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Abstract— In the context of IEEE 802.11b network testbeds, approach is letting peers exchange broadcast beaconslipatip
we examine the differences between unicast and broadcashk and the measured quality of broadcast acts as the basiskof lin

properties, and we show the inherent difficulties in precisly  astimation [13], [14], [15], [33], [35]. Nonetheless, beaebased
estimating unicast link properties via those of broadcast kacons link estimation is inherently inaccurate in estimating aasit
even if we make the length and transmission rate of beacons be . .

properties as we explain below.

the same as those of data packets. To circumvent the difficuidts
in link estimation, we propose to estimate unicast link prorties Link quality for broadcast beacons differs significantlprfr
directly via data traffic itself without using periodic beacons. that for unicast data, because broadcast beacons and tutiétas
To this end, we design a data-driven routing protocolLearn  differ in packet size, transmission rate, and coordinati@thod
on the Fly (LOF). LOF chooses routes based on ETX/ETT-type 4t the media-access-control (MAC) layer [12], [31]. Theref we

metrics, but the metrics are estimated via MAC feedback for . . - .
unicast data transmission instead of broadcast beacons. log have to estimate unicast link quality based on that of brastic

a realistic sensor network traffic trace and an 802.11b tested It IS, however, difficult to precisely estimate unicast ligkality
of ~195 Stargates, we experimentally compare the performance Via that of broadcast, because temporal correlations df lin
of LOF with that of beacon-based protocols, represented byhte quality assume complex patterns [34] and are hard to model.
geography-unaware ETX and the geography-based PRD. We find As a result, existing routing protocols do not consider terap
fahnat:ahgel:s ;endeﬂgisef?ir::?;oc';%‘; g"g%té?tﬁgcé gys ? ;Céoirmg‘;ogé link properties in beacon-based estimation [13], [35]. Stibe
network throughput by a factor up to 7.78, which der’nonstratethe link quality estimated u_smg periodic b_eacon exchar?ge rr[z:ty n
accurately apply for unicast data, which can negativelyaotp

feasibility and the potential benefits of data-driven link estimation .
and routing. the performance of routing protocols.

Even if we could precisely estimate unicast link quality dzhs
on that of broadcast, beacon-based link estimation mayefiect
in-situ network condition either. For instance, a typigapkcation
of wireless sensor networks is to monitor an environmentitbe
an agricultural field or a classified area) for events of ggéto
|. INTRODUCTION the users. Usually, the events are rare. Yet when an eveatsycc

Wireless sensor networks are envisioned to be of large ,scdidarge burst of data packets is often generated that neelois to
comprising thousands to millions of nodes. To guarantektima  fouted reliably and in real-time to a base station [37]. Iis th
and reliable end-to-end packet delivery in such networkeyt CONtext, even if there were no discrepancy between the lactua
usually require a high-bandwidth network backbone to psscea”d the estimated link quality using periodic beacon exghan
and relay data generated by the low-end sensor nodes suchihsestimates still tend to reflect link quality in the absgmather
motes [3]. This architecture has been demonstrated in theose than in the presence, of bursty data traffic. This is becatisgtly,
network field experiment ExScal [6], where 203 Stargates afBk quality changes significantly when traffic pattern ches (as
985 XSM motes were deployed in an area of 1260 meters by 28§ Will show in Section 11-B.2); Secondly, link quality estation
meters. Each Stargate is equipped with a 802.11b radio, tend akes time to converge, yet different bursts of data trafiecveell
203 Stargates form the backbone network of ExScal to supp8@Parated in time, and each burst lasts only for a shortgerio
reliable and real-time communication among the motes fgeta  Beacon-based link estimation is not only limited in reflegti
detection, classification, and tracking. Similar 802.14euhsensor the actual network condition, it is also inefficient in enetgage.
networks (or network backbones) have also been explorether o In existing routing protocols that use link quality estifat
projects such as MASE [1] and CodeBlue [2]. In this paper, weeacons are exchanged periodically. Therefore, energyrs c
study how to perform routing in such 802.11 based wirelessare sumed unnecessarily for the periodic beaconing when treere i
network backbones. no data traffic. This is especially true if the events of iestrare

As the quality of wireless links, for instance, packet defiv infrequent enough that there is no data traffic in the netwookst
rate, varies both temporally and spatially in a complex neannof the time [37].

[7], [27], [39], estimating link quality is an important asgt To deal with the shortcomings of beacon-based link quality
of routing in wireless networks. To this end, a commonly usegstimation and to avoid unnecessary beaconing, new mehani

for link estimation and routing are desired.
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(if even possible) to precisely estimate unicast link dyalising A. Experiment design

broadcast beacons even if we make the length and transmissioye set up two 802.11b network testbeds as follows.
rate of beacons be the same as those of data packets. Tosad%%? door testbed. In an open field (see Figure 1), we de-
the drawbacks of beacon-based estimation, we proposeirtuagst : ’

link properties via MAC feedback for unicast data transiniss ploy 29 Stargates in a stralght_ line, with a 45-meter separa-
themselves. To this end, we define data-driven routing maatri“on between any two consecutive Stargates. The Stargafes r
’ ' Linux with kernel 2.4.19. Each Stargate is equipped with a

that, using MAC latency for data transmissions, are simitar .
ETX/ETT but are estimated via unicast MAC feedback instead f;vrlé: i‘;‘;}HZ 88§élilb hglr:eg;g\?:
of brogdcast beacons. . . o . collinear omnidirectional antenna,
To implement data-driven link estimation and routing, we which is raised 1.5 meters
modify the Linux kernel and the WLAN drivehostap [5] to above the ground. To control
exfiltrate the MAC latency for each packet transmission,clvhis the maximum communication
not available in existing systems. The exfiltration of MAGelecy range, the transmission power
is relliable in tr;]e senlsekthatli(tdeals(;/vith the loss of MACt&mllk level ,of each Stargate is set as
at places such asetlink sockets and IP transmission control. - .
Building upon the capability of reliably fetching MAC lateyy ~ Figure 1. Outdoor testbed 25£UE11;325?;2§12£? v]\c/:rr é%vzellllsb
for each packet transmission, we design a routing protbeatn ,..cjasg cards, and its range is 127, 126, ..., 0, 255, 25'4’ B

on the Fly (LOF) where ETX/ETT-type metrics are estimated 5q 18 with 127 being the lowest and 128 being the highest.
without using periodic beacons. In LOF, control packetsuesed

only rarely, for instance, during node boot-up. Upon baptip, a

Sensornet testbed Kansei. In an open warehouse with flat

node initializes its routing engine by taking a few (e.g.séinples aluminum W"’_‘”S (see Figur_e 2(_a)), we deploy 195 Stargate§ n
on the MAC latency to each of its neighbors; then the no 15 x 13 gnd (as shown in Figure 2(b)) where the separation

adapts its routing decision solely based on the MAC feedlf@arck etween neighboring grid points is 0.91 meter (i.e., 3 feBle
data transmission, without using any control packet. Td déth
temporal variations in link quality and possible imperfestin
initializing its routing engine, the node probabilistigaéxplores
alternative neighbors at controlled frequencies.

Using an event traffic trace from the field sensor network of
ExScal [6], we experimentally evaluate the design and thfope - =
mance of LOF in a testbed 6£195 Stargates [3] with 802.11b (a) Kansei (b) grid topology
radios. We also compare the performance of LOF with that of
beacon-based protocols, represented by the geograpmatea
ETX [13], [35] and the geography-based PRD [33]. We find
out that LOF reduces end-to-end MAC latency, reduces enerdgployment is a part of the sensornet testbed Kansei [8]. For
consumption in packet delivery, and improves route stgbiie- convenience, we number the rows of the grid as 0 - 12 from
sides bursty event traffic, we evaluate LOF in the case obgiri the bottom up, and the columns as O - 14 from the left to the
traffic, and we find that LOF outperforms existing protocolghat right. Each Stargate is equipped with the same SMC wireless
case too. We also find that LOF significantly improves networkard as in the outdoor testbed. To create realistic mulfti-ho
throughput. The results corroborate the necessity, theibitity, ~Wwireless networks similar to the outdoor testbed, eachgater
and the benefits of data-driven link estimation and routing.  is equipped a 2.2dBi rubber duck omnidirectional antenna an
a 20dB attenuator. We raise the Stargates 1.01 meters above
the ground by putting them on wood racks. The transmission

| he feasibility of data-dri . Followi power level of each Stargate is set as 60, to simulate thedew-
analyze t % eazl ility of data- “f\/le;r_‘r)r((?gf;_rjrg ollowittgat, We o 4iym density multi-hop networks where a node can reliably
present a data-driven version o -type routing fostr .o cicate with around 15 neighbors.

in Section 1ll, and we design the protocol LOF in Section V. The Stargates in the indoor testbed are equipped with wall-

We experimentally evaluate LOF in Section V, and we discui)%wer and outband Ethernet connections, which facilitatey4

tShe :_elat\e/clil work in Section VI. We make concluding remarks Guration complex experiments at low cost. We use the indoor
ection VI testbed for most of the experiments in this paper; we useuhe o

door testbed mainly for justifying the generality of the pbmena
observed in the indoor testbed.

