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Abstract—Link estimation is a basic element of routing in proposed and started to use data-driven link estimatiom-met
low-power wireless networks, and data-driven link estimaion  ods where unicast MAC feedback serves as the basis of link
using unicast MAC feedback has been shown to outperform estimation [11], [12], [13], [14], [15], [6], [10]. In most

broadcast-beacon based link estimation. Nonetheless, tlé is irel MAC ¢ | . ¢ ket i t itted
known about how different data-driven link estimation methods ~WI'€l€ss protocols, a unicast packet Is retransmitted,

affect routing behaviors. To address this issue, we clasgiexisting UPONn transmission failure, until the transmission sucseed
data-driven link estimation methods into two broad categoies: or until the number of transmissions has reached a certain
L-NT that uses aggregate information about unicast andL- threshold value such as 8. For convenience, we call the indi-
ETX that uses information about the individual unicast-physi@l ;4,31 transmissions involved in transmitting a unicastkes
transmissions. Through mathematical analysis and experiental . . .. . .
measurement in a testbed of 98 XSM motes (an enhanced versionthe un|(_:as_t—phy3|cal-transm|SS|enand each unicast-physical-
of MICA2 motes), we examine the accuracy and stability of transmission represents a DATA-ACK handshake between the
L-NT and L-ETX in estimating the ETX routing metric. We  sender and the receiver. MAC feedback for a unicast trans-
also experimentally study the routing performance of L-NT axd  mission usually containaggregateinformation (e.g., MAC
L-ETX. We discover that these two representative, seemingl |5tancy number of physical transmissions, and transorissi
similar methods of data-driven link estimation differ significantly P .
in routing behaviors: L-ETX is much more accurate and stable status) abo.Ut transm'mng the un'?aSt paCke:t as f"‘ V\.’h.OIe’ bu
than L-NT in estimating the ETX metric, and, accordingly, from these information we can derive properties ofitiaivid-
L-ETX achieves a higher data delivery reliability and energy ual physical transmissions involved in unicasting. According
gff;céiency th?n IL-NT (for lnsigngl?' 'klj')rl\ 25.1f%_3<yé)_and a fa_((:jtor of we can classify existing data-driven link estimation meiho

.75 respectively in our testbed). These findings provide me ; ; ;
insight into the subtle design issues in data-driven link eégmation dependlng on whether they use the aggregate mformaﬂon
that significantly impact the reliability, stability, and e fficiency ab.OUt un'cas_t or they l.Jse_ information aF’O“t_ the 'n.d'v'dual
of wireless routing, thus shedding light on how to design lik Unicast-physical transmissions. As we will discuss in more
estimation methods for mission-critical wireless networks which detail in Section II-A, the existing data-driven link esttion
pose stringent requirements on reliability and predictablity. methods can be represented by the following two seemingly

Index Terms—Low-power wireless networks, sensor networks, Similar methods of estimating link ETX (i.e., expected n&nb

link estimation and routing, data-driven, beacon-based, éftance- of transmissions)L-NT where the aggregate information on

vector routing, geographic routing the number of physical transmissions (NT) for each unicast
is directly used to estimate link ETX, aldETX where the
|. INTRODUCTION number of physical transmissions for each unicast is first

Wireless communication assumes complex spatial and teused to calculate the reliability of individual unicastygical-
poral dynamics [1], [2], [3], [4], thus estimating link pregiies transmissions which is then used to estimate link ETX.
is a basic element of routing in wireless networks. One link To clarify the subtle differences between L-NT and L-
estimation method that is commonly used in early wirele$sTX, let us examine a simple example. Suppose we want to
routing protocol design [5], [6] is letting neighbors exoga estimate the ETX metric along a link based on the MAC
broadcast beacon packets, and then estimating link pieperfeedbackNT's = {3,4,5}, which denotes the fact that it
of unicast data transmissions via those of broadcast beacdras taken 3, 4, and 5 physical transmissions to successfully
Nonetheless, unicast and broadcast differ in many ways suigiver the first, second, and third unicast packet respelgti
as transmission rate and MAC coordination method [7], [8lf it takes = number of physical transmissions to successfully
and it is difficult to precisely estimate unicast link projpes deliver a unicast packet, then there dre— 1) number of
via those of broadcast due to factors such as the impact tfaited physical transmissions and 1 successful physiealstr
dynamic, unpredictable network traffic patterns have ok lirmission during this unicast. Accordingly, frolT's, we can
properties [9], [10]. derive a time serie§' Xes = {0,0,1,0,0,0,1,0,0,0,0,1}

The research community has become increasingly awai@noting that the first and the second physical transmission
of the drawbacks of beacon-based link estimation, and Haave failed, the third physical transmission has succeeded

. . _ resulting the delivery of the first unicast packet, and the
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transmissions based on the status (i.e., success or Jadfireestimating the ETX routing metric. Using traffic traces for
every 4 physical transmissions, th€X es imply a time series both bursty event detection and periodic data collectiod an
PDRs ={0.25,0.25,0.25} of the PDRs of unicast-physical- using both grid and random network topologies, we also exper
transmissions. Suppose we use the exponentially-weightedentally study the routing performance of L-NT and L-ETX.
moving-average (EWMA) estimatar = %E + %xk Then, We discover that these two representative, seemingly aimil
in L-NT, the EWMA estimator is directly applied t&/T's = methods of data-driven link estimation differ significgnih
{3,4,5} to estimate ETX, and the estimated ETX value isouting behaviors. L-ETX is much more accurate and stable
3.3594. In L-ETX, however, the EWMA estimator is firstthan L-NT in estimating the ETX metric, and L-ETX correctly
applied toPDRs = {0.25,0.25,0.25} to estimate the averageidentifies the optimal routes with a higher probability tHan
PDR, denoted byPDR;, of unicast-physical-transmissionsNT does. Accordingly, L-ETX achieves a higher data delivery
then the link ETX is estimated to bgl%—Rt = ﬁ =4. reliability, higher energy efficiency, and higher throughp

As we will discuss in Section II-A, L-NT can representhan L-NT (for instance, by 25.18%, a factor of 3.75, and
the data-driven link estimation method used in SPEED [12],factor of 3.53 respectively in our testbed); L-ETX alsosuse
LOF [16], [10], and CARP [14] which employ aggregatdonger yet more reliable links, thus introducing lower data
MAC feedback information, and L-ETX can represent thdelivery latency and latency jitter than L-NT. We also find
data-driven link estimation method used in four-bit-estiimn that the higher stability in L-ETX enables a much higher
[11], EAR [13], NADV [15], and MintRoute[6] which employ stability in routing, thus improving the predictability oduting
the reliability information about individual unicast-péigal- performance which is critical to mission-critical netwerk
transmissions. Over the past years, various studies havenshcontrol. These findings provide new insight into the subtle
that data-driven link estimation outperforms broadcastdon design issues in data-driven link estimation that signifilya
based link estimation in routing [10], [11], [14]. But I#tl impact the reliability, latency, and predictability of wless
is known about how different data-driven link estimatiomouting, thus shedding light on the principles of using MAC
methods affect routing behavior, and unicast MAC feedba&edback information in mission-critical wireless netkar
has been used in mostly an ad-hoc manner. For instance, a LThe rest of the paper is organized as follows. We compare
NT-type and a L-ETX-type data-driven link estimation methedifferent methods of using MAC feedback in Section Il, and
ods were first introduced in SPEED [12] and MintRoute[6lve present the impact of link estimation accuracy on routing
respectively; then two slightly different L-ETX-type asttion behaviors in Section Ill. We discuss protocols similar t&IT-
methods were used in NADV [15] and EAR [13], and a Land L-ETX, and we present additional performance evalnatio
NT-type estimation method was used in LOF [16]; later, a Lresults in Section IV. Finally, we discuss related work in
ETX-type estimation method was used in four-bit-estimaticSection V and make concluding remarks in Section VI.

