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The wireless network community has become increasingly awa re of the benets of data-driven
link estimation and routing as compared with beacon-based a pproaches, but the issue of biased
link sampling (BLS) has not been well studied even though it a ects routing convergence in the
presence of network and environment dynamics. Focusingont ra c-induced dynamics, we examine
the open, unexplored question of how serious the BLS issue is and how to e ectively address it
when the routing metric ETX is used. For a wide range of trac p atterns and network topologies
and using both node-oriented and network-wide analysis and experimentation, we discover that the
optimal routing structure remains quite stable even though  the properties of individual links and
routes vary signi cantly as tra c pattern changes. In cases where the optimal routing structure
does change, data-driven link estimation and routing is eit her guaranteed to converge to the
optimal structure or empirically shown to converge to a clos e-to-optimal structure. These ndings
provide the foundation for addressing the BLS issue in the pr  esence of tra c-induced dynamics and
suggest approaches other than existing ones. These ndings also demonstrate that it is possible
to maintain an optimal, stable routing structure despite th e fact that the properties of individual
links and paths vary in response to network dynamics.

Categories and Subject Descriptors: C.22twork Protocols]: Routing protocols

General Terms: algorithms, measurement, performance
Additional Key Words and Phrases: Wireless sensor networks , data-driven link estimation and
routing, biased link sampling, convergence, stability

1. INTRODUCTION

Wireless communication assumes complex spatial and teahgpnamics [Aguayo et al.
2004; Kotz et al. 2003; Zhao and Govindan 2003; Zuniga angifxamachari 2007], thus
estimating link properties is a basic element of routing ireless networks. One com-
monly used link estimation method is letting neighbors exae broadcast beacon pack-
ets, and then estimating link properties of unicast datestrassions via those of broadcast
beacons. Nonetheless, there are signi cant differencegd®n unicast and broadcast link
properties [Chakeres and Belding-Royer 2002; Lundgreih €082], and it is dif cult to
precisely estimate unicast link properties via those ohHoast due to temporal correla-
tions in link properties and dynamic, unpredictable nettoaf ¢ patterns [Willig 2002;
Zhang et al. 2009; Zhang et al. 2008a]. To address the drawshlEdeacon-based link
estimation, the method of data-driven link estimation hasrbproposed [Fonseca et al.
2007; He et al. 2003; Kim and Shin 2006; Krishnan et al. 200& kt al. 2005; Zhang
et al. 2009; Zhang et al. 2008a] and shown to signi cantly iaye routing performance
[Zhang et al. 2008a].

In data-driven link estimation, information about the pedjes of a link is provided by
the MAC feedback for unicast data transmissions along tite Iif a link is not currently



used for data transmission, its current properties will thligely be unknown to the as-
sociated node (since the precise correlation among linkscéted with the same node
tends to be complex and dif cult to predict). This introdsdbe issue obiased link sam-
pling (BLS) where properties of actively used links are consyasséimpled and updated
but properties of unused links are not sampled and unknowts B not a problem if
link properties are mostly static and do not change tempofdbnetheless, temporal link
dynamics is usually unavoidable due to dynamics in netwrakct pattern and traf c-
induced interference [Zhang et al. 2009; Zhang et al. 2Q@8ajamics in environment
[Das et al. 2007; Lin et al. 2006; Ramachandran et al. 200/ax node mobility. For
instance, Figure 1 shows the network conditions in the masef different traf c condi-
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Fig. 1. Link unicast ETX in the presence of different netwdndf ¢ pattern. d denotes the probability that a
node has packets to transmit whenever the wireless chaenehtes idle, and = 0 denotes the case of no
traf ¢ in the network and thus zero co-channel interferengée data is for XSM motes (an enhanced version
of MICA2 motes) and the B-MAC protocol, but we have observiedilar phenomena for other MAC protocols
(e.g., S-MAC) and radios (e.g., 802.15.4 and 802.11b ratias

tions, where network condition is represented by the uhigaX (i.e., expected number

of transmissions required to successfully deliver a utnisasket) for links associated with

a randomly selected node in the Kansei testlseg$ection 2). We see that unicast ETX
changes signi cantly (e.g., up to 32.44) as traf ¢ pattendahus co-channel interference
varies [Zhang et al. 2008a]. Therefore, one may expect ithdhe presence of temporal
link dynamics, data-driven link estimation and routing nmeyt converge to the optimal

solution since, due to BLS, a node may be unable to discoeeotiite that is not currently

used but has become optimal.

Even though data-driven link estimation has been used inwsforms, the severity that
BLS affects routing optimality has not been well studied] anly ad hoc, if any, solutions
have been proposed in existing data-driven link estimadiodh routing schemes. For in-
stance, CARP [Krishnan et al. 2008], four-bit-estimatibariseca et al. 2007], and NADV
[Lee et al. 2005] do not examine the BLS issue; LOF [Zhang eR@D9] and SPEED
[He et al. 2003] exploratively sample alternative routesaatiomized but high frequency
(i.e., once every few and every single packet transmisgepactively), which can reduce
routing performance as we will show in Section 6; EAR [Kim &iltin 2006] implicitly
addresses the BLS issue by letting every node constantiheae unicast transmissions
around it, but overhearing is not energy-ef cientin bagt@owered sensor networks (since
overhearing increases nodes' duty cycles), and it can eadtimation errors since, due to
MAC coordination mechanisms such as RTS-CTS handshakerdperties of overheard



unicast transmissions may be different from those of unttassmissions to a node itself
(due to hidden terminals for instance). Thus, the lack ofoidbigh understanding of the
BLS issue is an important problem since it affects the pentorce of a basic service in
sensor networks — routing.

The objective of this paper is to study the open, unexplorgestion of how serious
the BLS issue is and how to effectively address it in the preseof (potentially unpre-
dictable) network dynamics. We focus on traf c-induced dynics (i.e., varying network
conditions due to changes in network traf ¢ pattern) in thégper, and we relegate detailed
study of other network dynamics (e.g., mobility, extermaerference from other wireless
networks) to our future work. Therefore, we focus on mostihtis deployment scenarios
where environment conditions and nodes are mostly statir) though environment con-
ditions may change slowly and nodes may fail or join the newhlot all sensor network
deployments are mostly static, for instance, deploymeitsresenvironment conditions
may frequently change due to interference from other cetiexj networks (e.g., 802.11
networks) or due to movement of persons or objects withirdég@oyment space (e.g., a
building), or deployments where sensor nodes themselvgsbmanobile. Nonetheless,
mostly static deployment does represent a subclass of saptwork deployments, for
instance, in applications where nodes are statically geplin remote areas for environ-
ment monitoring. Moreover, traf c-induced dynamics arevensally present in sensor
networks, thus addressing the issue in mostly static depdoy scenarios may shed light
on how to address the issue in other deployment scenariob@mdo address other net-
work dynamics.