Experiments. In the outdoor testbedthe Stargate at one end acts
In this section, we first experimentally study the impact ddis the sender, and the other Stargates act as receivers. iBé/e
packet type, packet length, and interference on link ptagser constraints of time and experiment control, we leave corple
Then we discuss the shortcomings of beacon-based link gyopeexperiments to the indoor testbed and only perform relgtive
estimation and the concept of data-driven link estimationl a simple experiments in the outdoor testbed: the sender éredss
routing. 30,000 1200-byte broadcast packets, then it sends 30,000 12
byte unicast packets to each of the receivers.
Un this paper, the phrasdimk quality and link property are used inter- N the indoor testbedwe let the Stargate at column 0 of row
changeably. 6 be the sender, and the other Stargates in row 6 act as neceive

rows (0 - 12)
000000 OOOIOIOGIS

columns (0 - 14)

Figure 2. Sensornet testbed Kansei

Organization of the paper. In Section Il, we study the
shortcomings of beacon-based link quality estimation, wamed

Il. WHY DATA-DRIVEN LINK ESTIMATION AND ROUTING ?



To study the impact of interference, we consider the folimyvi phenomena.) For other 802.11b parameters, we use the tdefaul
scenarios (which are named according to the interference): configuration that comes with the system software. For int&ta

o Interferer-free there is no interfering transmission. Theunicast transmissions use RTS-CTS handshake, and eadsunic
sender first sends 30,000 broadcast packets each of 1pa@gket is retransmitted up to 7 times until success or failor
bytes, then it sends 30,000 1200-byte unicast packets tfe end.
each of the receivers, and lastly it broadcasts 30,000 89-by
packets. B. Experimental results

« Interferer-close one ‘“interfering” Stargate at column 0 of For each case, we measure various link properties, such as
row 5 keeps sending 1200-byte unicast packets to the Stpacket delivery rate and the run length of packets sucdgssfu
gate at column O of row 7, serving as the source of theceived without any loss in between, for each link defined by
interfering traffic. The sender first sends 30,000 1200-bytRe sender - receiver. Due to space limitation, however, afg o
broadcast packets, then it sends 30,000 1200-byte unicggisent the data on packet delivery rate here. The packeedel
packets to each of the receivers. rate is calculated once every 100 packets (we have alsolatdu

« Interferer-middle the Stargate at column 7 of row 5 keepsielivery rates in other granularities, such as once everp@@r
sending 1200-byte unicast packets to the Stargate at colum@oo packets, and similar phenomena were observed).
7 of row 7. The sender performs the same as in the case ofye first present the difference between broadcast and nicas
interferer-close. when there is no interference, then we present the impact of

o Interferer-far. the Stargate at column 14 of row 5 keepsnterference on network conditions as well as the diffeeenc
sending 1200-byte unicast packets to the Stargate at colug#wtween broadcast and unicast.
14 of row 7. The sender performs the same as in the casel) Interferer free: Figure 4 shows the scatter plot of the deliv-
of interferer-close.

« Interferer-exscal In generating the interfering traffic, every
Stargate runs the routing protocol LOF (as detailed in late 100 UL ]”

=
o
S

sections of this paper), and the Stargate at the upper-rig§ 80
corner keeps sending packets to the Stargate at the Ieg 60
bottom corner, according to an event traffic trace frorr% 20
the field sensor network of ExScal [6] . The traffic trace s

corresponds to the packets generated by a Stargate wh& *
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network. In the trace, 19 packets are generated, with the firs (a) broadcast (b) unicast

9 packets corresponding to the start of the event detection
and the last 10 packets corresponding to the end of the event

detection. Figure 3 shows, in sequence, the intervals legtwe
ery rates for broadcast and unicast packets at differetdrdies

Figure 4. Outdoor testbed

3500 in the outdoor testbed. From the figure, we observe the faligw
§3000 o Broadcast has longer communication range than unicast.
£ 2500 This is due to the fact that the transmission rate for brostdca
%2000 is lower, and that there is no RTS-CTS handshake for
g 1500 broadcast. (Note: the failure in RTS-CTS handshake also
5% causes a unicast to fail.)
g 502 Meerne ﬂmmﬂmﬂmﬂﬂ « For links where unicast has non-zero delivery rate, the mean
0 ® equence delivery rate of unicast is higher than that of broadcasts Th
Figure 3. The traffic trace of an ExScal event is due to the fact that each unicast packet is retransmitted

up to 7 times upon failure.
packets 1 and 2, 2 and 3, and so on. The sender perform¢ The variance in packet delivery rate is lower in unicast than
the same as in the case of interferer-close. that in broadcast. This is due to the fact that unicast packet
are retransmitted upon failure, and the fact that there IS-RT

In all of these experiments, except for the case of interfere ) .
CTS handshake for unicast. (Note: the success in RTS-CTS

exscal, the packet generation frequency, for both the seamtk O : - )
the interferer, is 1 packet every 20 milliseconds. In theecas nandshake implies higher probability of a successful wtica
of interferer-exscal, the sender still generates 1 packetye20 ~ due to temporal correlations in link properties [10].)
milliseconds, yet the interferer generates packets araptd the Similar results are observed in the indoor testbed, as showig-
event traffic trace from ExScal, with the inter-event-ruteimal  Ures 5(&) and 5(b). Nevertheless, there are exceptionstandes
being 10 seconds. (Note that the scenarios above are far fr3r@4 meters and 5.46 meters, where the delivery rate of sinica
being complete, but they do give us a sense of how differet@kes a wider range than that of broadcast. This is likely due
interfering patterns affect link properties.) to temporal changes in the environment. Comparing Figuas 5
In the experiments, broadcast packets are transmittedeat &nd 5(C), we see that packet length also has significant ingrec
basic rate of 1M bps, as specified by the 802.11b standard. N3 mean and variance of packet delivery rate.
focusing on the impact of packet rate in our study, we setastic Implication. From Figures 4 and 5, we see that packet delivery
transmission rate to a fixed value (e.g., 5.5M bps). (We havate differs significantly between broadcast and unicasd, the
tested different unicast transmission rates and obserwveitas difference varies with environment, hardware, and packedth.
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distance. Moreover, the difference changes significanily to
103.41%) as interference pattern changes.

Implication. For wireless sensor networks where data bursts
are well separated in time and possibly in space (e.g., iatypur
convergecast), the link properties experienced by peribdacons
may well differ from those experienced by data traffic. Mweg

the difference between broadcast and unicast changesesafeint

° ence pattern changes.

C. Data-driven routing

To ameliorate the differences between broadcast and unicas
link properties, researchers have proposed to make théhlemgl
transmission rate of broadcast beacons be the same as those o
data packets, and then estimate link properties of unicatt d
via those of broadcast beacons by taking into account factor
such as link asymmetry. ETX [13] has explored this approach.
Nevertheless, this approach may not be always feasible wigen
length of data packets is changing; or even when the applisach
feasible, it still does not guarantee that link propertigsegienced
by periodic beacons reflect those in the presence of dafiéctraf

2) Interference scenariosTo demonstrate how network Con_espec|a"y in event-driven S.enSC-)r netWOrk applica’[ionerédver,
dition changes with interference scenarios, Figure 6 shibws the existing method for estimating metrics such as ETX dags n
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take into account the temporal correlations in link propsr{10]
(partly due to the difficulty of modeling the temporal coatbns
themselves [34]), which further decreases its estimatidelify.
For instance, Figure 8 shows the significant ériiar estimating
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Figure 6.

interference scenarios

broadcast packet delivery rates in different interfereseenarios.