[11], after which a L-NT-type estimation method was recentl
used again in CARP [14]. Some of the aforementioned proto-
cols (e.g., SPEED [12] and four-bit-estimation [11]) arellwe
known and well cited within the research community; some of In this section, we first present in more detail the two
these protocols have been deployed in field sensor networlgdresentative methods (i.e., L-NT and L-ETX) of data-einiv
for instance, LOF [16] being deployed in the DARPA ExScdink estimation, then we comparatively study their estiorat
[17] project and four-bit-estimation [11] being adoptedtilas accuracy via mathematical and experimental analysis.
default link estimator in the TinyOS CTP protocol [18] and

deployed accordingly. Nonetheless, we still lack a systema : : A

understanding on how these different data-driven linknessti A. Different data-driven estimation methods

tion methods affect the reliability, latency, stabilitycaenergy ~ Based on the discussion in Section I, we can classify exist-
efficiency of routing. This is an important problem becawse, ing data-driven link estimation methods depending on wéreth
low power wireless sensor networks are increasingly deloythey directly use the aggregate information about unicast o
for mission critical tasks such as industrial monitoring, they use information about the individual unicast-phyisica
is critical to ensure high reliability, low latency, and hig transmissions. In the literature, SPEED [12], LOF [10], and
predictability in routing. Moreover, as the rich informmti CARP [14] use the aggregate information MAC-latency, yet
carried in MAC feedback (e.g., both the number of physicgfotocols such as four-bit-estimation [11], EAR [13], NADV
transmissions and the time taken for a unicast transmigsié#?], and MintRoute[6] use the reliability information alto
are used in an increasingly broader context, it is importafdividual unicast-physical-transmissions. In this papee

to understand the impact of the different ways of using thegeainly focus on the following two data-driven link estinati
information. methods:

Therefore, our objectives in this paper are to comparativel « L-NT: directly use feedback information on thmimber
study the different methods of data-driven link estimator of physical transmissionéNT) to estimate the expected
to distill the guidelines of using MAC feedback information number of physical transmissions (ETX) required to
in wireless link estimation and routing. Through mathegsiti successfully deliver a packet across a link;
analysis and experimental measurement in a testbed of 98 L-ETX: first use feedback information to estimate the re-
XSM motes (an enhanced version of MICA2 motes), we liability, denoted as PDR, of individual unicast-physical
examine the accuracy and stability of L-NT and L-ETX in  transmissions, then estimate ETX ﬂ§§

Il. METHODS OF DATA-DRIVEN ESTIMATION



More specifically, given the same time series of MAC feedbad®WMA estimator such as the Window-Mean-with-EWMA

information on unicast transmissions along a link, L-NT anlWMEWMA) estimator [6] and the Flip-Flop Filter (FF) [19].

L-ETX try to estimate ETX and PDR respectively, where  Given a time serie$z; : i = 1,2,...} wherez; is a random

ETX; is the ETX for the link and PDRis the expected variable with meany and variances?, the corresponding

reliability of unicast-physical-transmissions along thek. EWMA estimator foru is

In L-NT, the time series inpufz; : ¢ = 1,2,...} to its

estimator is{NT; : i = 1,2,...}, where NT is the number Y1 = 1

of physical transmissions taken smccessfullydeliver thei- Yk = o¥k—1+ (1~ aJar, 0<a<l, k=23,...

th unicast packet;in L-ETX, the time series inpu{z;} is By induction, we have

{PDR; : ¢/ = 1,2,...}, where PDR is the packet delivery

rate of thei’-th window of unicast-physical-transmissions

with window size W (i.e., the average delivery rate of the

(" = 1) x W + 1)-th, ('’ — 1) x W + 2)-th, ..., and the

((i" = 1) x W + W)-th unicast-physical-transmission). In what follows, we first analyze the accuracy of EWMA
The rationale for considering the two methods L-NT an€éistimator in general, then we compare the accuracy of L-

L-ETX are as follows: NT and L-ETX. For mathematical tractability, our analysis

« ETX is a commonly used metric in wireless networ@SSUmes that each unicast-physical-transmission is aBk&rn
routing; trial with a _fa_ilure probability_Po (0 < Py < 1). We corrobo-

. Since MAC latency is approximately proportional tgate the validity of our gnalytu_:al results throughtest-ﬂlm_ed
NT given a certain degree of channel contention, tH&Pe€rimentalanalysis in Sections II-C and Ill. We also dssc
parameter NT is tightly related to MAC latency suciemporal link correlat|o_n at the end of this subsecthn. _
that L-NT also represents protocols (e.g., SPEED [1£Jccur_acy of EWMA estimators. To measure the estimation
and LOF [16]) that directly use MAC latency in routing;€Tror in the estimatof: = ., we definesquared error(SE)
(we will examine routing methods that use MAC latenc§S

k
Y = oFry + (1-a) Zak_i:ri, k>1
i=1

in Section 1V, and will show that they behave similar to SE;, = (y, — u)?
L-NT.) = ((aFz1+(1-a) i, of ) — )
e L-NT and L-ETX estimate the same link property ETX, _ k(. _ _ ko k—ig. _))2
. S . . = (@@ —p)+A—-a) ), a" " (zi —p)
which enables fair, simple comparison between different — 0 (e — )2 + (1 —a)? Z;_C o 20k—0) (@ — )2+
data-driven estimation methods and helps elucidate the CP ! i=1 ¢
different behaviors across different data-driven link-est k 1)
mation methods. where
Based on this research design, L-NT represents the method e
used in SPEED, LOF, and CARP, and L-ETX representgp’c = (1-a) Zi?a 1155”1 — (i __H)“'
the method used in four-bit-estimation, EAR, NADV, and (1—a)? Dic Zj;éi,j:l ok (2 — w)(z; — )
MintRoute. .
In what follows, we first mathematically analyze the dif- Therefore, thanean squared ero(MSE) is
ferences between L-NT and L-ETX to gain basic insight into MSE, = F[SE]
the behaviors of different link estimation methods, then we = o E[(x1 — p)?+
experimentally measure the behaviors of L-NT and L-ETX to (1—a)? Zle a2(k_i)E[(:vi — )3+ @)
corroborate the analytical observations. E[CP]
) Note that the expectatioR|| is taken overry, xa, ..., zk.
B. Analysis of L-NT and L-ETX When each unicast-physical-transmission is a Bernoulli

In low-power, resource constrained wireless sensor n#étal, the z;'s are mutually uncorrelated in both L-NT and
works, most routing protocols use simple, light-weight ed-ETX, that is, E[z;z,;] = E[x;]E[x;] if i # j. Then for
timators such as the exponentially-weighted-moving-ager i # j,

(EWMA) estimator and its variations. Therefore, our analys Bl — o

in this section focuses on the accuracy of estimating ETX (@i = p)(j — )]
for a wireless link via the commonly-used EWMA estimator.