In studying the impact of BLS on routing optimality, we catesi the routing metric
ETX which is commonly used in wireless networks (e.g., sensetworks and mesh net-
works). Through mathematical analysis and testbed-bagsetienentation, we examine
the stability of optimal routes and the severity of BLS. Faride range of dynamic traf-
¢ scenarios (e.g., dynamic events, dynamic data collectand their mix) and network
setups (e.g., grid and random networks) we study, we nd loat hodes' best forwarders
and the optimal routing structure are rather stable evemghthe properties of individual
links and routes may vary signi cantly as traf ¢ pattern andtwork condition change.
In cases where the optimal routing structure does chang@rowe that data-driven link
estimation and routing is guaranteed to converge to thengptstructure when network
conditions worsen, and the convergence is quick (e.g., avittedian sample size require-
ment of no more than 7); when network conditions improve gipgmal forwarder chosen
for heavy traf c load tends to remain a good suboptimal fardea for lighter traf ¢ load,
even though data-driven routing may not converge to theratstructure.

These ndings provide the foundation for addressing the BdsBie in the presence of
traf c-induced dynamics. In contrast to existing approashfor instance, these ndings
demonstrate the need to address the BLS issue, the drawbhblexjuent explorative
sampling in mostly static networks, and the feasibility nfemergy-ef cient, light-weight
approach to addressing the BLS issue. These ndings alswmdstrate that it is possi-
ble to maintain an effective, stable routing structure dedpe fact that the properties of
individual links and paths vary in response to network dyitamSince routing stability
enables consistent, predictable routing performanceethedings also suggest that we
may regard stability as a basic evaluation criterion fotirumetrics.

The rest of the paper is organized as follows. We brie y dgscim Section 2 the routing



metric, the routing protocol, and the experimental fagilite use in this study. We then
analyze the convergence properties of data-driven liriknasibn and routing in Section 3.
We study the dynamics of best forwarders and the routingligyalm Section 4 and 5
respectively, and we discuss how to address the BLS issuecitin® 6. We discuss related
work in Section 7 and make concluding remarks in Section 8.

2. PRELIMINARIES

In this section, we discuss the routing metric, the routingtqcol, and the experimental
facility that we use in the analytical and/or experimentatly of this paper.

Routing metric and protocol. We use the routing metric ETX (i.e., expected number
of transmissions for delivering a data packet) [Couto eP@03; Woo et al. 2003] in our
study, and we use the data-driven link estimation and rgutiethod L-ETX [Zhang et al.
2008a; 2008Db] for estimating the ETX metric for each link grath. L-ETX behaves
almost in the same way as the data-driven routing protocét [Ahang et al. 2009] does
except that LOF uses the ELD (fexpected MAC latency per unit-distance to destingtion
instead of the ETX metric. In L-ETX, MAC feedback for unicaktta transmissions are
used to calculate the reliability PDR of individual unic@étysical-transmissiodsalong

a link, then the ETX of this link is derived aﬁTR; the ETX metric of a path is the sum
of the ETX values of the individual links along the path. Sanito LOF, L-ETX uses
an initial sampling phase to bootstrap the link estimatioocpss (before any actual data
is transmitted). In the initial sampling phase, a node takésw (e.g., 7) samples of the
quality of the link to each of its neighbors when it boots upyéduce the overhead of
the initial sampling in dense networks, we can ignore neighlvho are unlikely to be
the best forwarder of the node, and these neighbors can bi édethrough coarse-grain,
approximate link estimation mechanism such as overhe#dsgd estimation as used in
EAR [Kim and Shin 2006].

For the analysis of Sections 3 and 4, we also use a localizedjrgphic routing metric
ETD (for ETX per unit-distance to destinatipim evaluating the goodness of forwarder
candidates. ETD is a geographic version of ETX, and it is ée s follows. Given a
sendelS, a neighboR of S, and the destinatiob, the ETD via R is de ned as

ETX sr
A . > .
Tso Trnp~ Lsp >Lrop

1 otherwise

(1)

whereET X s.r is the ETX of the link fromS to R, Ls,p denotes the distance from S to
D, andLr.p denotes the distance frofito D. We will show in Section 5 that phenomena
observed through ETD based analysis and measurementstinrise8 and 4 carry over
to cases where the measurements are based on ETX; &tadg[Zhang et al. 2008a]
have shown that this local, geographic metric performs iindla way as the global,
distance-vector metric ETX for uniformly distributed neiks.

Experimental facility.  For the experimental study in Sections 3, 4, and 5, we use the
publicly available sensor network testhi€¢dnsei[Ertin et al. 2006]. In an open warehouse

1In many MAC protocols such as the B-MAC [Polastre et al. 2084d the IEEE 802.15.4 MAC, a unicast
packet is (re)transmitted until being successfully deédeor until the number of transmissions exceeds a certain
threshold value (e.g., 8). For convenience, we regard eatitidual transmission involved in transmitting a
unicast packet as a unicast-physical-transmission.



with at aluminum walls (see Figure 2(a)), Kansei deploysX8M motes [Dutta et al.
2005] in a 14 7 grid (as shown in Figure 2(b)) where the separation betwegghbor-
ing grid points is 0.91 meter (i.e., 3 feet). The grid deplepnnpattern enables experi-

(a) Kansei (b) 14 7 grid

Fig. 2. Sensor network testb&nsei

mentation with regular, grid topologies, as well as randopotogies (e.g., by randomly
selecting nodes of the grid to participate in experimen¥3M is an enhanced version
of Mica2 [Crossbow Technology Inc. 2009] mote, and each XSMquipped with a
Chipcon CC1000 [Texas Instruments 2009] radio operatidatMHz. To form multi-
hop networks, the transmission power of the CC1000 radisstigit -14dBm (i.e., power
level 3) for the experiments of this paper unless otherwiaged. XSM uses TinyOS
[TinyOS Team 2009] as its operating system. For all the érpants in this paper, the
default TinyOS MAC protocol B-MAC [Polastre et al. 2004] isad; a unicast packet is
retransmitted, upon transmission failure, at the MAC lgyeore speci cally, the TinyOS
component QueuedSend) for up to 7 times until the transamssicceeds or until the 8
transmissions have all failed; a broadcast packet is tratezhonly once at the MAC layer
(without retransmission even if the transmission hasdaile

3. BIASED LINK SAMPLING AND ROUTING CONVERGENCE

Taking the data-driven link estimation and routing metheHTX [Zhang et al. 2008a] as
an example, we analyze in this section the convergence girepef data-driven routing
in the presence of biased link sampling (BLS) and traf caicdd dynamics (i.e., network
dynamics introduced by varying network traf ¢ patterns).