We see that broadcast packet delivery rate varies signifjcan

(e.g., up to 39.26%) as interference patterns change. Timks,

properties estimated for one scenario may not apply to anoth unicast delivery rate via that of broadcast under diffeietgrfer-
Having shown the impact of interference patterns on netnce scenarios when temporal correlations in link progerdire

work condition, Figure 7 shows how the difference betweemot considered (i.e., assuming independent bit error amcttgba
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Figure 8. Error in estimating unicast delivery rate via tbhbroadcast

loss). Therefore, it is not trivial, if even possible, to geely
estimate link properties for unicast data via those of braatl
beacons.

To circumvent the difficulty of estimating unicast link pesp
ties via those of broadcast, we propose to directly estimaiteast
link properties via data traffic itself. More specificallyeypropose
to use MAC latency of unicast data transmissions as the bésis
link estimation. In 802.11b MAC, every frame transmissien i
acknowledged by the receiver, thus the sender can deteifrane

transmission has succeeded by checking whether it rectiees
acknowledgment, and the sender can also determine how long
each transmission takes, i.e., the MAC latency. Accorgingl
nodes are able to get information on unicast MAC latency auith
gsing any beacons. In the mean time, Draves:i. [15] have
&lown that MAC latency, as a routing metric, performs simila
H) the ETT metric (i.e., expected transmission time). SiBg¢d

Figure 7. The difference between broadcast and unicast fierefit
interference scenarios

broadcast and unicast in the mean packet delivery rate elsan
as the interference and distance change. Given a distartte
an interference scenario, the difference is calculated’gé€,
where U and B denote the mean delivery rate for unicast an
broadcast respectively. From the figure, we see that therdifte

ibalibd > = 2The error is defined as actual unicast link reliability mirihe estimated
is significant (up to 94.06%), and that the difference vavigth

link reliability



performs similar to the ETX metric (i.e., expected transiois that geographic data-driven routing performs similar tstatice-
count) [13] when radio transmission rate is fixed, MAC latencvector data-driven routing in uniformly distributed netks.
also performs similar to ETX. Therefore, MAC latency based Given that MAC latency performs, as a routing metric,
metric not only enables data-driven link estimation butoalssimilar to ETT (and ETX when radio transmission rate is
represents the data-driven version of the commonly usetihgou fixed) [15], we define a greedy, geographic metric ELD, the
metrics ETX and ETT which are estimated via broadcast beacaxpected MAC latency per unit-distance to destinatiota
in many existing protocols [13], [14], [15], [33], [35]. (Ner we which we hope to minimize the end-to-end MAC latency
have also independently shown that routing metrics opitilgiz from source to destination. (Note that Lee al. [29] have
MAC latency optimize energy efficiency too [38].) shown the optimality of a metric similar to ELD in an ide-
In what follows, we first present in Section Il a data-driveralized environment.) Specifically, given a sendgr a neigh-
version of the ETX/ETT metric using unicast MAC latency,rthebor R of S, and the destinationD as shown in Figure 9,

we present in Section IV the design of LOF which implements we first calculate theeffective
the metric without using periodic beacons. geographic progresfrom S to

Remarks. Although parameters such as Receiver Signal Strengthg L8 D D via R, denoted byLe (S, R),
Indicator (RSSI), Link Quality Indicator (LQI), and Signab ‘T/L as(Ls,p — Lr,p), WhereLg p
Noise Ratio (SNR) also reflect link reliability, it is diffitu 7 denotes the distance between S
to use them as a precise prediction tool [7]. Moreover, the and D, andLg p denotes the
aforementioned parameters can be fetched only at packsvees distance between R and D. Then,
(instead of senders), and extra control packets are neemled t we calculate, for the sender
convey these information back to the senders if we want to use o S, the MAC latency per unit-
them as the basis of link estimation; since control packess dlistance to the destinatio(LD) via R, denoted byLD(S, R),

usually exchanged at relatively low frequency (e.g., evety a { Ds n

Figure 9. L. calculation

seconds), it is difficult to use this approach to preciseljneste rosm I Lsp>Lrp (1)

in-situ link properties in real-time (such as in missiontical, o otherwise

event detection sensor network applications). Therefoee,do where Dg  is the MAC latency fromS to R. Therefore, the
not recommend using these parameters as the core basisaef datD via R, denoted as=LD(S, R), is E(LD(S, R)) which is

driven routing. calculated as

The firmware of our SMC WLAN cards does not expose E(Ds ) -
information on the number of retries of a unicast transrissi { Tosm LS*D_ > Lr.p 2
which would have been able to serve as the basis of datandrive & otherwise

link estimation too. As a part of our future work, we planFor every neighboik of S, S associates with? a rank
to examine this possibility (e.g., in IEEE 802.15.4 basedemo

networks) and study the corresponding protocol performanc (ELD(S, R),var(LD(S,R)), Lr,p,1D(R))

where var(LD(S, R)) denotes the variance afD(S, R), and
ID(R) denotes the unique ID of nodB. Then, S selects as

In this section, we first define a data-driven routing metrigs next-hop forwarder the neighbor that ranks the lowesbragn
ELD, the expected MAC latency per unit-distance to destinatioall the neighbors.

then we analyze the sample size requirement in data-drin&n | To understand what ELD implies for routing, we set up an

Ill. ELD: A DATA-DRIVEN VERSION OFETX/ETT METRIC

estimation and routing. experiment as follows: consider a line network formed by row
6 of the indoor testbed shown in Figure 2, the Starggitat
A. A metric using unicast MAC latency and geography column 0 needs to send packets to the Stardatat the other

To understand the benefits of data-driven link estimatioa, w$"d (i-€., column 14). Using the data on unicast MAC latenitie
can incorporate data-driven link estimation method witithbo the case ointerferer-free we show in Figure 10 the mean unicast

geography-unaware, distance-vector routing protocol ged-

graphic protocol. While it is not the objective of this paper 7 S mean MAC latency (ms)
to examine issues specific to geographic routing, geographi 20 g pLTEDomeen
data-driven routing enables us to analyze, in a closed;fdne s A
convergence speed of data-driven link estimation and mguais P

10

we show in Section IlI-B. Moreover, in sensor networks where 5
nodes are mostly static and their precise geographic mtatire 5 o
readily available via devices such as GPS (as in ExScal [6]), B\*W\w
geographic routing enables less frequent informationusiii 2 distance (meten) "
as compared with distance-vector protoéplhius saving energy Figure 10. Mean unicast MAC latency and the ELD. Note thatsheden
consumed in exchanging control packets. Therefore, we figspp in MAC latency at distance 5.49m is due to the high linkabdlity
present our study with a geographic, data-driven routingrime for the corresponding link as shown in Figure 6; this norattise-monotonic

. . . > trend of link reliability and MAC latency is due to reasongsas location-
in most parts of this paper, and then we show in Section V-{ecific signal fading and hardware heterogeneity [40].

-0

%

14

3In geographic routing, for instance, control packets arellg needed only
when the location of a node changes, which occurs infreguémtmostly 4Currently, we focus on the case where a node forwards paokdysto a
static networks. neighbor closer to the destination than itself.



MAC latencies and the corresponding ELD’s regarding neighb

at different distances. From the figure, Stargatehe destination 10° ~75-percentid 120 ~—75-percentid
which is 12.8 meters away frorfi, offers the lowest ELD, and | E— D osboc wof o .| <65 percentil
S sends packets directly tD. From this example, we see that, §%j- = {Igmeue & | [T
using metric ELD, a node tends to choose nodes beyond tlg B IR S e SN e
perfectly reliable communication range as forwarders,egduce  °°p+— 7 ;/v/*j;*jff,ﬂ
end-to-end MAC latency as well as energy consumption. Not U/// /

. . . 10 40"
that, however, the links chosen via ELD still have good ayera %0 indaw of compariaon (seeonts) - %0 windou of compariaon (seaonds) -
properties in terms of minimizing ELD, which is differentofm (a) route selection (b) absolute ELD

opportunistic routing such as ExOR [9] where links with Bi@mt
good performance can be chosen; data-driven link estimaiial
opportunistic routing actually complement each other aswille
discuss in Section VI.