But the analytical results also apply to variations of theiba

= Elzizj — zip — px; + p?]
= E[z]Elx;]-
Elz]p — pEla;] + p?

Il
o

2Note that, for the-th unicast packet, NiTis calculated based on the MAC Thus
feedback on the number Nof physical transmissions incurred for tih !
unicast and the status (i.e., success or failure) ofttheunicast. If the status E[CP
shows success, then NE NT; otherwise, the feedback simply shows that k]
the packet has not been successfully delivered after tigivggmNT/, times, -
thus we set NT as K x NT/, where K is a geometric random variable with k k 2k—i—j o o
success probability of?* (f) < P¥* < 1), and P* is the average unicast Zi:l Zi?ﬁid:l @ Bl(zi = p)(zj — p)]
reliability calculated based on the status information mmgmitting the: =0
unicast packets so far. 3)



From Equations 2 and 3, we have Thus

MSE; = o*0+(1-a)’ Y, a*F o BLETX) = ZLETX_ prlP —Pely | ppipp
220" a1 ' ) (LETX) = —prx, — El—p, 1~ DEIPDR.
1+« . ... .
To measure thedegree of estimation erro(DE) using In the mean time, we know from Proposition 1 and Inequality 8

that DE),(L-NT) > DEy[PDR. Therefore,DEy(L-NT) >
DE,(L-ETX).
MSE,

DE, = YMSh O
(5)

. Thus

estimatorji = yi, we defineDFE}, as 7@

= 72&2]611;0‘“ From the above analysis, we see that, even though L-
NT and L-ETX use the same MAC feedback information in

= COV[X] /w _ o) > :
to a seemingly similar fashion (e.g., PDR assume, approxi-

where COV'[X] is the coefficient-of-variation (COV) of the mately, a form of the reciprocal of NE), the variability (more
a's, i.e., COV[X] = Z. Therefore, we have precisely, the COV) of NTs tends to be greater than that of

Proposition 1: Assuming thatz; andx; (i # j) are uncor- PDR;’s, and this difference in variability makes L-NT a less
related, the degree of estimation error using EWMA estimataccurate estimator than L-ETX.

is proportional o the COV of the’s. Remarks on temporal link correlation. By assuming

Relative accuracy of L-NT and L-ETX. To compare the that each unicast-physical-transmission is a Bernoi, tthe
DEs of L-NT and L-ETX, therefore, we first analyze the CO\above analysis does not consider temporal link correlation
of NT; and PDR;: as follows: general, temporal link correlation may affect analyticults
« L-NT: By definition, NT; can be modeled as following aon the accuracy of EWMA estimator and the COVs of;ind
geometric distribution with the probability of succdss PDR;.. For the purpose of this paper, however, temporal link

Py. ThusE[NT,] = =% P , andstd[NT;] = Vll__(lp;PO) _ correlation is less of a concern due to the following reasons
\/?0 . Therefore, « Even though the status (i.e., success or failure) of indi-
vidual consecutive unicast-physical-transmissions tend
td[NT; s in L- -
COVINT,] = std[NT;] _ /P (©) be correlated, ther;’s in L-NT and L-ETX are much

E[NT;)
o L-ETX: Given a window sizel/’ > 1, the number N of
successes in W physical transmissions can be modeled
as following a Binomial distribution with the probability
of successl — P, and the number of trial$1”. Thus,
E[N] = W(1 — Py), andvar[N] = W(1 — Py)P,.

less correlated. This is because 1) thgs in L-NT

and L-ETX characterize the properties of unicasts which,

spanning the time duration of several unicast-physical-
transmissions, are well separated in time when compared
with consecutive unicast-physical-transmissions, and 2)
temporal link correlation tends to be high only for sam-

Let PDR, = &, then E[PDR,| = & E[N] = 1 — P, ples from a close,.short time frame [20]. Thereforg, even
var[PDR] = Luar[N] _ (1=P)Py Po P , andstd[PDRy] = though the ana}ly5|s on the accuracy of EWMA estimator
CVaRm assumes thati_s are uncorrelated in L-NT and_ L—ETXZ
Vvar[PDRy] = Y———. Therefore, the insights gained from the analysis do hold in practice
as we will show in Sections II-C and III.
COV[PDRy/] = std[PDRy] = Vi @) « For the purpose of analyzing expected transmission cost
E[PDRy] W(l - FR) along wireless links, Keshavarziait al. [21] showed

From Equations (6) and (7), we see that that the Block-Markov Modelcaptures the impact of
block fading and is effective in characterizing temporal
link correlation. In Block-Markov model, temporal link
properties are captured with a random procgBs i >

1}, where P; is the probability that thei-th packet
transmission is successful. TH&'s can possibly exhibit
correlation, but, conditional on the values of ti¥'s,
packet success events are independent of one another. For

the random process’;, i > 1}, there exist an integeV/,

COVNT;] > COV[PDR/], it W > -

7 ®

scenarios, sincdV is generally greater than 2 anB, is
generally less than 50% [20], [10].
From Proposition 1 and Inequality (8), then we have
Proposition 2: Given an EWMA estimator and assuming

that each unicast-physical- transmission is a Bernouiil,tr
DE(L-ETX) < DE(L-NT) if W > = PO, that is, L-ETX

is more accurate than L-NT in estimating the ETX value of a
link as long asiV’ > . O

Proof sketch We first show thatDE(L-ETX) ~ DE(PDR)

as follows. LetP; be the actuaFE[PDR, ET X; be the actual
ETX and equal to— andP, be the estimate@[PDR. Then
the absolute est|mat|on errdkETX of ETX is as follows:

1 P Pe P, —P,
AETx_|———|——| L |tpi|

| = ETX, |

which reflects channel coherence time, and a random vari-
able P (0 < P < 1) such that 1)Py, Prr+1, Panit1, - -
form an independent sequence with the same distribution
as P, and 2)P1 =P, =...= Py, PM+1 = P]\,“_g =

.. = Py, P2M+1 = P2A4+2 =...= Py, and so on.
From the Block-Markov model, we see that the suc-
cess probability of consecutive transmissions tends to
be similar within a short timeframe (e.g., the timeframe
of the channel coherence time which is usually at the
scale of 500ms for static wireless networks [21], [22]).
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Since packet success events can also be regarded as
independent conditional on thig's, the use of Bernoulli
trials to model unicast-physical-transmissions tendseto b

a good approximation as far as computing expected link
transmission cost is concerned.