When network traf ¢ pattern changes, the quality of a linkyrteecome worse (e.g.,
when receiver-side interference increases) or bettey. (&hen receiver-side interference
decreases). It turns out that these two types of link qualignges have different impact
on data-driven protocols, as we show below.

PropPoOsITION 3.1. In the presence of biased link sampling and when an unused rou
becomes better than the currently used one, the convergdmt&ta-driven routing de-
pends on the relative change in the quality of the unusederaouting converges to the
optimal if the quality of the unused route has deterioratatierwise routing may not con-
verge. 2

Proof sketch:Consider a nod8 thatis currently using a rouf®, through forwarder/neighbor
Ro. Without loss of generality, let us consider another rdtitehrough forwarder candi-
dateR;.



If the quality of P; becomes better than both its own earlier quality and theeatirr
quality of Py, nodeS may not know, due to the issue of biased link sampling, Bhat
has become better thdty and will continue using the suboptimal rouRg instead of the
optimal routeP ; this is the case when the current qualityRgfis still better than the earlier
quality of P;. Therefore, data-driven routing does not converge to thiena solution in
this case.

On the other hand, if the quality &; becomes worse than its own earlier quality but
better than the current quality &,2 the current quality oPy will be worse tharP;'s
quality before the network condition change. Sideeeps in its routing tablB; 's quality
before the condition chang8,will regardP; being a better route thd?, and will change
to P;. OnceS starts to usé;, it re-sampled?; and link estimation will converge to the
latest quality ofP; .

2

From Proposition 3.1, we can analyze the behavior of L-ETXases of improving
network conditions and deteriorating network conditioepagately. We rst analyze the
convergence speed when network condition deterioratesl{nk and route quality wors-
ens). To this end, we rst analyze the sample size requiré¢imeln-ETX for identifying
the best forwarder. We assume that the ETD metric (i.e., dog@phic-version of the
distance-vector protocol L-ETX) is used since it enable®usave a closed-form solution
as shown below.

PropPOSITION 3.2. Given a sendef5, the destinatiorD, and two ofS's forwarder
candidateK ; andK , that are closer t@ thanS itself and whose corresponding unicast-
physical-transmission reliability i®1 and P, respectively, the sample simethat is suf -
cientto dlglngwsh the r&latlve goodnesxof andK , at 100(1- )% con dence level is

(2= 2(Ls Pl(l P1)+ Lz P20l P2)) )2, whereL 4 is the distance fron$ to D minus that
fromK,toD, L2 is the distance frons to D minus that fronK, toD, andZ; - ,isthe
(1- /2)-quantile of the standard Gaussian variable N(0O, 1). 2

Proof sketch: For a link with unicast-physical-transmission relialyili® that is calcu-
lated based om number of physical transmissions, the con dence inter@) for the
packet&ielivery rate at signi aance level(i.e., at 100(1-)% con dence level) iP

Z, -, 28 Ppyz, o, PO Pl[3ain 1991]. Thus, for the two links with packet
delivery rateP; andP, respectively, the corresponding Cls are as follows:

q_—— q_——
Cly =[Py Zy -, 2E&FPlip vz, _, Pl(l Pl)]

= N1

Cl, =[P, Z; -, 20-Plipvzy Pz(l P P2))

The Cls for the corresponding routing metric ETDs are thaeeés follows:

CIJ(.): 1qP(1P); lqp(lp)]
Li(P1+2Z; = 1n711) Li(P1 Z7 = » lnill)
Clg: 1qP(1P); lqp(lp)]
La(P2+Z; = > znizz) La(P2 21 =2 2,1722)

2Note that this can happen onlyf%'s quality has deteriorated more thBa's quality does.



Without loss of generality, we assume that we take equal rumlof samples for both
links (i.e.,n1 = ny), and suppose that we want to calculate the required sarizgla so
thatK ; is no worse a forwarder candidate thé&p. Then a suf cient condition [Jain 1991]
is as follows:

1 1

fal fal

G— §
Li(Pr Z1 =2 %ﬁl)) Lo(P2+ 21 -» w

2

which implies that

p p
(Zl =2(L1 P11 P1)+ Lz P21 Pz)))z
LiP1  L2P2
Thus the minimum sample size required is
P— P——
(21 =2(Ly P1(1 P1)+ L2 P21 Pz)))z
LiP1  L2P2

2

To get numerical results on the sample size requirementpwsider the case where the
sender on the left end of the middle row of Figure 2(b) needsetect the best next-hop
forwarder among the set of receivers in the middle row, aedlgstination is far away from
the sender but in the direction extending from the sendergaioe middle row to the right.
(Phenomena similar to what we will present have been obddorether sender-receiver
pairstoo.) To calculate the sample size required by theesgnddentify the best forwarder,
we need to measure the unicast-physical-transmissiabildly from the sender to each
receiver. To this end, we let the sender transmit 15,000ashigackets to each of the re-
ceivers where each packet has a data payload of 30 bytesd Bag@acket reception status
(i.e., success or failure) at the receivers, we measuraticast-physical-transmission reli-
ability for each link. Using these data, we calculate thegarsize required for comparing
every two links, and then the sample size required to ideniié best forwarder is the
maximum of the sample size requirement for pair-wise compar

To understand the potential impact of traf c-induced ifiéeence on sample size re-
guirement, we randomly select 42 motes out of the lightsamdof color cyan) 6 rows
of Figure 2(b) asnterferers, with 7 interferers from each row on average. Each interfer
transmits unicast packets (of payload length 30 bytes) testirthtion randomly selected
out of the other 41 interferersNptethat, even though the overall traf ¢ pattern in low-
power wireless sensor networks tends to follow certainlegquatterns, e.g., owing from
sources to a common sink, the local traf ¢ pattern aroundrtegghborhood of a node
tends to be much more irregular. We will also show in Sectiathd& the phenomena
observed via the local, random traf ¢ patterns carry oveexperiments where sensor net-
work speci c traf ¢ patterns are studied.) The load of theerfering traf ¢ is controlled
by letting interferers transmit packets with a certain @doibty d whenever the channel
becomes available. In our experiments, we measure theatrpbasical-transmission re-
liability from the sender to its receivers whdris 0, 0.01, 0.04, 0.07, 0.1, 0.4, 0.7, and 1
respectively. Thus the interfering traf c pattern is casiked byd in this case. (Phenomena
similar to what we will present have been observed for ottirfering traf ¢ patterns, for
instance, with different spatial distribution and diffet@umber of interferers.)

