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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

pro_perti_es, ar_1d we show the_ inh_erent dif culties in precisdy  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 dif cuiés
in link estimation, we propose to estimate unicast link prorties Link quality for broadcast beacons differs signi cantlyofn
directly via data traf c itself without using periodic beac ons. that for unicast data, because broadcast beacons and tutitas
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 brasic

a realistic sensor network traf ¢ trace and an 802.11b tested It iS, however, dif cult to precisely estimate unicast lijuality
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 byhe quality assume complex patterns [34] and are hard to model.
geography-unaware ETX and the geography-based PRD. We nd As a result, existing routing protocols do not consider terap
Lhnfﬁahgei :aendeurgisefgig_r%/egg aMf':Etolftue;(t:g 2bBé7a ;ﬁgt% p?r]; \ia link properties in beacon-based estimation [13], [35]. Flibe
network throughput by a factor up to 7.78, which de’monstratethe link quality estimated u_smg periodic bgacon exchan_ge rmiy n
accurately apply for unicast data, which can negativelyaotp

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

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

Wireless sensor networks are envisioned to be of large scdléarge burst of data packets is often generated that neelols to
comprising thousands to millions of nodes. To guaranteletiraa routed 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 mscea”d the estimated link quality using periodic beacon exgbhan
and relay data generated by the low-end sensor nodes suchihsestimates still tend to re ect link quality in the absenrather
motes [3]. This architecture has been demonstrated in theose than in the presence, of bursty data traf c. This is becakastly,
network eld experiment ExScal [6], where 203 Stargates arlfhk quality changes signi cantly when traf ¢ pattern chges (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, fend akes time to converge, yet different bursts of data trafe well
203 Stargates form the backbone network of ExScal to supp8fParated 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 re e
detection, classi cation, and tracking. Similar 802.15k&d sensor the actual network condition, it is also inef cient in engrgsage.
networks (or network backbones) have also been explorether o In existing routing protocols that use link quality estiiat
projects such as MASE [1] and CodeBlue [2]. In this paper, weeacons are exchanged periodically. Therefore, energyris 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 traf c. This is especially true if the events of irstr are

As the quality of wireless links, for instance, packet defiv infrequent enough that there is no data traf ¢ in the netwmisst
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 usegktimation and to avoid unnecessary beaconing, new mechani

for link estimation and routing are desired.
An extended abstract containing some preliminary restlthie paper has o . .
appeared in IEEE INFOCOM 2006. Contributions of the paper. Using outdoor and indoor testbeds
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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%(leﬁdoor testbed. In an open eld (see Figure 1), we de-
the drawbacks of beacon-based estimation, we proposeirtuagst : ’

link properties via MAC feedback for unicast data transipiss ploy 29 Stargates in a stralght_ line, with a 45-meter separa-
.tion between any two consecutive Stargates. The Stargates r

:E:\;nsu(?sli\:]es.M-I:CtT;eir;d' f\gf di?an?r:ri?:iirsl\i/::s rc;urtel)ngi rqetrrl Linux with kernel 2.4.19. Each Stargate is equipped with a
, USing Y ' titR SMC 2.4GHz 802.11b wireless

ETX/ETT but are estimated via unicast MAC feedback instead card and a 9dBi high-gain
of brogdcast beacons. . . L . 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
ex Itrate the MAC latency for each packet transmission, ethis the maximum communication
not available in existing systems. The ex ltration of MAGéacy range, the transmission power
is relliable in ti;]e senlsekthatli(tdeals(\j/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 latepn ~ Figure 1. Outdoor testbed 25£u$]1;§|28r;;2:12t23 V}Igrr g%vzellllsb
for each packet transmission, we design a routing protbeatn | ..o lass cards, and its range is 127, 126, ..., 0, 255, 25'4’ -

on the Fly (LOF) where ETX/ETT-type metrics are estimated g 128 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 at

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

adapts its routing decision solely based on the MAC feedlfarck 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 traf ¢ trace from the eld sensor network of
ExScal [6], we experimentally evaluate the design and thifope columns (0-14)
mance of LOF in a testbed of195 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 geograpmatma
ETX [13], [35] and the geography-based PRD [33]. We nd
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 stgbilie- convenience, we number the rows of the grid as 0 - 12 from
sides bursty event traf ¢, we evaluate LOF in the case ofquiici  the bottom up, and the columns as 0 - 14 from the left to the
traf ¢, and we nd that LOF outperforms existing protocolsthat right. Each Stargate is equipped with the same SMC wireless
case too. We also nd that LOF signi cantly improves networkcard as in the outdoor testbed. To create realistic mufti-ho
throughput. The results corroborate the necessity, theibitity, ~Wwireless networks similar to the outdoor testbed, eachgater

and the bene ts 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 X Followi power level of each Stargate is set as 60, to simulate thedew-
analyze t Z eazl ility of data- V;VE']I_;(C;EE;_?Q' ollowittgat, We o 4iym density multi-hop networks where a node can reliably
present a data-driven version o -type routing fostr .o icate with around 15 neighbors.