Figure 12. Sample size requirement

Remark. ELD is a locally measurable metric based only ort'rype of "service time’, we select three models for evaluatio

. . . . 2 “exponential, gamma, and lognormalgainst the data on the
the geographic locations of nodes and information reggrttie ; . ) .
. X . . MAC latencies for all the links associated wiy we perform
links associated with the sendér ELD does not assume link

conditions beyond the local neighborhood %f In the analysis Kolmogorov-Smirnov test [23] on the three models, and we find

of geographic routing [33], however, a common assumption tlgat lognormal distribution fits the data the best.
’ ' Therefore, we adopt lognormal distribution for the analyisi

geographic uniformity— that the hops in any route have similar,

propertes such as geographic length and link qualiy. Asiile 1" PaPer. Ghven (al MAC latency assumes lognornat s
show by experiments in Section V, this assumption is usuaﬁ T . 9 B
Istribution, i.e.,log(LD) assumes normal distribution.

invalid. For the sake of verification and comparison, we \@eri ) . ) .
P Because link quality varies temporally, the best neighlwor f

another routing metric ELR, thexpected MAC latency along a -
: : I, ~ S may change temporally. Therefore, we divide the 30,000 MAC
rouite, based on this assumption. More specifically, (S, ) = latency samples of each link into chunks of time span denoted
{ E(Ds.r) x (%} if Lsp > Lr.p 3 as thewindow of comparisonand we compare all the links via
00 ' otherwise ®) their corresponding sample-chunks. Given each samplekdioun
the MAC latency of a link, we compute the sample mean and
Where[%] denotes the number of hops to the destinaample variance for the correspondihgy(LD), and use them
tion, assuming equal geographic distance at every hop. We vés the mean and variance of the lognormal distribution. When
show in Section V that ELR is inferior to ELD. considering the-th sample chunks of all the links € 1,2,...),
we find the best link according to these sample chunks, and we
compute the sample size required for comparing this bekt lin

_with each of the other links as follows:
To understand the convergence speed of ELD-based routthg an . .
Given two normal variatesX;, X, where X; ~

to guide protocol design, we experimentally study the sarspde 9 9 ;
required to distinguish out the best neighbor in routing. N(_“lc’jdl) and Xy ~ N(SQ’(S?)’ the samplgz S|zef_re-
In our indoor testbed, let the Stargate at column 0 of row 6 d4Ul'®d t© C"_*“Ef‘{ﬁ’ig;’;‘% Xz at100(1 - a)% confi-
be the sendef and Stargate at the other end of row 6 be the ~dence levelis=5=7r=0) (0 < a < 1), with Z, being
destinationD; then letS send 30,000 1200-byte unicast packets the o-quantile of a unit normal variate [24].
to each of the other Stargates in the testbed, to get infismat!n the end, we have a set of sample sizes for each specific
(e.g., MAC latency and reliability) on all the links assdei@with We. For a 95% confidence level comparison and route selection,
S. The objective is to see what sample size is requiredsfeo  Figure 12(a) shows the 75-, 80-, 85-, 90-, and 95-percsntife
distinguish out the best neighbor. the sample sizes for differeft.’s. We see that the percentiles do
First, we need to derive thdistribution modefor MAC latency. ot change much a§. changes. Moreover, we observe that, even

Figure 11 shows the histogram of the unicast MAC latencies f€hough the 90- and 95-percentiles tend to be large, the 7%- an
80-percentiles are pretty small (e.g., being 2 and 6 resedct

B. Sample size analysis

16000 whenW, is 20 seconds), which implies that routing decisions can
14000 converge quickly in most cases. This observation also raiats/
g1 us to use initial sampling in LOF, as detailed in Section 1V-B
= 10000
§ 8000 Remarks. In the analysis above, we did not consider the temporal
5 6000 patterns of link properties (which are usually unknown)dHiae
4000 temporal patterns been known and used in link estimatiom, th
2000 sample size requirement can be even lower.

00 80

MAC latency (milliseconds) By way of contrast, we also compute the sample size required
Figure 11. Histogram for unicast MAC latency to estimate the absolute ELD value associated with eaclthbeig
Figure 12(b) shows the percentiles for a 95% confidence level

) . estimation with an accuracy of5% [24]. We see that, even
the link to a node 3.65 meters (i.e., 12 feet) away frémThe

MAC latencies for _Other links assume similar patterns.)e!Bi\_/ 5The methodology of LOF is independent of the distributiondeladopted.
the shape of the histogram and the fact that MAC latency isTaerefore, LOF would still apply even if better models ararfd later.



though the 90- and 95-percentiles are less than those foe roB. Initial sampling

selection, the 75- and 80-percentiles (e.g., being 42 and Slyaying learned the location of the base station as well as the
respectively whefV, is 20 seconds) are S|gn|f|cantly greater thapcations and IDs of its neighbors, a nodeneeds to identify
those for route selection. Therefore, when analyzing sarsigie the pest forwarder in routing. To jump start the route/fauea

requirement for routing, we should focus on relative COMeaT  selection processy takes a few samples of the MAC latency for
among neighbors rather than on estimating the absolutee valthe |ink to every newly learned neighbdt before forwarding

unlike what has been done in the literature [35]. any data packets. The initial sampling is achievedstsending a
few unicast packets to every neighbor and then fetching tA€ M
IV. LOF: A DATA-DRIVEN PROTOCOL feedback, based on which initializes the ELD metric for every

Having defined the ETX/ETT-type data-driven routing metri@€ighbor and selects the tentative next-hop forwarder.

ELD, we are ready to design protoco| LOF for imp|ementing The initial Sampling giVES a node a rOUgh idea of the relative
ELD. Without loss of genera”ty, we 0n|y consider a Sing|guality of the links to its neighbors, because, as traffic and
destination, i.e., the base station to which every otheenuekeds interference pattern changes, the relative ranking in tieam
to find a route. In a nutshell, LOF works as follows: when a noddAC latency (and thus LD) among links changes less signif-
boots up, it interacts with its neighbors to obtain the gapgic  icantly than does MAC latency (and LD) itself as we show
location of the base station, as well as the IDs and locatbits N Figure 13. Another reason for initial sampling is thattiwi
neighbors; for every newly discovered neighbor, the nolesa
few initial samples of the unicast MAC latency and initiakzthe
ELD metric for the neighbor accordingly; after initializa, the
node adapts its link estimation solely based on MAC feedback
for unicast data transmissions; to address imperfecalnstam-
pling and temporal link variation, the node also probatidadly
explores alternative forwarders with controlled frequeric what
follows, we first elaborate on the individual components GfH,
then we discuss implementation issues such as reliablyifetc * distance (meter)

MAC feedback. Figure 13. Mean unicast MAC latency in different interferincenarios for
the indoor experiments described in Section II-A
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A. Learning where we are

LOF enables a node to learn its neighborhood and the locatigiatively small sample size, a node could gain a decentesehs
of the base station via the following rules: the relative goodness of its neighbors as we show in the sisaly
of Section 1lI-B. We set the initial sample size &s(i.e., the
80-percentile of the sample size wh@n. is 20 seconds) in our
O?]xperiments.

1) [Issue request] Upon boot-up, a hode broadcadtscopies
of hello-requespackets if it is not the base station.h&llo-
requestpacket contains the ID and the geographic locati
of the issuing node. To guarantee that a requesting node is
heard by its neighbors, we s&f as 7 in our experiments. C. Data-driven adaptation

2) [Answer request] When receiving aello-requestpacket Via initial sampling, a node gets a rough estimation of the
from another node that is farther away from the base statia®lative goodness of its neighbors. To improve its routecsel
the base station or a node that has a path to the bags for an application traffic pattern, the node needs topada
station acknowledges the requesting node by broadcasting estimation of LD via the MAC feedback for unicast data
M copies of hello-reply packets. Ahello-reply packet transmission. (According to the analysis in Section lll+Bute
contains the location of the base station as well as the cisions converge quickly because of the small samplersize
and the location of the issuing node. quirement.) Since LD is lognormally distributed, LD is esdited

3) [Handle announcement] When a nodeA hears for the by estimatinglog(LD).