Based on Proposition 3.2, we analyze the sample size regeims in the above in-
terference scenarios, and Table | shows the median sanzgleegjuired to identify the



d 0|001|004|007|01|04]07]|1
Median
sample size| 4 3 5 4 5 7 5|4

Table I. Median sample size required to identify the beswévder at 95% con dence level

best forwarder at 95% con dence level. We see that the nurobeequired physical-
transmission-samples tends to be small; for instance, ytondy take a very few number
of unicasts to collect the required samples. This implies thata-driven link estimation
tends to converge quickly. The quick convergence in linkngstion implies that the rout-
ing structure in L-ETX can converge to the optimal one in alyrmanner when network
condition worsens (e.g., when network traf ¢ load incregde the degree that the optimal
structure changes.

From Proposition 3.1, we know that, due to BLS, L-ETX may natwerge to the op-
timal solution when network condition improves. So, thesgjiomns arehow this issue of
potential divergence affects routing optimality and hovatlulress it We explore answers
to these questions in the next section.

4. DYNAMICS OF BEST FORWARDERS

To provide guidelines on addressing the BLS issue in thegpias of traf c-induced dy-
namics, we study in this section how the best forwarder ofdemoay change with traf ¢
pattern. We rst study the dynamics of best forwarder thioagathematical analysis so
that we can examine the issue in generic, different netwetlps, and then we verify the
analytical results through testbed based experimentation

4.1 Mathematical analysis of best forwarders

To get closed-form solutions, we use the ETD metric to evalttee goodness of different
forwarder candidates as we did in Section 3. We rst presekatanalytical method and
then the numerical results for different network setups.

Analytical method. To evaluate the goodness of a forwarder candidate usingThe E
metric, we need to analyze the packet delivery rate (PDRhefcbrresponding link in
the presence of dynamic traf c/interference patterns. his énd, we need to analyze the
interference at the forwarder candidate in different tcefcenarios so that we can calculate
the signal-to-interference-and-noise-ratio (SINR) blame which we calculate the PDR.

To calculate the interference at a forwarder candidatedlwisi the packet receiver from
the perspective of the sender), we adapt the interferenaeihpooposed by Qiet al:
[Qiu et al. 2007] to determine the concurrent transmiss{and thus the interference) in a
network. In Qiu's model, the behaviors of IEEE 802.11 MAC imltithop networks are
modeled using a Markov chain where the siatethe setS; of nodes that are transmitting
concurrently at a certain time moment. To adapt Qiu's moaléhé analysis of commonly
used sensor network MAC protocols such as B-MAC and IEEEX02.MAC, we need
to adapt the probabiliti?o; (mjS;) that a noden starts to transmit when the system is at
statei. This is because the B-MAC of TinyOS [TinyOS Team 2009] arel 802.15.4
MAC [IEEE 802.15.4 Working Group 2006] are different from2801 in how channel
access is coordinated, as we discuss below:

—In the default B-MAC, a node having packets to transmit lostcks off for a random



period uniformly chosen between 1 and 128 time slots, theernses the channel. If
the channel is idle, the node will start transmitting thekgaémmediately; otherwise

the node will backoff for another period randomly chosemisetn 1 and 128 time slots,
and the node will repeat the sense-backoff process untdiiahanel becomes idle upon
which the node starts transmitting the packet.

—In the default 802.15.4 MAC, a node having packets to transst backs off for a

random period uniformly chosen between 0 and 7 time slogs) ihsenses the channel.
If the channelis idle for a contention window (CW) amountiofd, i.e., 2 time slots, the
node starts transmitting; otherwise, the node backs offiagaing the binary exponential
backoff algorithm (i.e., the maximum backoff window is déedbafter each backoff of
the same transmission attempt), and the node will repeaethge-backoff process until
the channel becomes idle for a CW amount of time. By defaudt haximum number
of backoffs (including the initial random backoff) is 5, aftwhich the transmission is
declared as having failed if the channel is still busy; arerttaximum backoff window
size is no more than 31 time slots.

Based on the behaviors of the default B-MAC and 802.15.4 MAE derivePy; (MjS;)
as follows:

Po1(MjS;) P rf medium is cleam has data, and
backoff counter is @
= Prfmediumis cleay
Prfm has datanedium is cleay
P rf backoff counter = fmedium is

clear, andn has datg
= C(mjS) QM)  cwmrorm

whereC(mjS;) is the probability that the medium is clear at nadenvhen the system is
at statei, Q(m) is the probability tham has data to transmits when the medium is clear,
CW (m) is the average backoff time, af@H (m) represents the other extra overhead in
transmitting a packetC(mjS;) andQ(m) can be calculated in the same way as in Qiu's
model, but the calculation c€W (m) and OH (m) is different from Qiu's model and
varies between B-MAC and 802.15.4 MAC as we present below:

—According to how B-MAC works,
OH(M)=(1 Lm)Tack

wherel , is the packet delivery rate from to its destination, antl,c is the time taken
for the receiver to transmit the acknowledgment packet. M lzave

P 1

CW(m) = (1 Cp)l 2£1L
(m) - @‘0( m) 7

Cm
wheregm is the probability that the channel is cleamatat an arbitrary moment, and
Cmn = ; iC(mjS;)) where ; is the stationary probability of state

—According to how 802.15.4 MAC works,

OH(m) = CW +(1 Lm)Tac
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whereL n, is the packet delivery rate from to its destination, antl,c is the time taken
for the receiver to transmit the acknowledgment packet. M lzave

P - N
CW(m) = :(1:0 (1 Cm)k min f32,223 kg 1

wheregm is the probability that the channel is cleamatat an arbitrary moment, and
Cm = ; iC(mjS)) where ; is the stationary probability of state

Using the adapted model, we can calculate the stationatyapitity ; for each state
i. Then, for each pair of transmittérand receivers, the interference that concurrent

transmissions have at nodés
X X

iPow(j;s);
i112S;j:j2S;;j6t

whereP ow(j; s) is the received signal strengthsator signals coming fronji. P ow(j; s)
can be calculated using the log-normal path loss model a&inifjla and Krishnamachari
2007]. Then, the SINR at receiverdenoted bySINR (t; s), calculates as follows:

SINR(t;s) = p powEs) ,
No+ 25 jij2si;jet iPow(;s)

whereNy is the background noise. Accordingly, we can calculate tHuket delivery rate
PDR(t;s) fromt to s as a function oSINR (t; s), using the model proposed by Zuniga
et al: [Zuniga and Krishnamachari 2007], and thus we can calcubeecorresponding
ETD metric value. Having derived the ETD metrics for eachwfarder candidate of a
node, we can determine which is the best forwarder with thermim ETD metric value.