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

We experimentally evaluate LOF in Section V, and we discuf)%wer and outband Ethernet connections, which facilitatey{

tShe :_elats/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 rst experimentally study the impact ofas the sender, and the other Stargates act as receivers. iGe/e
packet type, packet length, and interference on link ptigsér 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 eatls
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 phrasdmk quality and link property are used inter- 1N 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

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): con guration that comes with the system software. For ins&a
Interferer-free there is no interfering transmission. Theunicast transmissions use RTS-CTS handshake, and eadsunic
sender rst sends 30,000 broadcast packets each of 120@cket is retransmitted up to 7 times until success or faiior
bytes, then it sends 30,000 1200-byte unicast packets tie 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 Stgacket delivery rate and the run length of packets sucdgssfu
gate at column O of row 7, serving as the source of th@ceived without any loss in between, for each link de ned by
interfering traf c. The sender rst sends 30,000 1200-bytgéhe sender - receiver. Due to space limitation, however, aig o
broadcast packets, then it sends 30,000 1200-byte unicggésent the data on packet delivery rate here. The packeedel
packets to each of the receivers. rate is calculated once every 100 packets (we have alsolatddu
Interferer-middle the Stargate at column 7 of row 5 keepsjelivery rates in other granularities, such as once everQr
sending 1200-byte unicast packets to the Stargate at columgoo packets, and similar phenomena were observed).
7 of row 7. The sender performs the same as in the case ofie rst present the difference between broadcast and unicas
interferer-close. when there is no interference, then we present the impact of
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#wiween 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 traf c, every
Stargate runs the routing protocol LOF (as detailed in late 100 'm'um!nlm l ]”

=
15
S

sections of this paper), and the Stargate at the upper-rig £ so
corner keeps sending packets to the Stargate at the le €
bottom corner, according to an event trafc trace from
the eld sensor network of ExScal [6] . The trafc trace
corresponds to the packets generated by a Stargate wh &
a vehicle passes across the corresponding section of ExS' % 500 e (ot " Is00 % 200 od0 e O 80
network. In the trace, 19 packets are generated, with thte rs (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
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Figure 4. Outdoor testbed

3500 in the outdoor testbed. From the gure, we observe the fdthguw
§3000 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 Meem0ms ﬂmmﬂmﬁmﬂﬂ For links where unicast has non-zero delivery rate, the mean
sequence delivery rate of unicast is higher than that of broadcasts Th

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 performs 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
CTS handshake for unicast. (Note: the success in RTS-CTS

Figure 3. The traf c trace of an ExScal event

In all of these experiments, except for the case of interfere
exscal, the packet generation frequency, for both the seatk O : - )
the interferer, is 1 packet every 20 milliseconds. In theecas nandshake implies higher probability of a successful ustica
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 traf ¢ trace from ExScal, with the inter-event-rurtérval  Ures 5(a) and 5(b). Nevertheless, there are exceptionstahdes
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 #0d 5(C), we see that packet length also has signi cant impac
basic rate of 1M bps, as speci ed by the 802.11b standard. N§€ 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 xed value (e.g., 5.5M bps). (We havate differs signi cantly between broadcast and unicaat] ¢he
tested different unicast transmission rates and obserweitas difference varies with environment, hardware, and pachedth.
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distance. Moreover, the difference changes signi cantlp (o
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., istypur
convergecast), the link properties experienced by peribdacons
may well differ from those experienced by data traf c. Moveg

the difference between broadcast and unicast changeseafeint

° ence pattern changes.

C. Data-driven routing

To ameliorate the differences between broadcast and dnicas
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 unicatst 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 apprisach
feasible, it still does not guarantee that link propertigsegienced
by periodic beacons re ect those in the presence of dateciraf

2) Interference scenariosTo demonstrate how network Con_espec|a"y in event-driven S.enSC.)I’ netWOI’k applica’[ionerédver,
dition changes with interference scenarios, Figure 6 shihws 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 dif culty of modeling the temporal coragons
themselves [34]), which further decreases its estimatidality.
For instance, Figure 8 shows the signi cant efram estimating
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Figure 6. Network condition, measured in broadcast rditgpin different
interference scenarios
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broadcast packet delivery rates in different interfereseenarios.
We see that broadcast packet delivery rate varies signilgan
(e.g., up to 39.26%) as interference patterns change. Timks,
properties estimated for one scenario may not apply to @noth 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 amttgba
loss). Therefore, it is not trivial, if even possible, to geely
estimate link properties for unicast data via those of bcaat

Figure 8. Error in estimating unicast delivery rate via tbibroadcast
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beacons.