first time ahello-reply packet from another nod8 closer o _jine estimation. To determine the estimation method, we first

to the base station} records the ID and location d8 and  cpeck the properties of the time seriesiof(LD), considering

regardsB as a forwarder-candidate. the same scenario as discussed in Section I1I-B. Figure d#sh
4) [Announce presence] When a node other than the base

station finds a forwarder-candidate (and thus a path) for the

first time, or when the base station boots up, it broadcasts

M copies ofhello-reply packets.
To reduce potential contention, every broadcast transonissen-
tioned above is preceded by a randomized waiting period &hos
length is dependent on node distribution density in the agtw
Note that the above rules can be optimized in various ways. Fo
instance, rule 2 can be optimized such that a node acknoededg o L ample series? o
at most onehello-requestfrom another node each time the X
requesting node boots up. Even though we have implemented
quite a few such optimizations, we skip the details hereesinc
they are not the focus of this paper. a time series of thévg(L D) regarding a node 3.65 meters (i.e., 12

log(LD) (ms/meter)

Figure 14. A time series diog(LD)



feet) away from the sendes (The log(LD) for the other nodes
assumes similar patterns.). We see that the time series dits w — 90
with the constant-level mod¢22] where the generating process is
represented by a constant superimposed with random flimtsat 7
Therefore, a good estimation methodesgponentially weighted %77

estimation fidelity (%)

moving averagdEWMA) [22], assuming the following form 85 Cbesta %) &
,
Vigr «—aVi+ (1 - a)V 4) 8750 100 150 200 250 300 Y 02 04 06 08 .
) ) . window of comparison (seconds) .. a .
whereV;,; is the next estimate of parametirto be obtained, (@) besta (b) sensitivity analysis

V; is the current estimatd;’ is the latest observation af, and
a is the weight ( < o < 1).
In LOF, when a new MAC latency and thus a néwg(LD)

value with respect to the current next-hop forwarderis ob- . . . 0
served, thel; value in the right hand side of formula (4) may beﬂde"ty remains above 85% whem changes from 0.6 to 0.98.

quite old if R has just been selected as the next-hop and sor%iernilar pa_tterns a.re. observe_d for_the (_Jthe_r windows of coispa

packets have been transmitted to other neighbors immgdiatgoo' The insensitivity of estimation fidelity ta guarantees the
before. To deal with this issue, we define thge factor 3(R) robustness of EWMA estimation in different environments.

of the current next-hop forwardeR as the number of packets Route adaptation. As the estimation of LD changes, a node

that have been transmitted singeof R was last updated. Then,adapts its route selection by the ELD metric. Moreover, # th

Figure 15. The weightx in EWMA

formula (4) is adapted to be the following: unicast reliability to a neighboR is below certain threshold (say
B(R) B(R)e 7 60%), S will mark R as dead and will remové from the set
Vit «— a7V + (1 ="V (5)  of forwarder-candidates. § loses all its forwarder-candidates;,
(Experiments confirm that LOF performs better with formusa ( will first broadca_stM copies ofnello-withdrawalpacketfs and then
than with formula (4).) restarts the routing process. If a nogfehears ehello-withdrawal

Each MAC feedback indicates whether a unicast transmissiBCket froms, and ifS is a forwarder-candidate of', 5" removes
has succeeded and how long the MAC latehés. When a node S from its set of forwarder-candidates and update its negt-ho
receives a MAC feedback, it first calculates the age fagtdr) forwarder as n_eed be. (As a side note, we find that, on average,
for the current next-hop forwarder, then it adapts the estion ©Nly 0.9863 neighbors of any node are marked as dead in both ou
of log(LD) as follows: testbed experiments and the field deployment of LOF in ptojec
lr:ﬁ%ScaI [6]. Again, the withdrawing and rejoining process te

o If the transmission has succeeded, the node calculates - ) .
optimized, but we skip the details here.)

newlog(LD) value using and applies it to formula (5) to get
a new estimation regarding the current next-hop forwarder. . .

« If the transmission has failed, the node should not useP- EXploratory neighbor sampling
directly because it does not represent the latency to ssicces Given that the initial sampling is not perfect (e.g., congri
fully transmit a packet. To address this issue, the nodeskee§% instead of 100% of all the possible cases) and that wssele
track of the unicast delivery rate, which is also estimatdihk quality varies temporally (e.g., from initial sampginto
using formula (5), for each associated link. Then, if theenodactual data transmission), the data-driven adaptationeatoay
retransmits this unicast packet via the currently used tidk miss using good links, simply because they were relativelg b
expected number of retries until succes% jsassuming that when tested earlier and they do not get chance to be tried out
unicast failures are independent and that the unicastedgliv later on. Therefore, we propose exploratory neighbor sizgjah
rate along the link ig. Including the latency for this last LOF. That is, whenever a nodg has consecutively transmitted
failed transmission, the expected overall Iateﬁdy(lﬂ—lj)l. Ins(Ro) number of data packets using a neightiy, S will
Therefore, the node calculates the niew(LD) value using switch its next-hop forwarder fronk, to another neighbo’

I’ and applies it to formula (5) to get a new estimation. ~with probability P,s(R’) (so that the link quality ta?’ can be
Another important issue in EWMA estimation is choosing th&ampled). On the other hand, the exploratory neighbor sagpl
weight a, since it affects the stability and agility of estimationiS Optimistic in nature, and it should be used only for good

To address this question, we again perform experimentsbadteighbors. In LOF, exploratory neighbor sampling only adess
analysis. Using the data from Section I1I-B, we try out diéiet the set of neighbors that are not marked as dead. _
a values and compute the corresponding estimation fideligt t [N what follows, we explain how to determine the sampling
is, the probability of LOF choosing the right next-hop forder Probability Pns(R’) and the sampling intervalys(Ro). For
for S. Figure 15(a) shows the bestvalue and the correspondingConvenience, we consider a sendgrand let the neighbors of
estimation fidelity for different windows of comparison. ttie 5 P& Ro, R1, ..., Ry with increasing ranks.
window of comparison is 20 seconds, for instance, the best Sampling probability. At the moment of neighbor sampling, a
0.8, and the corresponding estimation fidelity is 89.3%n¢8i better neighbor should be chosen with higher probability OF,
the time span of the ExScal traffic trace is about 20 seconds, & neighbor is chosen with the probability of the neighboualty
seta as 0.8 in our experiments.) being the best next-hop forwarder. We derive this probighbifi
For sensitivity analysis, Figure 15(b) shows how the ediona three steps: the probability,(R;, R;) of a neighborR; being
fidelity changes witha: when the window of comparison is 20actually better than another orf; (given by formula (6)), the
seconds. We see that the estimation fidelity is not very 8easi probability P, (R;) of a neighborR; being actually better than all
to changes iy over a wide range. For example, the estimatiothe neighbors that ranks lower than itself (given by form{@y,



and the probabilityP,s (R;) of a neighborR; being actually the E. Implementation issues
best forwarder (given by formula (8)).

Given S and its two neighborsR; and R;, we approx- o
imate P,(R;, R;) with P{LD(S,R;) > LD(S,R;)}, which MAC feedback exfiltration. In LOF, both the status and the
equals P{log(LD(S, R;)) > log(LD(S, R;))}. As discussed in MAC latency are required for every unicast transmission.the
Section 111-B, log(LD(S, R;)) as well aslog(LD(S, R;)) has default Linux WLAN driverhostap(5] only signals failed unicast
a normal distribution. Assuméog(LD(S, R;)) ~ N(jﬂi §2), (fransmissions, and it does not signal the unicast MAC Iatenc
log(LD(S, R;)) ~ N(u;,62), and thatlog(LD(S, R;)) is inde. Therefore, we modify the Linux kernel and the hostap driver

) 7 J 1 ) (

In this subsection, we discuss implementation issues of. LOF

pendent oflog(LD(S, R;)), then we have such that the transmission status, whether success orefaiki
always signaled and the MAC latency is reported too. Since we
Py(Ri, Rj) = G( \;%) (6) implement LOF, using EmStar [4], as a user-space process; MA
AR feedback is sent to the LOF process mitlink sockets andproc
whereG(z) = 1 — ®(z), with file system [21].
. Given that the LOF process executes in user-space and that
o(x) :{ Eerf‘f(—x/\/(z)) <0 packet transmission is supported via UDP sockets in EmStar,
1 T aerfc(x/\42)) “’1> 0 there is memory copying in the procedure between the LOF
erfe(w) ~ (1) o= + Pi7)) process sending a packet and the hostap driver transmittimg