Numerical results. Using the above models, we analyze the PDR and ETD in differen
scenarios, including randomly distributed and regulargributed nodes, and for indoor
and outdoor environments. In our network setups, radiostragsion power is set as -
14dBm, path loss exponent is set as 3.3 and 4.7 for indoor atibor environments
respectively, and background noise is set as -105dBm ardiBré for indoor and outdoor
environments respectively. Given the high space compl@fiQiu's model [Qiu et al.
2007], we can only run in Matlab the adapted model with no ntbam 44 transmitting
nodes in our computer (which is a Dell Optiplex GX620 with 4@Bmory). Thus we run
the model in networks of around 40 transmitting nodes. Inraunerical analysis, we
use both the B-MAC and the 802.15.4 MAC model, and we obsémias phenomena in
both models. Due to the lack of space and the fact that ourgmpetation in this paper is
based on B-MAC, we only present results for cases where B-#AGed.

Randomly distributed interferers. In the numerical analysis, we consider both the case
where interferers are randomly distributed and the caseene interferer is regularly
distributed. For the case of randomly distributed intexfer we consider a 157 grid
space with the distance between any two closest grid poaitgyld meter. Then, we let
the node at one end of the middle row serve as the sender,dhaaées in the middle
row serve as forwarder candidates, and the destinatiom afay from the sender in the
direction extending from the sender to the forwarder caatgisl We then randomly select
42 grid points out of the remaining 6 rows of the grid spaceuricbne interfering node at
each selected grid point. An interfering node randomlycdealestination from the other
41 interferers. Interferers generate different interfgtraf ¢ load in the same way as we
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discussed in Section 3. For this node setup, we examine lasthbsovhere the nodes are
deployed indoors and outdoors respectively.
Figure 3 shows the PDR and ETD in an indoor environment witidlomly distributed
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g06 ) ﬁ% 8
c E Y
é 0.4

0.2 100}

0
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Distance (meter) Neighbor distance progress (meter)
(a) PDR (b) ETD

Fig. 3. PDR and ETD in an indoor environment with 42 randonigyributed interferers

interferers. We see that PDR and ETD change signi canthhwiterference patterns,
especially for links of lower PDR. Yet the best forwarder eens rather stable: it is node
ns that is 5 meters away from the sender, except for the cases avhe0:7 andd = 1
where the best forwarder is node that is 4 meters away from the sender. With other
protocols (e.g., congestion control) in place, a networkallg works under load much
lighter thand = 0:7; in fact, Ng et al: [Ng and Liew 2007] showed that the optimal
traf ¢ injection rated is 0.245 in a regular linear topology, and the optimalill be even
lower in common, two-dimensional networks. Therefore,db&mal forwarder will not
change if the network congestion level is well controlled (ehrough congestion control).
Moreover, the ETD value afy is less than 5.51% more than thatmaf; this implies that,
even though a node may be unable to nd the optimal forwardegmnetwork condition
improves (i.e., interference level decreases), it may Iséilokay for a node to use the
suboptimal forwarder since its performance is very cloghéooptimal.

For the outdoor environment, Figure 4 shows the PDR and ETécase of randomly

+d=0

ETD

Mean PDR

i) 2 12 14
Distance (meter) Neighbor distance progress (meter)
(@) PDR (b) ETD

Fig. 4. PDR and ETD in an outdoor environment with 42 randodudyributed interferers

distributed interferers. We observe patterns that ardaing what is shown in Figure 3,
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even though the threshold value for the change of best folevas very small, i.e.d =

0:07, such that whem is less than 0.07, the best forwarder is 3 meters away from the
sender, and the best forwarder is 2 meters away from the setlgerwise. As in the
indoor environment, it is not a problem even if routing does converge to the optimal
forwarder 3 when network condition improves since 1) theialty used forwarde® is

still very close to be optimal, and 2) optimality is less ofancern under light traf ¢ load
since it is relatively easy to ensure packet delivery rditgtwhen traf c load is low.
Regularly distributed interfererdBesides network setups where interferers are randomly
distributed, we also study the cases where interferersepboged in regular grids. We
consider three grid topologieg: 7,10 5,and17 3. In all three cases, the distance
between any two closest grid points is 1 meter, the node atadeof the middle row
serves as the sender, the remaining nodes in the middle reeae forwarder candidates,
the destination is far away from the sender in the directidaraling from the sender to the
forwarder candidates, one interferer is deployed at eadhpgint of the non-middle rows

of the grid, and each interfering node keeps sending patketsode randomly selected
from the rest interferers. We observe similar phenomendl ithiee cases, and due to
the lack of space, we only present data for the case of grid. Figures 5 and 6 show

14
g
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Fig. 5. PDR and ETD in an indoor environment with 42 reguldaitributed interferers
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Fig. 6. PDR and ETD in an outdoor environment with 42 regyldistributed interferers
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the PDR and ETD in an indoor and outdoor environment respgtiwith 42 interferers
distributed in the non-middle rows of tife 7 grid. We see similar patterns as in the case
where interferers are randomly distributed in an outdogirenment eeFigure 4).

4.2 Experimental analysis of best forwarders

To experimentally verify the analytical observations, vge the data collected in Section 3
for network conditions in the Kansei testbed. As in Sectipw@ consider the case where
the sender on the left end of the middle row of Figure 2(b) se¢edelect the best next-hop
forwarder among the set of receivers in the middle row, arddistination is far away
from the sender but in the direction extending from the seatting the middle row to
the right. Figure 7 shows the PDR and ETD in different interfiee/traf ¢ scenarios.

+d=0
+d =0.01
d = 0.04
) &% & |©d=007
0.6r b= Ca Ad=0.1
v L5 % x-d = 0.4
0.4f Lo 3 od=07
o 8 ¢od=1

ETD

Mean PDR

5 10 15 5 10
distance (meter) distance (meter)

(a) PDR (b) ETD

Fig. 7. PDR and ETD in the Kansei testbed with 42 randomlyitisted interferers. Note that the radio of the
mote at 8 meters does not work very well, thus the PDR is quite low afb E quite large for the mote.

The results are more complex than in analysis in the sensehtb@”DR and ETD are
not monotonic functions of the sender-forwarder-distaheeto real-world factors such as
hardware heterogeneity. Nonetheless, the dynamics oftbtddrwarder assumes a similar
pattern: despite the huge variations in PDR across diftémégrference scenarios, the best
forwarder is the node that is 9.15 meters (i.e., 30 feet) an@y the sender in all the
scenarios except for the case whikrn 1; whend = 1, the best forwarder is 2.74 meters
(i.e., 9 feet) away from the sender. This resultis rathesitant with the indoor, analytical
results as shown in Figure 3, even though there is slightriffices due to differences in
network setup and environment conditions. As we have dsszlisarlier, well-controlled
traf ¢ load in multi-hop wireless networks is usually mucighter than 0.7 and 1 [Ng
and Liew 2007], thus the best forwarder remains the samesadifferent interference
scenarios. We discuss exceptional scenarios of extrefreltvad in Section 6.