To circumvent the dif culty of estimating unicast link prep
ties via those of broadcast, we propose to directly estimaieast
link properties via data traf c itself. More speci cally, &/propose
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, Draeesl: [15] have
&lown that MAC latency, as a routing metric, performs simila
H) the ETT metric (i.e., expected transmission time). Sig¢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’ g8,
where U and B denote the mean delivery rate for unicast an
broadcast respectively. From the gure, we see that thedifice

el > o 2The error is de ned as actual unicast link reliability mintee estimated
is signi cant (up to 94.06%), and that the difference vaneth

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 xed, MAC latgnc vector 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 usethgpu xed) [15], we de ne 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 opiilgiz from source to destination. (Note that Lest al: [29] have
MAC latency optimize energy ef ciency too [38].) shown the optimality of a metric similar to ELD in an ide-
In what follows, we rst present in Section lll a data-drivenalized environment.) Speci cally, given a send8; a neigh-
version of the ETX/ETT metric using unicast MAC latency,rthebor R of S, and the destinatiorD as shown in Figure 9,
we present in Section IV the design of LOF which implements we rst calculate the effective
the metric without using periodic beacons. geographic progressrom S to

Remarks. Although parameters such as Receiver Signal Strength D via R, denoted byLe(S;R),
Indicator (RSSI), Link Quality Indicator (LQI), and Signab as(Lsp LR?_D ), whereLs;p
Noise Ratio (SNR) also re ect link reliability, it is dif cit denotes the distance between S
to use them as a precise prediction tool [7]. Moreover, the and D, andLgp denotes the
aforementioned parameters can be fetched only at pacletees distance between R and D. Then,
(instead of senders), and extra control packets are neewed 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 packets aglstance to the destinatio(LD) via R, denoted byLD (S;R),
usually exphanged at relatlvel_y low frequency (e_.g., _e\@t)/ Dsr if Leo >L ro

seconds), it is dif cult to use this approach to preciselyireate ie(S,R) othefwise ' 1)
in-situ link properties in real-time (such as in missiontical,

event detection sensor network applications). Therefme,do whereDg.r is the MAC latency fromS to R. Therefore, the
not recommend using these parameters as the core basisaef datD via R, denoted a€LD (S;R), is E(LD (S;R)) which is

Figure 9. Le calculation

driven routing. calculated as
The rmware of our SMC WLAN cards does not expose ( E(Dsr)
. . ) . L o if LS;D >L R;D
information on the number of retries of a unicast transroissi 1Le(S,R) otherwise (2)

which would have been able to serve as the basis of datardrive
link estimation too. As a part of our future work, we planFor every neighboR of S, S associates withR a rank
to examine this possibility (e.g., in IEEE 802.15.4 basedemo

networks) and study the corresponding protocol performanc hELD (S;R);var(LD (S;R));Lgr;p ;ID (R)i

where var (LD (S;R)) denotes the variance dfD (S;R), and
ID (R) denotes the unique ID of node. Then, S selects as

In this section, we rst de ne a data-driven routing metricits next-hop forwarder the neighbor that ranks the lowesbram
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 Stargatat
A. A metric using unicast MAC latency and geography column O needs to send packets to the Star@atat the other

To understand the bene ts of data-driven link estimatior, we"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 specic to geographic routing, geog@phi 20 g pLTEDomeen
data-driven routing enables us to analyze, in a closed;fdne N A
convergence speed of data-driven link estimation and mgudis 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 informationusiiéh 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 rdtop 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 reasongsias location-
in most parts of this paper, and then we show in Section V-{peci ¢ 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 infrequémtmostly 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 nedgsb
at different distances. From the gure, Starg@tethe destination 10 75 percentic 120 75 percentic
which is 12.8 meters away from, offers the lowest ELD, and e e 100 hessdoiind]
S sends packets directly . From this example, we see that,

._.
om
o

- | © 90-percentile < 90-percentile

N o -=95-percentile 6. -on----c-----| = 95-percentile

sample size
sample size

using metric ELD, a node tends to choose nodes beyond tis +° 1 s P—
perfectly reliable communication range as forwarders,ettuce Wl | ool ;/v/*j;ijff,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 i of ot so2as) i of ot o2
properties in terms of minimizing ELD, which is differeniofn (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]ype 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 wigy we perform
links associated with the send&; ELD does not assume link

conditions beyond the local neighborhood %f In the analysis Kolmogorov-Sm_lrnpv t_est [23] on the three models, and we nd
of geographic routing [33], however, a common assumption tlgat lognormaldistribution ts the data the bes.
’ X Therefore, we adopt lognormal distribution for the anayisi