We corroborate these analytical observations throughrexpe
mental analysis in Sections 1I-C and Il

(a) Kansei (b) 14x7 grid
Remarks on the impact of iV and a. Note that, even though 79 2~ Sensor network testbétnsei
they do not affect the relative accuracy of L-NT and L-ETX,
the window sizéV used in L-ETX and the weight factaer of

the EWMA es_timato_r also affec_t estimation accuracy. In Wha4] in a 14x7 grid (see Figure 2(b)) where the separation
follows, we briefly discuss the impact & and o between neighboring grid points is 0.91 meter (i.e., 3 feet)
From Equations 5 and 7, we see that larger window Bize The grid deployment pattern enables experimentation with
will lead to smaller estimation error in L-ETX; on the Otherregular, grid topologies, as well as random topologies.(e.g
hand, a largeiV leads to reduced agility for the estimatorby randomly selecting nodes of the grid to participate in
to respond to changes, which can negatively affect rou“'é&periments). XSM is an enhanced version of Mica2 [25]
performance in the presence of _network dynamics. In practignote, and each XSM is equipped with a Chipcon CC1000 [26]
we usually choose a medium-sizéd as a tradeoff between ragio operating at 433 MHz. To form multihop networks, the
estimation accuracy and agility, aridf is set as 20 for the yransmission power of the CC1000 radios is set at -14dBm

study of this paper. (i.e., power level 3) for the experiments of this paper unles
Let Qx(a) = /22 —=2+L then, by Equation 5DE} is otherwise stated. XSM uses TinyOS [27] as its operating

proportional toQ (). Figure 1 shows the impact of on system. For all the experiments in this paper, the default
TinyOS MAC protocol B-MAC [28] is used; a unicast packet
is retransmitted, upon transmission failure, at the MACelay

& (more specifically, the TinyOS component QueuedSend) for
08 % ] up to 7 times until the transmission succeeds or until the 8
< 06 +Ez§ ] transmissions have all failed; a proadcast pack(_et i; triresin .
3047 wk=4 | only once _at Fhe MAC !ayer (without retransmission even if
' AEE&;G the transmission has failed).
02 ok=32 2 To collect measurement data on unicast link properties, we
gLTk=64 let the mote on the left end of the middle row (shown as black
o 0z 04 06 08 1 dots in Figure 2(b)) be theenderand the rest 13 motes of
the middle row as theeceives, and we measure the unicast
Fig. 1. Qg() properties of the links between the sender and individual

receivers. (Note that we have observed similar phenomena as

Qr() and thusDE;. We see that the optimat value in- what we will present in this section for other sender-reeeiv
creases ak increases, and the intuition is that, /aicreases, pairs.) The sender transmits 15,000 unicast packets toafach
the contribution of the history data (i.ecq, z1, . . ., zx_1) tO the receivers with a 128-millisecond inter-packet intéraad

y, becomes more and more important compared with that @#ch packet has a data payload of 30 bytes. Based on packet
the most recent observatian. On the other hand, the agility "€Ception status (|_.e., success or failure) at the recsivee

of the estimator decreases asincreases. Afteln exceeds Measure unicast link properties.

certain threshold value, moreoved(«) (and thus DE}) To examine the impact of traffic-induced interference on
increases as increases further. In practice, therefore, we cdink properties and link estimation, we randomly select 42
choose a value that tradeoffs between estimation precisidn motes out of the light-colored (of color cyan) 6 rows as

agility, and we setx as I in our study. interferers, with 7 interferers from each row on average.
Each interferer transmits unicast packets (of payloadtkeng
C. Experimentation with L-NT and L-ETX 30 bytes) to a destination randomly selected out of the other

) ) .. 41 interferers. The load of the interfering traffic is cofied
Having shown that L-ETX is a more accurate estimatiogy |eyting interferers transmit packets with a certain praibity

method than L-NT in Proposition 2, we experimentally evaly' henever the channel becomes clear.dgl. [29] showed
uate the validity of the analytical results and study theasip ¢ the optimal traffic injection rate is 0.245 in a regular

of estimation accuracy on the optimality and stability of,a5, topology, and the optimal traffic injection rate wii

routing using thekansei[23] sensor network testbed. In whaly o jower in general, two-dimensional network. Thus our

follow_s, we first present the experiment design and then the. o rement study focuses more on smallethan on larger
experimental results. ones, but we still study largelfs to get a sense on how systems

Experiment design. In an open warehouse with flat alu-behave in extreme conditions. More specifically, we use the
minum walls (see Figure 2(a)), Kansei deploys 98 XSM motésllowing d’s in our study: 0, 0.01, 0.04, 0.07, 0.1, 0.4, 0.7,
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Fig. 3. COVINT] vs. COV[PDR] whend = Fig. 4. DE(L-NT) vs. DE(L-ETX) whend = 0.1
0.1; Note that the reason why the COVs are not
monotonic with link length (i.e., sender-receiver
distance) is because of radio and environment vari-
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Fig. 5. Time series of estimated ETX values in
L-NT and L-ETX for a link of length 9.15 meters
(i.e., 30 feet); note that the time unit for the X-axis
is 128 milliseconds.

ations [4]. In this paper, we use distance mainly to
identify individual links associated with a sender,
and for clarity of presentation, we do not present
confidence intervals unless they are necessary for
certain claims of the paper.

and 1. Thus the interference pattern is controlledibiy this deviate from the actual ETX value, especially in the presenc
case. (Note that phenomena similar to what we will preseot MAC transmission failures; the estimated ETX in L-ETX,
have been observed for other interfering traffic patteros, fhowever, is very close to the actual ETX value, even in
instance, with different spatial distribution and diffeteaum- the presence of MAC transmission failures. We also see that
ber of interferers.) We have done the experimental analyie estimated ETX value in L-ETX is pretty stable whereas
for differentd’s and observed similar phenomena. Due to thihe estimation of L-NT oscillates significantly, which has
limitation of space, here we only present data for the cassgnificantimplications to routing behaviors as we disauesst
whend = 0.1 andd = 0.7. We first discuss the results forand in Section IlI-B. The reason why L-ETX performs so well
d = 0.1, then we discuss the results fér= 0.7. in this case is because of the small coefficient-of-vanmtio

L . (COV) of the PDR and thus small estimation error.
Estimation accuracy. Figure 3 shows the COV of NT and