4.3 Summary

From the above mathematical and experimental analysisafatam and grid topologies
and for indoor and outdoor environments, we observe thdieseforwarder remains quite
stable even though PDR (and even ETD) changes with dynaafic fpatterns. Even
though the best forwarder may change when traf ¢ load dywampasses through a thresh-
old traf c load value, the best forwarder remains the sameafwide range of traf ¢ sce-
narios. An intuitive explanation for this high stability mest forwarder, in contrast to
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the much more dynamic link reliability and routing metridue, are that there is usually a
guard margin between the routing metric values of the besidaler and other forwarders,
and that, due to the positively correlated impact that eatdrfierer's signal has on the best
and other forwarders, it may take a signi cant change in ¢réind thus interference)
pattern to overcome the guard margin as we have seen in olysenarhat is, the guard
margin between the best forwarder and the other forware@adstto mask the impact of
traf c-induced dynamics.

In the varieties of scenarios we studied, moreover, thestioie value is either very low
(e.g., less than 0.07) or very high (e.g., greater than ®Vhen the threshold load is low,
it does not matter much even if routing does not convergedmgtimal forwarder when
network traf ¢ load decreases to pass the low thresholdesathis is because the chosen
suboptimal forwarder may well be close to optimal in perfaroe, and optimality is less
of a concern for light traf c load (when it is easy to ensureket delivery reliability).
When the threshold load value is high, it is rarely the cas¢ wWe would expect to see
network traf c load exceeding the threshold in practice wlather protocols are in place
to control the network congestion level, and thus the bestdaler tends to remain the
same across different admissible traf ¢ scenarios.

In the next section, we corroborate these observations agnemng the behaviors of
L-ETX in different dynamic traf ¢ patterns and network spgi We discuss in Section 6
how to address the exceptional cases where best forwardsrsimange in a manner that
signi cantly affect network performance.

5. ROUTING WITH DYNAMIC TRAFFIC PATTERNS

Having analyzed the convergence behaviors of data-drigating and the dynamics of
best forwarders, we experimentally evaluate the behadbisETX in the presence of
three types of sensornet-speci ¢c dynamic traf ¢ patterdgnamic events, dynamic peri-
odic data, and mixed dynamic events and periodic data. Videuaks both grid and random
network topologies in this experimental study.

5.1 Grid network topology

We use a publicly available event traf c trace for a eld senaetwork deployment [Zhang
2004] to generate dynamic events in our study. Since the trafce is collected from 49
nodes that are deployed infa 7 grid, we randomly select and use a7 subgrid of the
Kansei testbed (as shown in Figure 2(b)) for experimentatiibh grid networks. To form
a multi-hop network, we set the radio transmission powerldtlBm (i.e., power level
3). The mote at one corner of the subgrid serves as the bammstae other 48 motes
generate data packets according to different traf c pateand the destination of all the
data packets is the base station.

Dynamic events. We use the event traf ¢ trace mentioned above, but we cottieket
of nodes that actually generate source packets to cone@bnt size, through which we
generate dynamic events. More speci cally, we study thiefahg dynamic events which
contain 7 event con gurations:

1 1t 3 3t 65 507 705 513 311 1

where each con guration speci es the subgrid of traf c soes. For instance,3* 3"
speci es that the nodes in the farth&st 3 subgrid from the base station generate event
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trafc,“5 5" species that the nodes in the farthést 5 subgrid from the base station
generate event traf c. For each event con guration, we gatesthe associated event 40
times and measure the performance of L-ETX for this eventguoation.

Examining the routes taken by packets from each node, weabteat there are very
few route changes during the whole experiment. For instaFatae Il shows the statistics

Consecutive| Same | Diff. route, same| Increased| Decreased
routes hop length hop length | hop length
Radio (%) | 99.98 0 0 0.02

Table Il. Routing stability in the presence of dynamic esegrid network

of comparing the routes taken by every two consecutive pga¢t@m a same node: 99.98%
of the time, consecutive packets use the same route, andd@§o of the time the route
changes to be a longer one. The high stability of routes ipteeence of dynamic traf ¢
patterns are due to the following reasons: 1) estimation-ETIX is very accurate and
stable [Zhang et al. 2008a]; and 2) the best forwarder doeshamge much across different
network traf ¢ conditions as discussed in Section 4.

Because of the stability in routing, packet delivery perfance is rather consistent
across similar network setups. Figure 8 shows the boxpl@&veht reliability for each

J 0B HE
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Event reliability (%)
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#1  #2 #3 #4 #5 #6  #7

Fig. 8. Event reliability for dynamic events: grid network

event con guration, and Table Ill shows the median evenabglity and its 95% con-

Cong: | Median (%) Cl (%)
#1 100 (100, 100)
#2 100 (98.44, 100)
#3 97.92 (96.92, 98.62)
#4 91.85 (91.3,92.39)
#5 98 (96, 99)
#6 100 (98.94, 100)
#7 100 (100, 100)

Table Ill. The median event reliability and its 95% con denlevel con dence interval for dynamic events: grid
network
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dence level con dence interval (Cl) in different con gutions. We see that, despite
random variations, the event reliability for con gurat®#3 and #5 are similar to each
other, and their Cls overlap with each other. A Wilcoxon R&um [Hollander 1999]
test shows that con gurations #3 and #5 have equal mediant eeability at the 95%
con dence level. The same observation applies to otherlaintiaf ¢ patterns, that is,
con gurations #2 and #6, and con gurations #1 and #7.

We also examine the detailed route information, for instattee hop length and the end-
to-end transmission count of routes. Using Wilcoxon Ranin $ests, we nd out that, at
95% con dence level, routes chosen by nodes equal distamag &om the base station
have equal median hop length and end-to-end transmissiont tosimilar network setups
(e.g., con gurations #3 and #5). For instance, Figure 9 shtive (statistically) similar
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Fig. 9. Time series of route transmission counts for a noded®hpps away from the base station: dynamic
events and grid network

end-to-end route transmission counts for the routes taigrabkets from a node 9 grid-
hops away from the base station in con gurations #3 and #®&. SEme observations apply
to parameters such as the per-hop geographic distanceapeétop transmission count
of links used in similar network setups.

Dynamic periodic data. Besides event detection, another important applicaticen$or
networks is data collection. To imitate dynamic data cditecapplications, we let all the
nodesinth& 7 grid exceptfor the base station periodically generate @izckith varying
average inter-packet intervals. More speci cally, we sttite following dynamic periodic
data collection scenarios which contain 7 con gurations:

60! 30! 15! 5! 15! 30! 60

where each con guration speci es the average inter-paaketrval in seconds. For in-
stance, 60" speci es that the average inter-packet interval is 60 selspand “5” speci es
that the average inter-packet interval is 5 seconds. Fdr eac guration, each source
node generates 80 packets that need to be delivered to thatation.