geographic uniformity— that the hops in any route have similar, . . an
properties such as geographic length and link quality. Aswille t_h|5 paper. Given that MA.C Iatengy assumes lognormal distri
show by experiments in Section V, this assumption is usuaﬁI n,_the_ LD _assouated with a neighbor als_o assumes logaiorm
invalid. For the sake of veri cation and comparison, we deri istribution, |_.e.,log(L_D) assumes normal distribution. .
another routing metric ELR, thexpected MAC latency along a Because link quality varies temporally, '_[h_e best neightaor f
route, based on this assumption. More speci cali.R (S:R) = S may change temporally. Therefore, we d|y|de the 30,000 MAC
latency samples of each link into chunks of time spé&y) denoted
E(Dsg) d %e if Lsp >L roD @) as thewindow of comparisonand we compare all the links via
1 ' otherwise their corresponding sample-chunks. Given each samplekdioun
the MAC latency of a link, we compute the sample mean and
Whered%e denotes the number of hops to the destinaample variance for the corresponditgy(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 nd 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 variatesX1, X, where X

to guide protocol design, we experimentally study the sarspde ;
required to distinguish out the best neighbor in routing. N( 1& f) andx, N (dz; 2), the samplg size re-
In our indoor testbed, let the Stargate at column O of row 6 gzlrzie Ite?/ecloismzp za(r?il 2?;]2 (>(<)2 at 10(1)§1with)z/o Cbz?n-
be the sendeB and Stargate at the other end of row 6 be the . T 2, 7 9
destinationD ; then letS send 30,000 1200-byte unicast packets the -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 specic
(e.g., MAC latency and reliability) on all the links assdei@with Wc. For a 95% con dence 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-percentife
distinguish out the best neighbor. the sample sizes for differelc's. We see that the percentiles do
First, we need to derive thdistribution modefor MAC latency. ot change much a&/c changes. Moreover, we observe that, even

Figure 11 shows the histogram of the unicast MAC latencies férough the 90- and 95-percentiles tend to be large, the 76- an
80-percentiles are pretty small (e.g., being 2 and 6 resedct

B. Sample size analysis

16000 whenWc is 20 seconds), which implies that routing decisions can
14000 converge quickly in most cases. This observation also raiets/
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 eaclinbeig
Figure 12(b) shows the percentiles for a 95% con dence level

) . estimation with an accuracy of 5% [24]. We see that, even
the link to a node 3.65 meters (i.e., 12 feet) away freBm(The

MAC latencies for _Other links assume similar patterns.)e!Biy 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 fde 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 whec is 20 seconds) are signi cantly greater thangcations and IDs of its neighbors, a nogeneeds to identify
those for route selection. Therefore, when analyzing sarsize  the best forwarder in routing. To jump start the route/fauies

requirement for routing, we should focus on relative COM§EaT  selection processs takes a few samples of the MAC latency for
among neighbors rather than on estimating the absoluteevalthe |ink to every newly learned neighb& 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 whichinitializes the ELD metric for every

Having de ned the ETX/ETT-type data-driven routing metricheighbor 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 I’OUgh idea of the relative
ELD. Without loss of generality, we only consider a singléuality of the links to its neighbors, because, as trafc and
destination, i.e., the base station to which every otheenuekeds interference pattern changes, the relative ranking in tleam
to nd a route. In a nutshell, LOF works as follows: when a nod®AC 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 thatttwi
neighbors; for every newly discovered neighbor, the nolesa
few initial samples of the unicast MAC latency and initiakizthe
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 rst elaborate on the individual components @DF,
then we discuss implementation issues such as reliablyifetc

MAC feedback. Figure 13. Mean unicast MAC latency in different interferiscenarios 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 locatistatively 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 IlI-B. We set the initial sample size &s(i.e., the
80-percentile of the sample size whery is 20 seconds) in our
OW(periments.

1) [Issue request] Upon boot-up, a node broadcastscopies
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 skt 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 bagm for an application traf c pattern, the node needs tomda
station acknowledges the requesting node by broadcasting estimation of LD via the MAC feedback for unicast data
M copies of hello-reply packets. A hello-reply packet transmission. (According to the analysis in Section lll+Bute
contains the location of the base station as well as the Wcisions 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 ).

rst time a hello-reply packet from another node closer op_jine estimation. To determine the estimation method, we rst

to the base statior records the ID and location & and  check the properties of the time seriesla§(LD ), considering

regardsB as a forwarder-candidate. the same scenario as discussed in Section 1I-B. Figure a4sh
4) [Announce presence] When a node other than the base

station nds a forwarder-candidate (and thus a path) for the
rst 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? me
at most onehello-requestfrom another node each time the
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 thing(LD ) regarding a node 3.65 meters (i.e., 12

log(LD) (ms/meter)

Figure 14. A time series dbg(LD )



feet) away from the send& (The log(LD ) for the other nodes
assumes similar patterns.). We see that the time seriesetb w — 90
with the constant-level mod¢R2] where the generating processis o
represented by a constant superimposed with random uonst I
Therefore, a good estimation methodegponentially weighted — *¢ 7~

<
estimation fidelity (%)

moving averagdEWMA) [22], assuming the following form 85 %
0 < estimation fidelity (%))
Vi"'l Vi + (1 )V (4) 8055 100 150 200 250 _ 300 55 0.2 04 0.6 08 1
window of comparison (seconds) L. a .
whereV;,, is the next estimate of parametérto be obtained, (a) best (b) sensitivity analysis
V; is the current estimate/° is the latest observation of, and Figure 15. The weight in EWMA
is the weight @ 1).