PDR for different links. We see that COV[NT] is significantlyRouting optimality and stability. ~To understand the routing
greater, up to a factor of 17.78, than COV[PDR], whicRehaviorsinL-NT and L-ETX, we consider the case where the

is consistent with our analysis as shown by Inequality §ender on the left end of the middle row of Figure 2(b) needs
Accordingly, the degree of estimation error (DE) in L-NT id© select _the best next-hopforwar_der_am(_)ngthe set of rexeiv
consistently greater than that in L-ETX, as shown in Figurel the middle row, and the destination is far away from the
where DE(L-NT) and DE(L-ETX) for different links are Sender but in the direction extending from the sender along
presented. Therefore, the experimental results corrobdna the middle row to the right. For simplicity, we assume that
prediction of Proposition 2. Note that the reason why, gieen the sender uses a localized, geographic routing metric ETD
estimation method, the trend for its curves of COV and DE af®" ETX per unit-distance to destinatipin evaluating the
slightly different (unlike what Equation 5 would suggesti® goodness of forwarder candldates._ The metric ETD is defined
exactly the same) is due to the simplified assumption (iaehe as follows: given a sende§, a neighbor of 5, and the
unicast-physical-transmission is a Bernoulli trial) usedhe destinationD, the ETD via R is defined as

analysis. Nonetheless, the analytical and experimentdysis ETXsk_ if Lo > L
do agree on the relative accuracy between L-NT and L-ETX. { Ls,p—Ln,p o S0 = “R.D (9)
The reason why the DE value for the 11-meter-long link is o0 otherwise

very large in L-NT is due to the extremely low reliability OfwhereETXSR is the ETX of the link fromS to R, Lg p
the link and the fact, as we show immediately below, thgfenotes the distance from S to D, arfid;, , denotes the
L-NT introduces large estimation errors in the presence gfstance fromR to D. We will show in Section IV that
transmission failures. this local, geographic metric performs in a similar way as th
To elaborate on the details of link estimation, Figure §lobal, distance-vector metric for uniform networks.
shows, for a link of length 9.15 meters (i.e., 30 feet), the In our case, the best forwarder is 10 grid-hops away from
time series of the estimated ETX values via L-NT and L-ETXhe sender since the corresponding link has the minimum ETD
respectively. (Note: the figure is more readable in coldantpr value. To see how L-NT and L-EXT perform in selecting the
than black-white print.) To visualize the accuracy of L-Nida next-hop forwarder, Table | shows the forwarders (idertifie
L-ETX, we also show the NT values carried in MAC feedbackis terms of their grid hop distance from the sender) used in
and the actual ETX value for the link. To easily represemtNT and L-ETX respectively. To illustrate the optimality o
a unicast transmission failure (after 7 retransmissions), different methods, we measure the percentage of time each
present -8 as the NT value for the corresponding unicdstwarder is used, and the cost ratio of this forwarder to the
transmission. We see that the estimated ETX in L-NT tends aptimal forwarder 10. We see that L-ETX is able to identify
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Method | Forwarder| Percentage (%) Cost ratio Method | Forwarder| Percentage (%) Cost ratio

5 0.1 2.3 3 33.74 1

6 4.14 1.3 6 31.41 11
L-NT 7 7.17 15 L-NT 7 1.92 1.7

8 21.26 1.3 8 17.88 12

10 67.33 1 10 15.05 1.2

6 5.91 1.3 3 70 1
L-ETX 7 0.2 15 L-ETX 6 30 11

8 5.1 1.3

TABLE I
10 88.79 1 FORWARDERS USED INL-NT AND L-ETX WHENd = 0.7
TABLE |

FORWARDERS USED INL-NT AND L-ETX WHENd = 0.1

IIl. ROUTING PERFORMANCE

Having discussed the significant impact that link estinratio
and use the optimal forwarder more than 20% of the timaethods have on estimation accuracy and routing optimality
compared with L-NT. The average ETD of using L-ETX idn Section Il, we experimentally evaluate the performante o
3.26% more than the optimal ETD, yet the average ETD different data-driven link estimation methods in this saut
using L-NT is 11.34% more than the optimal ETD. We first present the methodology and then compare different

We also measure the number of times that the senda-driven estimation methods.
changes its forwarder when using L-NT and L-ETX respec-
Fively, and we observe that the number qf forwarder changgs Methodology
is 95 and 13 in L-NT and L-ETX respectively. Thus, L-ETX i i i i
ensures much higher routing stability than L-NT, which i du We use a publicly available event traffic trace for a field
to the fact that L-ETX is a more stable estimator than L-NT&"S0" network deployment [30]_ to evaluate the performance
as can be seen from Figure 5. Higher routing stability helﬁg different protocols. The traffic trace corresponds to the

improve the predictability of packet delivery performarine packets generated in the<7 grid of a field MICA2 mote
neE[)works. P yorp yP network when a vehicle passes across the middle of the

network. When the vehicle passes by, each mote except for
The case ofd = 0.7. According to Nget al. [29], the the base station detects the vehicle and generates twotpacke
per-node traffic injection rate in a well-controlled mutitdp which correspond to the start and the end of the event detecti
wireless network is usually less than 0.245. But to undemrespectively and are separated 5-6 seconds on averagallOver
stand how L-NT and L-ETX behave in extreme condition86 packets are generated each time the vehicle passes by. The
of heavy traffic load, here we briefly discuss the case ofimulative distribution of the number of packets generated
d = 0.7. Figures 6, 7, and 8show the estimation accuraduring the event is shown in Figure 9. (Interested readats ca
of L-NT and L-ETX whend = 0.7, and Table Il shows find the detailed description of the traffic trace in [30].h&2
the routing optimality of L-NT and L-ETX whenl = 0.7. the traffic trace is collected from 49 nodes that are deplayed
We see that, compared with the casedof 0.1, the ETX a7 x7 grid, we randomly select and use a7 subgrid of the
values of individual links are larger, and the COVs of LKansei testbed (as shown in Figure 2(b)) in our experiments.
NT and L-ETX are also slightly larger. This is due to thédo form a multi-hop network, we set the radio transmission
increased channel contention and co-channel interferaacepower at -14dBm (i.e., power level 3). The mote at one corner
the interfering traffic load increases. Accordingly, thestbeof the subgrid serves as the base station, the other 48 motes
forwarder becomes forwarder 3. Despite these changes X_-E@enerate data packets according to the aforementioned even
still performs better than L-NT, introducing lower estinaat traffic trace, and the destination of all the data packethés t
errors and being able to identify the actual best forward#ér w base station. We also evaluate protocols with other traffic
much higher probability. patterns, e.g., periodic data traffic, and other networkupst
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e.g., random networks. We observe phenomena similar to what 2
we will present, but we relegate the detailed discussion to 5 !
. T
Section IV.
. . X
Using the above _setup, we _comparatlv_ely s_tudy the_ perfor- Elo I
mance of the following data-driven link estimation and iogt z
protocols® 5
« L-NT: a distance-vector routing protocol whose objective ﬁ
is to minimize the expected number of transmissions 0 _NT L-WNT L-ETX L-NADV

(ETX) from each source node to its destination. The ETX
metric of each link (and thus each route) is estimated Vigy. 11.  Average number of transmissions per packet defijewith the
the L-NT data-driven method. error bar representing the confidence intervals at the 95%idemce level

e L-ETX same as L-NT except that the ETX metric is
estimated via the L-ETX method.

o L-WNT: a variant of L-NT where the input to the EWMA
estimator is the average of BT values for every 5
consecutive unicast transmissions. We study this protocol
to check whether the performance of protocol L-NT can
be improved by increasing the stability of the L-NT
method through the window-based NT average.

o L-NADV: a variant of L-ETX where the window siZé’
is 1 and the EWMA estimator is used to estimate packet 5 5 2 6 8
error rate (PER) instead of PDR. We study this protocol Grid hops
mainly to examine the impact 67.% L-NADV is also the Fig. 12. Average route hop length for nodes different giighdr away from
distance-vector version of the geographic protocol NADYe base station
[15].