Pz) = 0'17087277352 - O~8221522395: + 1'4885158735:_ corresponding 802.11b MAC frame(s). Thus, one issue is loow t
é'éggigiﬁ; igé;iggfgg? ;?'égggggggif map a data transmission at the user-space with the frame- tran
196551223 ’ ’ mission at the driver and thus the MAC feedback. Fortunately

the data buffers in EmStar, Linux TCP/IP stack, hostap drive

Knowing P,(R;, Ry,) for every j and k, we computeP,(R;) and the SMC WLAN card are managed in the first-in-first-out
(i =1,...,N) inductively as follows: (FIFO) manner. Therefore, as long as we make sure that each
Pu(Ry) = Py(Ry, Ro): datg trlan'fﬂrziésfion from thr? |\|;|ch: [erogle;ss k(:an btle) encapsu(tjateqhi

Pu(Ri) ~ Py(Ri, Ro) x H;Zi(l — (Py(R;, Ri)+ a single rame, eac eedback can be mapped wit

the corresponding data transmission if there is no loss oCMA
Py (R;) — 1) X Py(Ro, R;
(Pn(Ry) ; :)27% . .67( 0. i) feedback.
) Nevertheless, we find that, under stressful conditions, MAC
Then, we compute the sampling probability as follows: feedback may get lost in two ways:
Prs(Ro) = Py(Ro, R1) X H;\;Q(l ~ Pu(R))); . gozﬂkésgsf?:rbgszrmcv:?e dropped imetlink sockets if the
Pos(R;) = Pu(R; N o (1= Pu(R; : _ : _
(B:) W(R) X Tl ( h((i :])i LN —1); 8) o If there is no valid ARP (Address Resolution Protocol) entry
Prs(Ry) = Pa(Ry) T ’ regarding the unicast destination, a data packet is dropped
_ o the IP layer (without informing the application layer) befo
(Interestgd readers can find the derivation of formulas (6), T), even getting to the hostap driver, which means that no MAC
and (8) in [38].) feedback will be generated and thus “lost”.

Because of the approximation in formula (%);,2 ns(Ri)  To deal with possible loss of MAC feedback, LOF adopts the
may not equal to 1. To address this issue, we normalize ffiowing two mechanisms:

Pns(R;)'s (1 =0,...,N) such that their sum is 1. . .
( _) (Z ) ] _ « To avoid buffer overflow anetlink sockets, LOF enforces
Sampling interval. The frequency of neighbor sampling should flow control within a node by enforcing an upper bound

depend on how good the current next-hop forwargtgris, i.e., on the number of data transmissions whose MAC feedback
the sampling probability”.s(Ro). In LOF, we set the sampling  has not come back. (This upper bound is set to 7 in our
interval I,s(Ro) to be proportional taP,s(Ryp), that is, experiments.)
« After each data transmission, LOF checks the kernel ARP
Ins(Rg) = K X (N X Pps(R 9 . . o o
(Fo) X (V% (Fo)) ©) table to see if there is a valid entry for the destination & th
where N is the number of active neighbors théithas® and K unicast packet. In this way, LOF is able to decide whether
is a constant being proportional to the stability of link liya a MAC feedback will ever come back and act accordingly.

as measured in the expected number of data packets thatewil\ga the stress tests in both testbeds and outdoor deployment
generated in each period of stable link quality. We Keto be find that the above mechanisms guarantee the reliable delfe
20 in our experiments. MAC feedback.

The above method of setting the sampling probability and thewe implement LOF at user-space for the sake of safety and
sampling interval ensures that better forwarders will beglad easy maintenance. As a part of our future work, we are exygjori
with higher probabilities, and that the better the curremiverder  jmplementing LOF in kernel space to see if the process cdlbli
is, the lower the frequency of exploratory neighbor sangplifhe fetching MAC feedback can be simplified.

sampli_ng probabilities and the sampling interval are fewdated Reliable transport. MAC feedback helps not only in link quality
each time the next-hop forwarder is changed. estimation but also in reliable data transport. For examgten
6Since Pps(Ro) tends to decrease &§ increases (when the other factorsdeteCtlng. a falled_ transmlssm_n via the MAC feedback, a reate
such as network setup are fixed), we introdutein the formula to avoid retransmit the failed pac_keF via a new nex_t-ho_p forwarder ti@
having too smalll,,s(Ro). other hand, the transmission status carried in a MAC feddbac
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only reflects the reliability at the MAC layer. To guaranteele with the minimum ETX value. Since the transmission rate
to-end reliability, we need to make sure that packet defiver is fixed in our experiments, ETX routing also represents
is reliable at layers above MAC: First, we need to guarantee another metric ETT [15], where a route with the minimum
the liveness of the LOF routing process, which is enabled by expected transmission timis used. Since ETT performs

the EmStar process monitoring faciligmrun in our current similar to MAC latencyas shown in [15], ETX routing
implementation; Second, the sender of a packet transmissio performs similar to MAC latency based routing and is the
guarantees that the packet is received by the hostap duisieg distance-vector, beacon-based counterpart of LOF.

the transmission status report from EmsStar; Third, sesikr- o PRD product of packet reception rate and distance traversed
flow control guarantees that there is no queue overflow at the to the destination. Unlike ETX, PRD is geography-based. In
receiver side. PRD, a node selects as its next-hop forwarder the neighbor

Node mobility. Given that nodes in most sensor networks are ~ With the maximum PRD value. PRD can be regarded as the
static, LOF is not designed to support high degree of mgbilit ~ 9eographic counterpart of ETX, sincgry; approximates

Nevertheless, LOF can deal with infrequent movement of sode  the expected ETX per unit-distance to destinatiéwecord-
in the following simple manner: ingly, PRD can be regarded as a beacon-based counterpart

« If the base station moves, the new location of the base statio of LOF. . _ .
is diffused across the network: In our experiments, metrics ETX and PRD are estimated ac-

« If a node other than the base station moves, it first broadc&8fding to the method originally proposed in [13] and [33pr F
M copies of hello-withdrawal packets, then it restarts its/nstance, broadcast beacons have the same packet length and
routing process. transmission rate as those of data packets.

(Note that a node can detect the movement of itself with the he To ve_rlfy some important design de(:|5|.ons of LOF, we also
of a GPS device.) study different versions of LOF as follows:

. . ) « L-hop assumes geographic-uniformity, and thus uses metric

gelghbor-tﬁ\ble SITe-COFtTOL Compared Wétré_BISrlfeley moltges, ELR, as specified by formula (3), instead of ELD:

targates have re atlvey arge memary and disx size (@.gl,_ e L-ns does not use the method of exploratory neighbor
RAM and 32MB flash disk). Therefore, we adopt a very simple sampling:
method of nelghbo_r-table size control: keeping thg best-hep « L-sd considers, in exploratory neighbor sampling, the neigh-
forwarders according to their ranks. In our experiments,set bors that have been marked as dead:
the maximum neighbor table size as 20. A more detailed study . ' .

. o L-se performs exploratory neighbor sampling after ever

of the best neighborhood management scheme for Stargates is P P y 9 Ping y

beyond the scope of this paper packet transmission.
y P paper. We will discuss distance-vector data-driven routing in tiecV-

C.

_ ) ) For easy comparison, we have implemented all the protocols
Via testbeds and field deployment, we experimentally e¥@luanentioned above in EmStar [4], a software environment for

the design deC|S|_ons and _the performan_ce of LOF. Flrst, WRveloping and deploying wireless sensor networks.

present the experiment design; then we discuss the eXpmﬂmeEvaluation criteria. Reliability is one critical concern in con-

results. vergecast. Using the techniques of reliable transportudsed in
) _ Section IV-E, all the protocols guarantee 100% packet epfiv
A. Experiment design in our experiments. Therefore, we compare protocols in iogetr

Network setup. In our indoor testbed as shown in Figure 2, w@ther than reliability as follows:
let the Stargate at the left-bottom corner of the grid be tageb ¢ End-to-end MAC latencythe sum of the MAC latency spent
station, to which the other Stargates need to find routesn,The  at each hop of a route. This reflects not only the delivery
we let the Stargate at the upper-right corner of the grid be the ~ latency but also the throughput available via a protoco},[13
traffic source.S sends packets of length 1200 bytes according to  [15]-
the ExScal event trace as discussed in Section II-A and &igur  * Energy efficiencyenergy spent in delivering a packet to the
For each protocol we study simulates 50 event runs, with the ~ base station.
interval between consecutive runs being 20 seconds. Tdreref
for each protocol studied, 950 (i.60 x 19) packets are generatedB. Experimental results
ats.