In LOF, when a new MAC latency and thus a néwg(LD )
value with respect to the current next-hop forwardkeris ob- . .
served, thev; value in the right hand side of formula (4) may besd.e“.tly ren:funs abovi 85% c\j,\:‘he?h ch?r:lges_ f:jom 0'? to_ 0.98.
quite old if R has just been selected as the next-hop and som'ernl ar pa_ erns a.re. 0 serve_ or_ eo grwm ows of cathpa
packets have been transmitted to other neighbors immd;diat&oo' The insensitivity of ‘?S“”?a“‘?” Qellty 0 ggarantees the
before. To deal with this issue, we de ne thage factor (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 noSle
that have been transmitted singeof R was last updated. Then, adapts its route selection by the ELD metric. Moreover, & th
formula (4) is adapted to be the following: unicast reliability to a neighbadR is below certain threshold (say
(R) (R)x1,0 60%), S will mark R as dead and will remov& from the set

Vi1 Vi+(1 A% ()  of forwarder-candidates. & loses all its forwarder-candidates,
(Experiments con rm that LOF performs better with formug) ( Will rstbroadcastM copies othello-withdrawalpackets and then
than with formula (4).) restarts the routing process. If a ncﬂ%hegrs ahello-w(;thdrawal

Each MAC feedback indicates whether a unicast transmissiBACKet froms, and ifS is a forwarder-candidate &, S°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 rst calculates the age factgr) ~forwarder as need be. (As a side note, we nd that, on average,
for the current next-hop forwarder, then it adapts the eation ©nly 0.9863 neighbors of any node are marked as dead in both ou
of log(LD ) as follows: testbed experiments and the eld deployment of LOF in projec

If the transmission has succeeded, the node calculates 'r:ﬁ%sc‘f’ll [6]. Again, th? W|thdraW|_ng and rejoining process &
newlog(LD ) value usind and applies it to formula (5) to get optimized, but we skip the details here.)

a new estimation regarding the current next-hop forwarder. . .

If the transmission has failed, the node should not useDP- 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 sampgnto
using formula (5), for each associated link. Then, if theenodactual data transmission), the data-driven adaptationeafoay
retransmits this unicast packet via the currently used tink miss using good links, simply because they were relativelg b
expected number of retries until succes%isassuming 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 nod& has consecutively transmitted
failed transmission, the expected overall latefdg (1+ %)I. I'ns (Ro) number of data packets using a neighlyg, S will
Therefore, the node calculates the neg(LD ) value using switch its next-hop forwarder fronRo to another neighboR®

19 and applies it to formula (5) to get a new estimation.  with probability Pns (R (so that the link quality toR° can be

Another important issue in EWMA estimation is choosing th&ampled). On the other hand, the exploratory neighbor sagpl
weight , 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. _

values and compute the corresponding estimation delitgtt !N what follows, we explain how to determine the sampling
is, the probability of LOF choosing the right next-hop forder Probability Pns(R9 and the sampling  interval ns (Ro). For
for S. Figure 15(a) shows the bestvalue and the correspondingConvenience, we consider a sendgrand let the neighbors of
estimation delity for different windows of comparison. the S P&Ro;R1;:::iRy 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 delity is 89.3%.n(® better neighbor should be chosen with higher probability OF,
the time span of the ExScal traf c trace is about 20 seconds, & neighbor is chosen with the probability of the neighboualty
set as 0.8 in our experiments.) being the best next-hop forwarder. We derive this probighbiti

For sensitivity analysis, Figure 15(b) shows how the ediona three steps: the probabilitpy(R;; R;) of a neighborR; being
delity changes with when the window of comparison is 20actually better than another o (given by formula (6)), the
seconds. We see that the estimation delity is not very d&esi probability P, (R;) of a neighborR; being actually better than all
to changes in over a wide range. For example, the estimatiothe neighbors that ranks lower than itself (given by form{@y,



and the probabilityPns (Rj) 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-
imate Py(Ri;Rj) with PfLD (S;Ri) > LD (S;R;j)g, which

In this subsection, we discuss implementation issues of. LOF
MAC feedback ex ltration. In LOF, both the status and the

equalsPflog(LD (S;R;)) > log (LD (S;R;))g. As discussed in MAC latency are required for every unicast transmissiort. thfe

Section 1lI-B, log(LD (S;R;)) as well aslog(LD (S;R;)) has
a normal distribution. Assumdog(LD (S;R;)) N( i; 2),
log(LD (S;R;j))  N( j; {), and thatlog(LD (S;R;)) is inde-
pendent oflog(LD (S;R;)), then we have