In the above data-driven protocols, periodic, broadcasttes

are never used. We use the approactindgfal link sampling o Number of transmissions per packet delivered (NumTXx)

[10] to jump-start the routing process, where a node proac- the total number of physical transmissions incurred in

tively takes 7 samples of MAC feedback (by transmitting  delivering packets of an event divided by the number of
7 unicast packets) for each of its candidate forwarders and unique packets received at the base station. This metric
then chooses the best forwarder based on the initial sagplin  affects network throughput; it also reflects the energy
results. efficiency of a protocol, since it not only affects the

For each protocol we study, we ran the event traffic trace energy spent in transmission but also the degree of duty

sequentially for 40 times, and we measure the following cycling which in turn affects the energy spent at the
protocol performance metrics: receiver side.

« Event reliability (ER) the number of unique packetsWe also compare data delivery latency and predictabilitygis
received at the base station divided by the total numberadir data on the reliability and detailed properties of thates
unique packets generated for an event. This metric reflectsed in different protocols.
the amount of useful information that can be delivered for
an event.
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B. Experimental results

3In this paper, we sometimes use the same name for the prptiepl Figures 10 and 11 show the event reliability and the

estimation method, and the routing metric. The contextsofigtage will clarify average number of transmissions required for deIiverinIm ea
its exact meaning.

40ur experiments show that routing performance is stagityiche same packet in different data-driven protocols respectlvelyg—F
whether we use PER or PDR as the input to the EWMA estimator. ures 12 and 13 show the average route hop length and
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Metric L-NT L-WNT | L-ETX | L-NADV
Average per-hop 2.89 2.51 4.17 4.37 @
geo-distance (meter S 5 o
Average per-hop | 56.3% | 51.08% | 68.43% | 66.77% 2 L e i,
physical tx reliability g o
Average per-hop | 87.62% | 87.02% | 93.10% | 89.21% =
unicast reliability 5 -5 —:\r‘L-JreETX
Per-hop ETX 2.56 2.65 1.94 2.18 g ~-L-WNT
TABLE Ill “-10f ‘ LENT
PER-HOP PROPERTIES IN DIFFERENT ROUTING PROTOCOLS 1260 1280 1300 1320

Time series (x128ms)

Fig. 15. Time series of estimated L-WNT and L-NT for a link ehgth
9.15 meters (i.e., 30 feet)

route transmission count respectively for successfullivde
ered packets coming from nodes at different grid-hops away — _ ) _
from the base station, and Table Ill shows the detailed il \/ 5~ and it decreases gs increases. For instance, the
formation about the properties of the links used in différestandard deviation of the route transmission counts (and th
protocols. the delivery latency) for successfully delivered packetd i

) ETX tends to be less than that in L-NT as shown in Figure 14.
L-NT vs. L-ETX.  From Figure 10, we see that L-ETX Therefore, compared with L-NT, L-ETX achieves a higher
achieves a significantly higher event reliability than L-NFbr degree of predictability in routing performance, which is

insFanc_e, the medi_an event reliab_ility in L-ETX ?S 90'63%mportant for mission-critical networked sensing and coint
which is 25.18% higher than that in L-NT. The higher event

reliability in L-ETX is due to the facts that the routes used iVariants of L-NT and L-ETX.  Counterintuitively, Fig-
L-ETX are shorter than those in L-NT and the reliability oéth ures 10 and 11 show that L-WNT performs worse than L-
links used in L-ETX is higher than that in L-NT, as shown ifNT, and Table Ill shows that L-WNT chooses worse routes
Figure 12 and Table 11l respectively. Due to the same reasdfi@n L-NT does. Through careful analysis, we find out that
L-ETX achieves significantly higher energy efficiency than Lthe cause for the worse performance of L-WNT is that, even
NT, as shown in Figures 11 and 13. For instance, the averé?@UQh L-WNT is a more stable estimator than L-NT, it is
number of packet transmissions required in delivering &@ac Slower (i.e., less agile) in adapting to link property chesig
to the base station in L-ETX is 2.82, which is 3.75 times lesshe slow convergence in L-WNT further exacerbates the error
than that in L-NT. in NT-based estimation and leads to larger estimation error
From Table Ill, we see that the links used in L-ETX ar&ompared with L-NT, especially in the presence of dynamics.
longer yet more reliable than those in L-NT. This impliesttha NS can be seen from Figure 15 which shows the time series
L-ETX enables nodes to choose better routes in forwardi|‘?§ the estimated ETX values in L-WNT and L-NT for a link
data and thus leads to significantly better performance ia d&' ength 9.15 meters (i.e., 30 feet).
delivery. As expec_ted, L-NADV performs slightly worse than L-ETX,
The facts that L-ETX uses shorter-hop-length routes and t?ﬁf shown in F|gure.10,_F|gure 11.’ and Table Iil. Th|s s
the links used in L-ETX are longer yet more reliable than eho&U€ 1O the larger estimation errors in L-NADV, especially in

in L-NT also suggest that, for the same requirement on er@—e prefgncr(]e_ ?J transm;s.:,;]ont_fallures_. Th|fsﬂc1:an tl? sieg g%r?
to-end data delivery reliability, the latency and latenitief \gure 15 which presents the ime series ol tne estimate

in data delivery are smaller in L-ETX than in L-NT. Highervalues in L-NADV and L-ETX for a link of length 9.15 meters

reliability also implies less variability and better pre@ibility (i.e., 30 feet).

in data delivery performance (e.g., latency), becauseengay Route stability. Table IV shows the route stability measured
link reliability p, the variability (more precisely, coefficient-of-by comparing the routes taken by every two consecutive
variation) of packet transmission status (i.e., succe&silore) packets. We see that L-ETX (and its variant L-NADV) is
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Two consecutive route$ L-NT | L-WNT | L-ETX | L-NADV 12 ‘
(%) 10 t
Same 36.55 42 99.94 99.97 I
Diff. routes but 17.08| 11.18 0.03 0.03 L8
same hop length =
Increased hop length| 23.96 | 24.19 0.03 0 z
Decreased hop length 22.41| 22.63 0 0 4
TABLE IV 2r
ROUTE STABILITY MEASURED BY COMPARING THE ROUTES TAKEN BY
EVERY TWO CONSECUTIVE PACKETS 0 L-ETX-geo L-ML L-NT L-ETX

