Q a
é) 4 ><><><><><><><><>.<>.<>.<>-<>-<>-<X>'<‘ ’ O]
3 OO0 e i

3r XXX MDCOD i
o XXy oot ®
8 >.<XX- .
S 2 WWM 1
n

1 . . . .

0 10 20 30 40 50
Packet
Fig. 10. Sorted packet delays, random topology, SRQIFST.



VII. CONCLUSIONS [17]

Wireless links are inherently stochastic and uncertain in
that their quality and effective transmission rates aretiel,
varying at both long and short time scales. This work propose
to optimize end-to-end packet routing delay with explidghe
sideration of such uncertainty in link qualities. We depeaorin
the prefixed deterministic route selection, and apply @jlin
stochastic route optimization instead. We model minimuf0]
delay routing as a stochastic optimization problem, andvdra
inspiration from the classic Canadian Traveler Problem g8
well as from the Optimal Stopping Problem, to design routing
solutions for two-state links and multi-rate links, resjpesy. 22]
Analysis and simulation results both show that the two solu-
tions naturally unify in the two-state link model. Simutati
results further demonstrate considerable improvement ol
traditionally deterministic packet routing, in both eradend
delay and packet delivery ratio, suggesting that the neimenl [24]
routing philosophy is indeed better suited for the nature of
WMNSs. [25]

[19]
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HenceA2 is also true.

Enii(t(ni,ng)) _ angi+ Poar  1-Py
Eh(t(ni, nd)) 1— Py ap + Pyt
_ant Prngniy + Popniam 11— Py
1— Pri ap + Prr
_ o+ Pt 4 Pogni ity — Prgnpa™ 1 — Pagy — Pagnga
1— Py ap + Pt
Prani1

(1= Pu)Ipy1 — (an + 7))

(1 + Ph+1)(o<h + P;ﬂ') 0

B. Complementary Proof of Lemnia:
Ope1 = (1 = Ppey1)peq2 — (Qpey1 +7)

( _Ph*+1)Ih*+2_(ah* +Ph*Qh*+IIh*+1 +T)
(1= Phog1)(Ins42 = Ine41) (On= = 0)
0

Un<t2 = Ip-41)
O
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R. L. Cruz and A. V. Santhanam, “Optimal routing, linkheduling C. Proof ofY,, satisfy A1 and A2 :

Y. (h) in (11) is always greater thaf, therefore Al is
L. Chen, S. H. Low, M. Chiang, and J. C. Doyle, “Crossdagongestion Satisfied.

Further, since from11) we knowY,, (%) is monotonically
increasing as: increase, so

liminf Y, (h) = lim (inf Y,,(h))

n—oo mzn

lim Y, (h)

= Yo (h) almost surely (24)
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