Po(Ri;R;) = G(e5=5) (6)

whereG(x)=1 ( x), with

Terf( x=" 7 ) x 0

1 lerfox= (2)) x>0

erfX)  (ga=z)exp x>+ P(gi))
P(x)=0:1708727%° 0:8221522%® + 1:4885158%”’
1:1352039&5 + 0:2788680%°>  0:18628806*+
0:0967841&3 + 0:3740919&2 + 1:0000236&
1:26551223

(x)=

Knowing Py(R; ;Ry) for everyj andk, we computeP,(R;)

(i=1;:::;N) inductively as follows:
Pn(R1) = Po(R1;Ro); Q.
Pn(Ri) Py(Ri;Ro) ~ [ (1 (Po(Ri;Ri)+

Pr(R) | 1) PolRoiR)
7)

I=2;000
Then, we compute the sampling probability as follows:

Pns (RO) = Pb(Ro; Rlb QjN:Z (1 Ph (RJ ))1
Pns (RI) = Ph(Ri) J'N:i+1 (1 Ph(RJ )) (8)
(i=1;::;N 1)

Pns (Rn) = Pn(RN)

(Interested readers can nd the derivation of formulas (6), (7),
and (8) in [38].) 5
Because of the approximation in formula (7),i'\‘:0 Pns (Rj)

default Linux WLAN driverhostap[5] only signals failed unicast
transmissions, and it does not signal the unicast MAC Igtenc
Therefore, we modify the Linux kernel and the hostap driver
such that the transmission status, whether success orefaiki
always signaled and the MAC latency is reported too. Since we
implement LOF, using EmStar [4], as a user-space proces§; MA
feedback is sent to the LOF process mitlink sockets andproc

le system [21].

Given that the LOF process executes in user-space and that
packet transmission is supported via UDP sockets in EmStar,
there is memory copying in the procedure between the LOF
process sending a packet and the hostap driver transmittieng
corresponding 802.11b MAC frame(s). Thus, one issue is lmow t
map a data transmission at the user-space with the framg- tran
mission at the driver and thus the MAC feedback. Fortunately
the data buffers in EmStar, Linux TCP/IP stack, hostap drive
and the SMC WLAN card are managed in the rst-in- rst-out
(FIFO) manner. Therefore, as long as we make sure that each
data transmission from the LOF process can be encapsulated i
a single MAC frame, each MAC feedback can be mapped with
the corresponding data transmission if there is no loss oCMA
feedback.

Nevertheless, we nd that, under stressful conditions, MAC
feedback may get lost in two ways:

A MAC feedback will be dropped imetlink sockets if the
socket buffer over ows.

If there is no valid ARP (Address Resolution Protocol) entry
regarding the unicast destination, a data packet is dropped
the IP layer (without informing the application layer) befo
even getting to the hostap driver, which means that no MAC
feedback will be generated and thus “lost”.

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 (Ri)'s (i =0;:::;N) such that their sum is 1.

Sampling interval. The frequency of neighbor sampling should

depend on how good the current next-hop forwarderis, i.e.,

the sampling probabilityPns (Rp). In LOF, we set the sampling

interval I ns (Rg) to be proportional tPns (Ro), that is,

Ins(Ro)= K (N Pns(Ro)) 9

whereN is the number of active neighbors thathas® and K
is a constant being proportional to the stability of link bya

To avoid buffer over ow atnetlink sockets, LOF enforces
ow control within a node by enforcing an upper bound
on the number of data transmissions whose MAC feedback
has not come back. (This upper bound is set to 7 in our
experiments.)

After each data transmission, LOF checks the kernel ARP
table to see if there is a valid entry for the destination & th
unicast packet. In this way, LOF is able to decide whether
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 Iseto be
20 in our experiments.

nd that the above mechanisms guarantee the reliable dglivke
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 besad
with higher probabilities, and that the better the curremvarder
is, the lower the frequency of exploratory neighbor sangplifhe
sampling probabilities and the sampling interval are retdated
each time the next-hop forwarder is changed.

6SincePns (Ro) tends to decrease &6 increases (when the other factors
such as network setup are xed), we introdule in the formula to avoid

having too small ns (Ro).

easy maintenance. As a part of our future work, we are exygori
implementing LOF in kernel space to see if the process ddlvblfi
fetching MAC feedback can be simpli ed.

Reliable transport. MAC feedback helps not only in link quality
estimation but also in reliable data transport. For examgten
detecting a failed transmission via the MAC feedback, a reade
retransmit the failed packet via a new next-hop forwarder.tiae
other hand, the transmission status carried in a MAC feddbac



only re ects the reliability at the MAC layer. To guaranteede
to-end reliability, we need to make sure that packet deliver
is reliable at layers above MAC: First, we need to guarantee
the liveness of the LOF routing process, which is enabled by
the EmStar process monitoring faciligmrun in our current
implementation; Second, the sender of a packet transmissio
guarantees that the packet is received by the hostap duisieg

the transmission status report from EmStar; Third, sesitks-
ow control guarantees that there is no queue over ow at the
receiver side.