Similar to the case of dynamic event traf c, we observe tloaites are quite stable in
the presence of dynamic periodic data traf c. For instarfedle 1V shows the statistics of
comparing the routes taken by every two consecutive pabfiketsa same node: 99.998%
of the time, consecutive packets use the same route, andd@12% of the time the route
changes. Accordingly, packet delivery reliability andteproperties are statistically equal
in similar network setups. For instance, Figure 10 showsbthplot of packet delivery
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Consecutive| Same | Diff. route, same| Increased| Decreased
routes hop length hop length | hop length
Radio (%) | 99.988 0.004 0.004 0.004

Table IV. Routing stability in the presence of dynamic peitodata: grid network
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Fig. 10. Packet delivery reliability for dynamic periodiatd: grid network

reliability, and Table V shows the statistically equal ngedi of event reliability in similar

Con g: | Median (%) Cl (%)
#1 95.79 (95.79, 96.84)
#2 96.74 (95.65, 96.74)
#3 94.57 (93.48, 95.65)
#4 85.33 (83.70, 86.96)
#5 94.57 (92.39, 95.65)
#6 96.74 (95.65, 96.74)
#7 96.74 (95.65, 96.74)

Table V. The median packet delivery reliability and its 95&h clence level con dence interval for dynamic
periodic data: grid network

network/traf ¢ con gurations; Figure 11 shows the (staitiglly) similar end-to-end route
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Fig. 11. Time series of route transmission counts for a nodedhops away from the base station: dynamic
periodic data and grid network
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transmission counts for the routes taken by packets frontda 8grid-hops away from the
base station in con gurations #3 and #5.

Mixed dynamic events and periodic data. To imitate richer dynamics than pure event
dynamics or periodic data dynamics, we mix these two typesyoimics by combining
different con gurations of dynamic events and dynamic pdit data. More speci cally,
we run the experiment with the following 7 mixed con guratm

5 5t 15t 7 7!t 5t 7 7! 151 5 5

where each con guration speci es either the source trafubgrid or the average inter-
packetinterval. Forinstance;“ 5" speci es an event con guration where the nodes in the
farthests 5 subgrid from the base station generate event traf c, and $pgci es a data
con guration where all the nodes in the grid except for thedatation generate periodic
data traf c with an average inter-packet interval of 15 set® If a con guration is an event
con guration, the eventis repeated 40 times; if a con gioats a data con guration, each
source node generates 80 packets.

Similar to the case of pure dynamic events or dynamic dafa trae observe that
routes are quite stable in the presence of mixed dynamiasinktance, Table VI shows

Consecutive| Same | Diff. route, same| Increased| Decreased
routes hop length hop length | hop length
Radio (%) | 99.97 0 0.03 0

Table VI. Routing stability in the presence of mixed dynaenents and periodic data: grid network

the statistics of comparing the routes taken by every tweeontive packets from a same
node: 99.97% of the time, consecutive packets use the same, rend only 0.03% of

the time the route changes. Accordingly, data deliveralslity and route properties are
statistically similar in similar network setups. For insta, Figure 12 shows the boxplot

Reliability (%)

Fig. 12. Event or packet-delivery reliability in the preserof mixed dynamic events and periodic data: grid
network

of data delivery reliability, and Table VIl shows the stttially equal medians of data
delivery reliability in similar network/traf ¢ con guraions; By comparing Table VII with
Tables Ill and V, we also observe similar medians for evergamket delivery reliability
in similar traf ¢ con gurations. Figure 13 also shows theggstically) similar end-to-end
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Con g: | Median (%) Cl (%)
#1 95.83 (95.83, 97.92)
#2 93.41 (92.31, 94.51)
#3 93.96 (92.31, 94.51)
#4 83.52 (82.42, 84.62)
#5 92.86 (92.31, 94.51)
#6 93.41 (92.31, 93.41)
#7 96.00 (96.00, 98.00)

Table VII. The median event or packet-delivery reliabilgd its 95% con dence level con dence interval for
mixed dynamic events and periodic data: grid network
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Fig. 13. Time series of route transmission counts for a nodeid®hops away from the base station: mixed
dynamic events and periodic data, and grid network

route transmission counts for the routes taken by packets & node 9 grid-hops away
from the base station in con gurations #3 and #5.

5.2 Random network topology

We randomly select 49 motes out of thé 7 grid of Kansei testbedsgeFigure 2(b))
to form a random network topology, with 7 motes from each ravawerage. We let the
mote closest to the left bottom corner of the grid be the btt@s, and all the other 48
motes generate packets that need to be delivered to thethisa.sSimilar to Section 5.1,
we set mote radio transmission power at -14dBm (i.e., poexel13), and we study the
behaviors of L-ETX in the presence of three dynamic traf dtpens, that is, dynamic
events, dynamic periodic data, and mixed dynamic eventpariddic data. The dynamic
events contain 7 event con gurations:

1 1 3 315 50 7 795 513 31 1
the dynamic periodic data contain 7 con gurations:
60! 30! 15! 51 15! 30! 60;
and the mixed dynamic events and periodic data contain 7chti@a gurations:
5 51 15t 7 7!V 51 7 7! 15! 5 5

The above dynamic traf ¢ patterns differ from those in Sewtb.1 only in the sense that
nodes are deployed in a random instead of a grid topologyinstance, 3 3" speci es
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that the 9 farthest nodes from the base station generaté &aéic, “ 5 5" speci es that
the 25 farthest nodes from the base station generate eaént tr

For the case of dynamic events, Table VIII, Figure 14, Tallednd Figure 15 show
the stability, the boxplot of event reliability, the mediewent reliability and its con dence
interval, and the route transmission counts for a speciuree node respectively; Infor-

Consecutive| Same| Diff. route, same| Increased| Decreased
routes hop length hop length | hop length
Radio (%) 100 0 0 0

Table VIII. Routing stability in the presence of dynamic etge random network
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Fig. 14. Event reliability for dynamic events: random netiwo

Con g: | Median (%) Cl (%)

#1 100 (100, 100)
#2 100 (93.75, 100)
#3 93.48 (91.30, 93.48)
#4 89.01 (87.91, 89.56)
#5 93.48 (91.30, 93.48)
#6 100 (94.44, 100)
#7 100 (100, 100)

Table IX. The median event reliability and its 95% con derlegel con dence interval for dynamic events:
random network

mation about the case of dynamic periodic data is shown iteTébFigure 16, Table XI,
and Figure 17; and information about the case of mixed dyoarments and periodic data

Consecutive| Same | Diff. route, same| Increased| Decreased
routes hop length hop length | hop length
Radio (%) | 99.82 0.18 0 0