Fig. 18. Average number of transmissions per packet delijewith the
error bar representing the confidence intervals at the 95%idemce level

very stable and seldom changes route (only at a probability

of ~0.03%), yet L-NT (and its variant L-WNT) tends to

be much more unstable. The fact that nodes seldom changgor the same testbed and traffic setup as in Section III-A,
routes in L-ETX also shows that initial link sampling isFigure 17 shows the event reliability, and Figure 18 shows
able to identify the best forwarders for most nodes in lthe average number of transmissions per packet delivered in
ETX. In mostly static networks, high stability in routing tho different protocols. Even though detailed study of geobi@p
only helps facilitate other control logics such as QoS+uied routing as compared with non-geographic, distance-vector
structuring and scheduling, it also improves the predititab routing is a non-trivial research issue itself and is beythe

of routing performance, which is important for missiontical scope of this paper, we see that L-ETX-geo achieves similar
networked sensing and control. Detailed study of these &@ta pperformance (e.g., statistically equal median event ldiig

of our future work. at 95% confidence level) as L-ETX in our testbed where nodes
are uniformly distributed. We also observe that L-ML penfigr
similar to L-NT, and the event reliability and energy effiniy

in L-ML are lower than those in L-ETX.

In Sections Il and Ill, we have mainly studied the tWoyiher traffic load. Using the same event traffic trace as in
representative data-driven protocols L-NT and L-ETX, &l t secijon 111-A, we control the set of nodes that actually gete
study is mainly based on the regulas 7 event traffic trace g4 rce packets to imitate events of different sizes. We have
and testbed configuration. In this section, we discuss WEBMQy herimentally compared L-ETX and L-NT using two event
data-driven protocols which are related to L-ETX and/or Lgj,e-3 « 3 where the nodes in the farthesk 3 subgrid from
NT, and we comparatively study L-ETX and L-NT with othete pase station generate packets, and5 where the nodes
traffic patterns and network configurations. We also COMP{E the farthests x 5 subgrid from the base station generate
the achievable throughput in L-ETX and L-NT respectively. p4ckets. We observe similar phenomena for both event size

Other data-driven protocols. We implement the protocol L- configurations, and here we only present the data fob thé
ETX-geo that is a geographic-version of L-ETX and uses tig@nfiguration only.

ETD metric (as discussed in Section 1I-C); we also implement For the same testbed setup as in Section IlI-A, Figure 19
the protocol L-ML which is the same as L-NT except for thehows the event reliability, and Figure 20 shows the average
fact the MAC latency carried in MAC feedback is used tmumber of transmissions per packet delivered in differeat p
measure link quality and the routing objective is to minieiztocols. We see that, in the case of lighter traffic load, L-ETX
the end-to-end MAC latency in packet delivery. L-ML is vengstill achieves higher event reliability and energy efficgifas
similar to L-NT since, given a certain degree of channeheasured in the number of transmissions required in déliger
contention, the number of transmissions determine the MACpacket to the base station) than L-NT. Compared with the
latency. case shown in Figure 10, the event reliability of L-NT is lowe

IV. DISCUSSION
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because the average distance between the traffic sources and

the base station is larger in this case, which implies longer

routing hops. similar reasons, the average number of transmissionsrestjui
Periodic traffic.  To understand routing performance iffo deliver a packet is smaller in this periodic traffic patter
periodic data collection applications, we experimentatiyn- Sparser network. To understand whether the relative
pare performance of different routing protocols in delingr performance among different protocols is consistent acros
periodic traffic. To this end, we let all the nodes excemifferent network densities (e.g., number of neighborsefach

for the base station in & x 7 grid periodically generate node), we change the radio transmission power to -17dBm
packets, where the time interval between any two consexut{i.e., power level 2). With a transmission power of -17dBm,
packets is a random variable uniformly distributed betwedhe average number of neighbors per node is around 8 in the
10 seconds and 20 seconds. For the same testbed setup &ssthed. Then for the same node deployment and traffic trace
Section llI-A, Figure 21 shows the packet delivery relidpjl as in Section IlI-A, Figure 23 shows the event reliabilityda
and Figure 22 shows the average number of transmissions piggure 24 shows the average number of transmissions per
packet delivered in different protocols. We see that L-ETXacket delivered in different protocols. We see that L-ETX
outperforms L-NT in delivering periodic traffic. Comparedachieves higher event reliability and energy efficiencyntha
with the case of event traffic discussed in Section IlI-A,-NT. Compared with the case when the radio transmission
the packet delivery reliability is slightly higher, becauthe power is -14dBm, the event reliability in a protocol is lower
traffic load and thus channel contention/collision is dligh when the power level is -17dBm because the routing hop
lighter for the periodic traffic pattern we study here. Due tength increases as a result of the reduced power level.
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Slowly moving base station: average number of tréssions per
packet delivered, with the error bar representing the cenfid intervals at
the 95% confidence level

Random topology. Instead of deploying 49 nodes in arandom variable uniformly distributed between 10 secomds a
regular 7 grid, we deploy 49 nodes in a randomly selecte20 seconds. Figure 27 shows the packet delivery reliapility
set of 49 grid points from the 247 grid space as shown inand Figure 28 shows the average number of transmissions
Figure 2(b). Then for the same traffic trace as in Sectio\]ll- per packet delivered in different protocols. Compared wlith
Figure 25 shows the event reliability, and Figure 26 shovesise of “periodic traffic” with static base station (as shawn
the average number of transmissions per packet deliveredFigures 21 and 22), the performance of both L-ETX and L-NT
different protocols. We see that L-ETX achieves signifitantslightly degenerates when the base station moves, fomicsta
higher event reliability and energy efficiency than L-NT~1.43% decrease in average packet delivery reliability and
Compared with the case when nodes are deployed ina 7~1.12% increase in the average number of transmissions
grid, the event reliability in a protocol is lower in the raond required to deliver a packet to the base station. . This is
topology because the routing hop length increases as a rebefcause it takes timefor the routing to converge, and the

of increased average spacing between nodes. routing performance is slightly worse during convergerare f

. . . . both L-ETX and L-NT (e.g.~5% decrease in average packet
Sloyvly-movmg_ base station. The focus of this paper 1S delivery reliability during routing convergence). Noneléss,
mainly on static sensor networks. But to get a pre_llmlnarly_ETX still performs better than L-NT in this case of slowly
sense of how different protocols perform in semi-staticssen moving base station. How different data-driven link estiora

networks, we study the simple scenario where the baser‘Btatlquethods compare in general mobile networks is an important

moves at a slow speed. This can simulate the scenario Whﬁﬂ? non-trivial problem to study, since both the link estiina

a base station slowly moves around a field to collect sensing.. 4 and the routing protocol (e.g., that for dissemimati

data. To this end, we use the same: 7 grid of the Kansei the estimated link quality information) affect the ovenalut-

testbed as in Section Ill-A, but we slowly move the basﬁg performance. In general mobile networks, we expect that