Node mobility. Given that nodes in most sensor networks are
static, LOF is not designed to support high degree of mgbilit
Nevertheless, LOF can deal with infrequent movement of sode
in the following simple manner:
If the base station moves, the new location of the base statio
is diffused across the network;

10

with the minimum ETX value. Since the transmission rate
is xed in our experiments, ETX routing also represents
another metric ETT [15], where a route with the minimum
expected transmission timis used. Since ETT performs
similar to MAC latencyas shown in [15], ETX routing
performs similar to MAC latency based routing and is the
distance-vector, beacon-based counterpart of LOF.

PRD: product of packet reception rate and distance traversed
to the destination. Unlike ETX, PRD is geography-based. In
PRD, a node selects as its next-hop forwarder the neighbor
with the maximum PRD value. PRD can be regarded as the
geographic counterpart of ETX, sinquéT approximates
the expected ETX per unit-distance to destinatiéwecord-
ingly, PRD can be regarded as a beacon-based counterpart
of LOF.

In our experiments, metrics ETX and PRD are estimated ac-

If a node other than the base station moves, it rst broadca&@rding to the method originally proposed in [13] and [33prF
M copies of hello-withdrawal packets, then it restarts its/nstance, broadcast beacons have the same packet length and

routing process.

(Note that a node can detect the movement of itself with the he
of a GPS device.)

Neighbor-table size control. Compared with Berkeley motes,
Stargates have relatively large memory and disk size @4d4B
RAM and 32MB ash disk). Therefore, we adopt a very simple
method of neighbor-table size control: keeping the best-hep
forwarders according to their ranks. In our experiments,sst

transmission rate as those of data packets.
To verify some important design decisions of LOF, we also
study different versions of LOF as follows:

L-hop assumes geographic-uniformity, and thus uses metric
ELR, as speci ed by formula (3), instead of ELD;

L-ns does not use the method of exploratory neighbor
sampling;

L-sd considers, in exploratory neighbor sampling, the neigh-
bors that have been marked as dead;

the maximum neighbor table size as 20. A more detailed study L-se performs exploratory neighbor sampling after every

of the best neighborhood management scheme for Stargates is

beyond the scope of this paper.

V. EXPERIMENTAL EVALUATION

packet transmission.

We will discuss distance-vector data-driven routing in tiecV-
C.
For easy comparison, we have implemented all the protocols

Via testbeds and eld deployment, we experimentally ev&uamentioned above in EmStar [4], a software environment for
the deSIgn decisions and the performance of LOF. F|rst, Vtﬁvek)ping and dep|0y|ng wireless sensor networks.

present the experiment design; then we discuss the expggme
results.

Evaluation criteria. Reliability is one critical concern in con-
vergecast. Using the techniques of reliable transportudisad in

Section IV-E, all the protocols guarantee 100% packet dpfiv

A. Experiment design

Network setup. In our indoor testbed as shown in Figure 2, w
let the Stargate at the left-bottom corner of the grid be thgseb
station, to which the other Stargates need to nd routes.nThe
we let the Stargat8& at the upper-right corner of the grid be the
traf ¢ source. S sends packets of length 1200 bytes according to
the ExScal event trace as discussed in Section II-A and &igur
For each protocol we studg simulates 50 event runs, with the
interval between consecutive runs being 20 seconds. Tdreref

in our experiments. Therefore, we compare protocols in iogetr
Other than reliability as follows:

End-to-end MAC latencythe sum of the MAC latency spent

at each hop of a route. This re ects not only the delivery
latency but also the throughput available via a protoco],[13
[15].

Energy ef ciency energy spent in delivering a packet to the
base station.

for each protocol studied, 950 (i.6Q 19) packets are generatedB. Experimental results

ats.
We have also tested scenarios where multiple senders gene

ExScal traf ¢ simultaneously, the data traf c is periodior the

network assumes a random instead of a grid topology;

MAC latency. Using boxplots, Figure 16 shows the end-to-end
ffac latency, in milliseconds, for each protocol. The averag
end-to-end MAC latency in both ETX and PRD is around 3 times
LOF ht%%t in LOF, indicating the advantage of data-driven linlaliy

also been used in the backbone network of ExScal. We disc%%?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 tgéatri

Protocols studied. We Study the performance of LOF in Com-routing metric (inc|uding not assuming geographic umfmmq
parison with that of beacon-based routing, represented B¥ 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 implementinyg it

show the route hop length, per-hop MAC latency, average per-

ETX expected transmission count. It is a type of geographirop geographic distance, and the coef cient of variatio®{Q of
unaware distance-vector routing where a node adopts a ropt-hop geographic distance. Even though the average hopte
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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 explainvshy
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 heterogersous
different locations of the network.