We have also tested scenarios where multiple senders ¢gene,

V. EXPERIMENTAL EVALUATION

MAC latency. Using boxplots, Figure 16 shows the end-to-end
ExScal traffic simult v, the data traffic i iodic.th {fac latency, in milliseconds, for each protocol. The averag
xscal traflic simultan€ously, the data traffic 1S penodc,in€ - o4 15 ang MAC latency in both ETX and PRD is around 3 times

network assume; a random instead of a grid topology: LO_F %%t in LOF, indicating the advantage of data-driven linlalify

also b_een usfed in the backbong network of ExScal. We dBClé%?imation. The MAC latency in LOF is also less than that ef th

them in Section V-C, together with other related experiment other versions of LOF, showing the importance of using thatri

Protocols studied. We Study the performance of LOF in Com-routing metric (inc|uding not assuming geographic unif'mym

parison with that of beacon-based routing, represented ¥ E and neighbor sampling technique.

[13], [35] and PRD [33]«(For convenience, we do not differentiate  To explain the above observation, Figures 17, 18, 19, and 20

the name of a routing metric and the protocol implementirg it show the route hop length, per-hop MAC latency, average per-
« ETX expected transmission count. It is a type of geographitop geographic distance, and the coefficient of variatic@\(Lof

unaware distance-vector routing where a node adopts a ropt-hop geographic distance. Even though the average hopte
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Figure 16. End-to-end MAC latency
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Figure 18. Per-hop MAC latency
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length and per-hop geographic distance in ETX are apprdgima
the same as those in LOF, the average per-hop MAC latency in
ETX is about 3 times that in LOF, which explains why the end-
to-end MAC latency in ETX is about 3 times that in LOF. In
PRD, both the average route hop length and the average per-ho
MAC latency is about twice that in LOF.

From Figure 20, we see that the COV of per-hop geographic
distance is as high as 0.2754 in L-hop. Therefore, the assoump
of geographic uniformity is invalid, which partly explaivshy
L-hop does not perform as well as LOF. Moreover, the fact that
the COV value in LOF is the largest and that LOF performs the
best tend to suggest that the network state is heterogerstous
different locations of the network.

Energy efficiency. Given that beacons are periodically broad-
casted in ETX and PRD, and that beacons are rarely used in
LOF, it is easy to see that more beacons are broadcasted in ETX
and PRD than in LOF. Therefore, we focus our attention only on
the number of unicast transmissions required for deligedata
packets to the base station, rather than on the broadcasicavk

To this end, Figure 21 shows the number of unicast transomssi

N
o

-
3]

(4]

# of unicast transmissions
P
o

(=]

ETX PRD LOFL-hopL-ns L-sd L-se

Figure 21. Number of unicast transmissions per packetvedei

averaged over the number of packets received at the bagmnstat
denoted asnumPkt. numPkt in ETX and PRD is 1.49 and
2.37 times that in LOF respectively, showing again the athgm

of data-driven instead of beacon-based link quality edtona
numPkt in LOF is also less than that in the other versions of
LOF. For instancepum Pkt in L-hop is 2.89 times that in LOF.
Note thatnum Pkt is high in L-sd; this is mainly because 1) the
nodes closer to the base station have fewer forwarder catedid
and thus their dead neighbors are sampled with non-nelgigib
higher frequencies, yet 2) these nodes need to transmit much
more data than nodes farther away from the base station (due
to the nature of convergecast), and 3) transmissions todead
neighbors tend to fail and need retransmissiann Pkt in L-ns is
similar to that in ETX; nonetheless, L-ns still performstbethan

ETX by incurring less end-to-end and per-hop MAC latency (as
shown in Figures 16 and 18) and by using more reliable links (a
to be shown in Figure 22). Therefore, data-driven link eation

and routing, even without exploratory neighbor sampling ifa
L-ns), still outperforms beacon-based approaches.

Given that the SMC WLAN card in our testbed uses Intersil
Prism2.5 chipset which does not expose the information en th
number of retries of a unicast transmission, Figure 21 da¢s n
represent the actual number of bytes sent. Neverthelegsn gi
Figure 18 and the fact that MAC latency and energy consumptio
are positively related (as discussed in Section 1lI-A), #beve
observation on the relative energy efficiency among theopods
still holds.

To explain the above observation, Figure 22 shows the number
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1200

need periodic control packets at all. Nonetheless, we cao al
adopt the classical distance-vector routing (based omiluligtd
Bellman-Ford algorithm) with data-driven link estimatioriVe
have implemented the distance-vector data-driven roupirg
tocol LOF-dv in EmStar, and we experimentally measure its
performance in Kansei. For the case where there is one node
generating data packets according to the ExScal trafficetrac
Figure 24 shows how the end-to-end MAC latency in LOF-dv

1000
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Figure 22.  Number of failed unicast transmissions
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of failed unicast transmissions for the 950 packets geeérat
the source. The number of failures in ETX and PRD is 1112 and
786 respectively, yet there are only 5 transmission fadlimeOF.
Also, there are 711 transmission failures in L-hop. Togetti¢h
Figures 19 and 5(b), we see that there exist reliable lorkslin
yet only LOF tends to find them well: ETX also uses long links,

but they are not r6|lab|e, L-nS uses I’e|lab|e |InkS, but tmg Flgure 24. End-to-enq MAC Iatency_: event tl’af_fIC, 1 SendBlOté the
. experiments are done with a €6 subgrid of Kansei.)
relatively shorter.
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compares with that in other protocols. We see that LOF-dv has
similar performance as LOF, and LOF-dv performs better than
Multiple senders and periodic traffic. Besides the scenario of beacon-driven routing ETX and PRD. We observe similar paste

1 source event traffic which we discussed in detail in the lagi terms of other evaluation metrics (such as energy effigien
subsection, we have performed experiments where the $#arggnd experimentation setup (such as multiple senders armtijger

at the upper-right corner and its two immediate grid-nemhb traffic).

simultaneously generate packets according to the ExSaffictr  To understand the impact of different protocols on network
trace. We have also experimented with periodic traffic whegpacity, we also measure the network throughput by lettieg

1 or 3 Stargates (same as those in the case of event traffiginer source node generating data packets as fast as Ipossib
generate 1,000 packets each, with each packet being 1280-liyach data packet contains a payload of 1200 bytes. Figure 25

long and the inter-packet interval being 500 millisecoridthese shows the throughput in different protocols. We see that LOF
experiments, we have observed similar patterns in theivelat

protocol performance as those in the case of 1 source ewadiit.tr 10
For conciseness, we only present the end-to-end MAC latfamcy
these three cases, as shown in Figure 23.

C. Other experiments
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Figure 23. End-to-end MAC latency

Distance-vector data-driven routing and network throughput.
We have so far focused on the geographic version of datardrivRandom network topology. Besides grid topology, we also
link estimation and routing in this paper, so that we do na@&valuate the performance of different protocols in randetwork

L1

ETX PRD

LOF-dv LOF

Figure 25. Network throughput (Note: the experiments argedweith a 15<6
grid of Kansei.)

and LOF-dv yield similar network throughput, and they both
significantly improves the network throughput of ETX and PRD
(e.g., up to a factor of 7.78). Our current experimental litgci
limits the highest achievable one-hop throughput to be
packets/second, thus the highest achievable multi-haugput
is 7.14 packets/second [30]. We see that both LOF and LOF-dv
achieve a throughput very close to the highest possible arktw
throughput.

The data presented in Figures 24 and 25 are for experiments
executed on a 166 grid of Kansei. When executing these
experiments, we were unable to access the complete grid of
Kansei due to some maintenance issues. But we believe the
observations will carry over to other network setups inirigd
the complete grid of Kansei.