Stat'o.r? from one corner 9f the grid to another corner. More—ETX has to be adapted to address the challenges of node
specifically, the base station moves along the boundaryeof

grid from one corner to another corner, and the movem obility, and techniques proposed in [19] may be explored

: h that the ti taken t ¢ d .%tgether with L-ETX. Detailed study of this, however, is
IS suc at the time faken o move from one grid pol eyond the scope of this paper, and we relegate it as a problem
to the next neighboring grid point is uniformly distribute

. : . o or future study.
between 4 minutes and 5 minutes. To simulate periodic data y

collection, we use the “periodic traffic’ pattern discussebfetwork throughput. To measure network throughput, we
earlier in this section; that is, each non-base-stationenod _ _ _ _
It takes about 1 minute for the routing to converge in our expent setup

perlo_dlcal_ly generates packets during the ex_pe”ment'rwh@vhen the base station moves from one grid point to the neghbering grid
the time interval between any two consecutive packets ispéint.
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10 Zhanget al. systematically studied the inherent drawbacks
of beacon-based link estimation and proposed to use unicast
MAC feedback as the basis of link estimation in IEEE
6r ] 802.11b and mote networks [10], [20]. Methods of using
| both MAC feedback and beacon packets in link estimation
I were also proposed in MintRoute [6], EAR [13], and four-bit-
2 [ ] estimation [11]; SPEED [12], NADV [15], and CARP [14]
also used MAC feedback in link estimation and route selectio
L-ETX L=NT Nonetheless, there has been no systematic study on thetimpac
that the different ways of using MAC feedback have on routing
behaviors, and our study in this paper fills this vacuum and
provides insight into the principles of using MAC feedbagk i
data-driven link estimation and routing.
let source nodes send packets to the base station at theshigheother routing metrics and protocols [35], [36], [37], [38],
speed allowable by the system (e.g., system software gmd] [40], [41] have also been proposed for various opti-
radio). We use the same testbed setup as in Section lll+f\ization objectives (e.g., energy efficiency). The findimds
but in order not to overload the network too much, we onljhjs paper can be applied to these schemes to help improve
let nodes in the farthest>x2 subgrid from the base stationthe accuracy of estimating link and path properties. Daect
generate traffic. Figure 29 shows the number of unique packgfffusion [42] provides a framework for routing in sensor
that are delivered to the base station per second. We see H’lﬂWorkS, and the ﬁndings of this paper can also be app“ed to
L-ETX achieves a higher throughput than L-NT. Given thahis framework to help select high-performance routes i da
the highest one-hop throughput is about 42.93 packetsigecgorwarding. The CTP protocol [18] was recently proposed to
for Mica2 motes with B-MAC (the default MAC componentaddress issues such as detecting routing loops and mairgtain
of TinyOS) and that, in multi-hop networks, even an idegbuting correctness/consistency at low cost. The study of
MAC can achieve no more thah of the throughput that a CTP protocol is orthogonal to our focus on the behaviors of
single-hop transmission can achieve [31], the theoretipper  different data-driven link estimation methods in this pape
limit on achievable throughput in multi-hop Mica2 networks Rather than selecting the next-hop forwarder before data
is 10.73 packets/second. The throughput in L-ETX is 8.4Pansmission, opportunistic routing protocols that takk a
packets/second in our experiment, which is 79.12% of th@ntage of spatial diversity in wireless transmission have
upper limit. been proposed [43], [44], [45], [46]. In these protocolg th
forwarder is selected, through coordination among recgjwe
V. RELATED WORK a reactive manner after data transmission. Link estimatém
Link properties in wireless sensor networks and 802.Xtill be helpful in these protocols since it can help effesity
networks have been well studied in [3], [4], [32], [1], [2].select the best set of listeners [43]. Therefore, findingthisf
Experiment-based interference models have also been gsaper can be useful in opportunistic routing too.
posed for Mica2 radios [33] and 802.11 radios [34]. It Draveset al. comparatively studied several routing metrics
is observed that wireless links assume complex properti@s,the context of beacon-based link estimation and routing
such as wide-range non-uniform packet delivery rates,eloog7], and they have found out that ETX is an effective
correlation between distance and packet delivery ratd limetric for routing in mostly static wireless networks. Bnoc
asymmetry, and temporal variations. Thefactor [22] was et al. have also comparatively studied the behaviors of mobile
proposed to identify the burstiness of wireless links arehthac-hoc network routing protocols DSDV, TORA, DSR, and
to help schedule packet transmissions for taking advanta§®DV [48]. Our work in this paper focuses on the different
of bursts of successful transmissions while avoiding Isuoét methods of using unicast MAC feedback to estimate the metric
transmission failures at the same time. Orthogonal to theB&X in mostly static networks, and we have demonstrated the
studies, our work here comparatively study the behaviofaportance of choosing the right method among seemingly
of different data-driven methods of estimating wirelesk li similar approaches.
properties for routing, with a special focus on the ETX neetri
Differences between broadcast and unicast and their impact
on the performance of AODV were first discussed in [7] and
[8], and the authors discussed reliability-based mechanis Through mathematical analysis and measurement based
(e.g., those based on RSSI or SNR) for blacklisting bad linkstudy, we have examined the impacts that different data-
The authors also proposed mechanisms, such as enforalngen link estimation methods have on routing behaviors. W
SNR threshold on control packets, to ameliorate the negativave shown that the variability of parameters being estédhat
impact of the differences, and the authors of [7] studied ttsggnificantly affects the reliability, latency, energy eiéincy,
impact of packet size, packet rate, and link reliabilityetrold and predictability of data-driven link estimation and riogt
on the end-to-end delivery rate in AODV. Nonetheless, thend it should be an important criterion to consider when
proposed solutions were still based on beacon exchangbsosing the data-driven link estimation method. We have
among neighbors. shown that L-ETX is a precise, stable method of estimating

.

# of packets per second

Fig. 29. Throughput

VI. CONCLUDING REMARKS
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the ETX of data transmissions, and that a seemingly similgo] H. zZhang, L. Sang, and A. Arora, “Experimental analysit link

method L-NT of estimating ETX and approaches based
on MAC latency perform much worse in terms of pack

delivery reliability, energy efficiency, and routing sttyi
These findings elucidate the subtleties of data-driven Iin£<2
estimation and provide guidelines on how to effectively uée]

MAC feedback in link estimation.

[23]

The experimental analysis of this paper is based on networks
of CC1000 radios. Even though we expect the findings &f4]
this paper to be valid for networks of IEEE 802.15.4 radios,
systematic evaluation of this conjecture is a part of ounrieit
work. We have focused on accurate estimation of the ETX
routing metric in this paper, identifying accurate estimat [26]
methods for other routing metrics such as mETX [37] and
CTT [41] is also an important task to pursue for supportir{ég
different optimization objectives in routing.

[29]
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