Energy ef ciency. 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
i
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 athge

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 instancenumPkt in L-hop is 2.89 times that in LOF.
Note thatnumPkt 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 retransmissimamP kt 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 ef ciency among the quols
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 omitmistd
Bellman-Ford algorithm) with data-driven link estimationVe
have implemented the distance-vector data-driven roufirg
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 traf cetrac
Figure 24 shows how the end-to-end MAC latency in LOF-dv
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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 nd them well: ETX also uses long links,

but they are not reliable; L-ns uses reliable links, but theg 19ure 24. ~ End-to-end MAC latency: event trafc, 1 sendéofe: the
. experiments are done with a 15 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 traf c. Besides the scenario of beacon-driven routing ETX and PRD. We observe similar paste

1 source event traf c which we discussed in detail in the lash terms of other evaluation metrics (such as energy efcj@n
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-ne@hb traf c).

simultaneously generate packets according to the ExSaft tr  To understand the impact of different protocols on network
trace. We have also experimented with periodic traf c whereapacity, we also measure the network throughput by lettieg

1 or 3 Stargates (same as those in the case of event traf@rmer 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 eadat 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 navaluate the performance of different protocols in randetavork

L1

ETX PRD

LOF-dv LOF

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

and LOF-dv yield similar network throughput, and they both
signi cantly 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-haugfput
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 156 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 inoigd
the complete grid of Kansei.

50
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topology. To generate random topology, we randomly sel@ct Smprove the performance of AODV, [31] and [12] also discukse
Stargates out of tha5 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 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@f], we do not directly compare LOF to [31] and [12], instead
generates packets according to the ExScal traf c traceyrei@é we compare LOF to ETX.

shows the end-to-end MAC latency in different protocols. 3&e . N
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 also bee
; proposed for energy-ef cient routing in wireless sensamwueks.
‘ i . Nevertheless, unicast link properties were still estimatsing
% g — ; ; broadcast beacons in these works. Our work differs frontiexjs
— — S approaches by experimentally demonstrating the dif cudify
precisely estimating unicast link properties via those roldcast
beacons, and proposing to estimate unicast link properigethe
data traf c itself.

w
S
IS}

end-to-end MAC latency (milliseconds)
=
@
(=]

ETX PRD LOF-dv LOF

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 ef ciency than ETX an@"d CARP [28]. Nonetheless, these protocols did not focus on
PRD. Compared with the case of grid topology, the MAC latendyfotocol design issues specic to data-driven link estiomat
incurred in the random topology is slightly larger; this iscause 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 i 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 andstriick
1€ eployment. Based on Its well-tested performance, properties, and we have analyzed the small sample sizereequi

has been incorporated in the ExScal sensor network eld ni,xxpernent in LOF, showing both the necessity and feasibility dfda
ment [6], where 203 Stargates were deployed as the backlstne Briven link eétimation

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 adaget 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 seédet;
through coordination among receivers, in a reactive maafier
VI. RELATED WORK data transmission. Link estimation can still be helpful rege

. L . rotocols since it can help effectively select the best det o

Link properties in 802.11b mesh networks and dense W|relelp eners [9]. Therefore ndFi)ngs of thisy paper can be ubéfu
sensor networks have been_well stl_Jdied in [7], [27], and'[3gj§portunistic routing tc;o. 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. D& a
e_rtles, suc_:h as wide-range non-_unlform packe_t deliverg it uses the metric ETX for a link, therefore the technique ofdat
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 priegers 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 girise
on the performance of AODV have been discussed in [31] ambtlependent of our major concerns — data-driven link edtona
[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 envirortmenechniques of dealing with geographic void into LOF, by datep
distance, and interference pattern on the differencesshwivere the de nition of “effective geographic progress” (in Searti lll-
not the focus of [31] and [12]. [12] mentioned the dif cultyf 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 ne tunes the GPS resatting
techniques for reliably fetching MAC feedback, which buildeduce localization inaccuracy, as also used in the elcexpent
the foundation for data-driven link estimation and routin@ ExScal [6].



VII. CONCLUDING REMARKS

(12]

Via experiments in testbeds of 802.11b networks, we hayg

demonstrated the dif culties of precisely estimating @&t link
properties via broadcast beacons. To circumvent the dii€s,

we have proposed to estimate unicast link properties via dzyf‘”

traf c itself, using MAC feedback for data transmission® fhis
end, we have modi ed the Linux kernel amdstapWLAN driver

to provide feedback on the MAC latency as well as the status
every unicast transmission, and we have built system sodtw.

(18]

fh

for reliably fetching MAC feedbacks. Based on these systejtv]

facilities, we have demonstrated the feasibility as welpaten-
tial bene ts of data-driven routing by designing protocoDE.

LOF mainly used three techniques for link quality estimatio

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

(18]

[19]
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and implementation, LOF has been successfully used to sLpR8g; 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 IEEE

Stargates have been deployed in an area of 1260 meters by [225%

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

and routing in 802.11 networks. But we believe that the cptioé
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 avoidingogeri

beaconing, LOF facilitates greater extent of energy caadien,

because LOF does not require a node to be awake unless ipig
generating or forwarding data traf c. We plan to explore she

directions in our future work.
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