50
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topology. To generate random topology, we randomly sel@ct $mprove the performance of AODV, [31] and [12] also discukse
Stargates out of tha5 x 6 Kansei grid where each Stargateeliability-based mechanisms (e.g., RSSI- and SNR-based)o
is selected with equal probability, and we keep the Stargatefor blacklisting bad links. Since it has been shown thagtslity-
the left-bottom corner of the5 x 6 grid as the base station.based blacklisting does not perform as well as ETX [17], [13]
For the case where a node farthest away from the base stafi@®], we do not directly compare LOF to [31] and [12], instead
generates packets according to the ExScal traffic traceré€ig6 we compare LOF to ETX.

shows the end-to-end MAC latency in different protocols. 3&e . _
Recently, great progress has been made regarding routing in

wireless sensor networks as well as in mesh networks. Rputin
metrics such as ETX [13], [35] and ETT/WCETT [15] have been
i proposed and shown to perform well in real-world wirelest ne
i works [14]. The geography-based metric PRD [33] has alsa bee
; proposed for energy-efficient routing in wireless senstwaeks.
‘ i . Nevertheless, unicast link properties were still estimatsing
E — ; ; broadcast beacons in these works. Our work differs frontiexjs
— - - - approaches by experimentally demonstrating the difficufy
precisely estimating unicast link properties via those roBldcast
beacons, and proposing to estimate unicast link properigethe
data traffic itself.
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Figure 26. End-to-end MAC latency: random network topology

that data-driven protocols LOF and LOF-dv outperform beaco Similar to LOF, MAC feedback is also used in protocols such
based protocols ETX and PRD in this case too. Similarly, LO#S SPEED [20], NADV [29], EAR [26], four-bit-estimation [.6
and LOF-dv also have higher energy efficiency than ETX arfld CARP [28]. Nonetheless, these protocols did not focus on
PRD. Compared with the case of grid topology, the MAC |atendg,rotocol design issues specific to data-driven link esionat
incurred in the random topology is slightly larger; this ichuse and routing. For instance, they did not consider the impoea
the generated random network topology is sparser than andPfsappropriateexploratory neighbor samplingSPEED switches

a subgraph of the grid topology, thus the optimal routes @ tiext-hop forwarders after every packet transmission (a-in
grid topology may not exist in the random topology, and, fo¥e), and NADV, EAR, four-bit-estimation, and CARP do not
the same source node, the optimal route in the random topold@erform exploratory neighbor sampling (as in L-ns), both of

may perform worse than the optimal route available in thel grivhich degenerate network performance as shown in Section V.
topology. Complementary to these study, moreover, we have systeatiatic

Field deol ¢ Based i Il-tested ; L OIgharacterized the differences between broadcast andstrick
1€ eployment. Based on Its well-iested performance, roperties, and we have analyzed the small sample sizereequi

has been incorporated in the ExScal sensor network fieldriexp ; ; . -
ent in LOF, showing both the necessity and feasibility aheda
ment [6], where 203 Stargates were deployed as the backlatne Briven link estimationg y y

work, with the inter-Stargate separation being around 4&ree

LOF successfully guaranteed reliable and real-time cgaeast Rather than selecting the next-hop forwarder before datestr
from any number of non-base Stargates to the base stationmission, opportunistic routing protocols that take adagat of
ExScal, showing not only the performance of the protocol bspatial diversity in wireless transmission have been medd?9],

also the stability of its implementation. [11], [19], [36]. In these protocols, the forwarder is seédel;
through coordination among receivers, in a reactive maafier
VI. RELATED WORK data transmission. Link estimation can still be helpful rege

. . . protocols since it can help effectively select the best det o
Link properties in 802.11b mesh net_vvorl_<s and dense W|relq eners [9]. Therefore, findings of this paper can be usefu
sensor networks have been_well stl_Jdled in [7], [27], and.[39 portunistic routing too. Recently, DSF [18] was proposed
Th_ey have obser\{ed that wireless _Ilnks assume cqmplex P'%Ydress the impact of duty cycling on wireless routing. D86 a
e_rtles, suc_:h as wide-range non-_unlform packe_t deliverg gt uses the metric ETX for a link, therefore the technique ogadat
different distances, loose correlation between distancepacket driven link estimation can be incorporated into DSF to invgro

delivery rate, link asymmetry, and temporal variationsr €udy the precision of estimating link and path ETX
on link properties complements existing works by focusimg o '

the differences between broadcast and unicast link priepers The problem of local minimum or geographic void has been
well as the impact of interference pattern on the difference dealt with in routing protocols such as GPSR [25]. In this

Differences between broadcast and unicast and their impaetper, therefore, we have not considered this problem irise
on the performance of AODV have been discussed in [31] amblependent of our major concerns — data-driven link egtona
[12]. Our work complements [31] and [12] by experimentallyand routing. As a part of our future work, we plan to incorpera
studying the differences as well as the impact of envirortmeechniques of dealing with geographic void into LOF, by dtteyp
distance, and interference pattern on the differencesshwivere the definition of “effective geographic progress” (in Sentilll-
not the focus of [31] and [12]. [12] mentioned the difficult§y o A) and routing around void. The impact of localization esron
getting MAC feedback and thus focused on the method of beacgeographic routing has been studied in [32]. In LOF, we asbpt
based link estimation. Our work complements [12] by devielgp a separate software component that fine tunes the GPS redding
techniques for reliably fetching MAC feedback, which buildeduce localization inaccuracy, as also used in the fieldm@xgnt
the foundation for data-driven link estimation and routini@ ExScal [6].



VII. CONCLUDING REMARKS

Via experiments in testbeds of 802.11b networks, we hayg

demonstrated the difficulties of precisely estimating asidink
properties via broadcast beacons. To circumvent the diffésy

we have proposed to estimate unicast link properties via dé]f‘”

traffic itself, using MAC feedback for data transmissions.tfiis
end, we have modified the Linux kernel andstapWLAN driver

to provide feedback on the MAC latency as well as the status
every unicast transmission, and we have built system sodtw.
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[12] 1. Chakeres and E. Belding-Royer. The utility of hellcessages for

(18]

fh

for reliably fetching MAC feedbacks. Based on these systejtv]

facilities, we have demonstrated the feasibility as welpaten-
tial benefits of data-driven routing by designing protoc@H.

LOF mainly used three techniques for link quality estimatio

and route selection: initial sampling, data-driven adégmta and
exploratory neighbor sampling. With its well tested periance

(18]

[19]

determining link connectivity. I'WPMG 2002.

D. S. J. D. Couto, D. Aguayo, J. Bicket, and R. Morris. Agimi
throughput path metric for multi-hop wireless routing. ACM Mo-
biCom pages 134-146, 2003.

R. Draves, J. Padhye, and B. Zil. Comparison of routingtrics for
static multi-hop wireless networks. RCM SIGCOMM pages 133-144,
2004.

R. Draves, J. Padhye, and B. Zill. Routing in multi-@dmulti-hop
wireless mesh networks. IACM MobiCom pages 114-128, 2004.
R. Fonseca, O. Gnawali, K. Jamieson, and P. Levis. Bduwireless
link estimation. INACM HotNets 2007.

O. Gnawali, M. Yarvis, J. Heidemann, and R. Govindartedaction of
retransmission, blacklisting, and routing metrics foratelity in sensor
network routing. INIEEE SECON pages 34-43, 2004.

Y. Gu and T. He. Data forwarding in extremely low dutyetsy sensor
networks with unreliable communication links. ACM SenSys2007.
T. He, B. M. Blum, Q. Cao, J. A. Stankovic, S. H. Son, andFT.
Abdelzaher. Robust and timely communication over highlyaiyic
sensor networksReal-Time Systems Journd&7, 2007.

and implementation, LOF has been successfully used to sUPR8g; T. He, J. Stankovic, C. Lu, and T. Abdelzaher. SPEED: Atedess
convergecast in the backbone network of ExScal, where 203 protocol for real-time communication in sensor networksa I[EEE

Stargates have been deployed in an area of 1260 meters by [222%

meters.

|

In this paper, we have focused on data-driven link estimatig2]

and routing in 802.11 networks. But we believe that the cphoé
data-driven link estimation also applies to other senstworks

g ICDCS 2003.

T. Herbert. The Linux TCP/IP Stack: Networking for Embedded
SystemsCharles River Media, 2004.

F. Hillier and G. Lieberman. Introduction to Operations Research
McGraw-Hill, 2001.

] M. Hollander. Nonparametric statistical method®Viley, 1999.

[24]

such as those using IEEE 802.15.4 radios, since temporal cor

relation in link properties also leads to estimation inaacy in

these networks [10]. Besides saving energy by avoidingodiri

beaconing, LOF facilitates greater extent of energy caadien,

because LOF does not require a node to be awake unless ipig
generating or forwarding data traffic. We plan to exploreséhe

directions in our future work.
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