Table X. Routing stability in the presence of dynamic pedathta: random network
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Fig. 16. Packet delivery reliability for dynamic periodiatd: random network

Cong: | Median (%) Cl (%)
#1 95.24 (94.05, 96.43)
#2 95.56 (94.44, 95.56)
#3 92.78 (92.22, 94.44)
#4 76.67 (73.33, 77.78)
#5 93.89 (91.11, 95.56)
#6 95.56 (94.44, 96.67)
#7 95.56 (94.44, 95.56)

Table XI. The median packet delivery reliability and its 95%n dence level con dence interval for dynamic
periodic data: random neetwork

is shown in Table XII, Figure 18, Table Xlll, and Figure 19. \8ke that phenomena

Consecutive| Same | Diff. route, same| Increased| Decreased
routes hop length hop length| hop length
Radio (%) | 99.985 0 0 0.015

Table XII. Routing stability in the presence of mixed dynaravents and periodic data: random network

similar to those in the grid network are observed in the ramadetwork. One difference
is that, in the random network, data delivery reliabilitylasver and route transmission
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Fig. 17. Time series of route transmission counts for a nodedhops away from the base station: dynamic
periodic data and random network
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Fig. 18. Event or packet-delivery reliability in the preserof mixed dynamic events and periodic data: random
network

Cong: | Median (%) Cl (%)
#1 92.86 (92.86, 95.24)
#2 91.40 (90.32, 92.47)
#3 89.25 (88.17, 90.32)
#4 76.11 (74.44, 77.78)
#5 89.77 (88.64, 90.91)
#6 91.11 (90.00, 92.22)
#7 93.33 (91.11, 93.33)

Table XIIl. The median event or packet-delivery reliaildand its 95% con dence level con dence interval for
mixed dynamic events and periodic data: random network

count is higher than those of the corresponding cases inritiengtwork. The reason for
the above difference is that nodes in the random network are separated spatially and
thus the average number of routing hops taken by packetsdses, which reduces packet
delivery reliability and increases route transmissionntou

5.3 Veri cation

To corroborate the fact that the best forwarders are agtsible in the presence of the dif-
ferent dynamic traf ¢ scenarios discussed above, we implgra variant of L-ETX, which
we callL-ETX-rcv L-ETX-rcv is the same as L-ETX except that the forwarderdidates
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Fig. 19. Time series of route transmission counts for a nodeid®hops away from the base station: mixed
dynamic events and periodic data and random network

of a node always try to overhear the unicast packet trangns$om the node. Note that
the overhearing in L-ETX-rcv is similar to that in EAR [Kim diShin 2006], but unlike in
EAR which studied 802.11b networks with the RTS-CTS medranthe B-MAC used in
our study does not use RTS-CTS handshake, and thus ovetheaschissions by a node
f in L-ETX-rcv have the same properties as those of unicassindssions destined for
f itself. Therefore, a forwarder candiddtein L-ETX-rcv can determine, based on the
overheard data transmissions, the latest link propemiesrficast data transmissions from
the sendes to itself, and theri can share this information with so thats can make the
right decision in choosing the optimal forwarder. Consetlyebiased-link-sampling is
not an issue in L-ETX-rcv due to the receiver-assisted,-ddteen link estimation. We
run L-ETX-rcv in the different dynamic traf ¢ scenarios andtwork setups discussed ear-
lier, and we nd out that, similar to L-ETX, there is very ligtroute changes and the best
forwarders remain stable despite the traf ¢ dynamics.

6. IMPLICATIONS FOR PROTOCOL DESIGN

We see from the ndings of Sections 3, 4, and 5 that, despit& BL-ETX converges
quickly when network condition deteriorates (e.g., duentwréased traf c load). For the
wide range of dynamic traf ¢ scenarios and network setupsstuelied, we also see that
even though 1) data-driven protocols may, theoreticalgakng, not converge to the op-
timal solution when network condition improves, e.g., doalécreased traf c load, and
2) link properties do change signi cantly as traf ¢ pattezhanges, the best forwarders re-
main quite stable (in which case BLS is not a problem any morghe optimal forwarder
chosen for heavy traf ¢ load may still be a very good subogtiforwarder for lighter
traf ¢ load.

In our study, we have examined a wide spectrum of dynamictsaknarios (e.g., dy-
namic events, dynamic data collection, and their mix) artvoek setups (e.g., grid and
random networks), but we understand that we have not coadirite scenarios that may
exist in practice. For the mostly static deployment scersawe studied, however, our
ndings on the high stability of the optimal routing strucguin spite of dynamics of link
properties are themselves not obvious and shed new lightwridhaddress the BLS issue
in mostly static networks such as those for remote envirgriahenonitoring. On one hand,
we are assured of the good performance of L-ETX in a varietyadfc conditions even
if we do not design special mechanisms to address the BL$.i$3n the other hand, to
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address the rare cases where improved network conditida teaigni cantly worse-than-
optimal performance (e.g., due to slow but signi cant chesiin environment conditions
[Lin et al. 2006]), a sender can proactively sample unusddliioutes, or the forwarder
candidates can proactively overhear the sender's datantiaeions to estimate the lat-
est link quality; considering the quick convergence of LXeand the low probability or
frequency that improved network condition may lead to saaritly worse-than-optimal
performance, however, the proactive sampling or forwaedsisted receiver-side link esti-
mation can be executed at very low frequency to reduce thinead of proactive sampling
or overhearing. This is in contrast to the existing appreadh LOF [Zhang et al. 2009]
and SPEED [He et al. 2003] where a node periodically sampiesed links/routes by
using them to deliver data packets, which leads to reduagithgoperformance (e.g., data
delivery reliability, number of transmissions per packelivcered, and throughput) due to
frequent sampling of the links/routes that are not or nohelese to be optimal. We have
observed through experimentation that the periodic, drtisic sampling in LOF and
SPEED can lead to bad performance, especially when traid lis high (e.g., th&@ 7
event traf ¢ trace [Zhang 2004]). For theé 7 event traf ¢ trace, for instance, the data
delivery reliability in L-ETX is  15% higher than that in LOF and SPEED, and L-ETX
also reduces the number of transmissions per packet dediveraround a factor of 2.

L-ETX can deal with dynamics such as node/link failure or@min in a straightforward
manner. Node or link failure can be regarded as the case whegiality of the associated
link(s) deteriorates (in fact, to be unusable), in whicheca€ETX converges quickly; node
join can be handled effectively through the initial link galing procedure when a new
node and the associated links rst come up. Besides trafduiced dynamics, our study
in this paper has not focused on other network dynamics ssictode mobility [Draves
et al. 2004a] and quickly changing environment conditioBgen though we expect that
the quick convergence and high stability of L-ETX routingynadso help us design light-
weight approaches to addressing these types of networkmgaadetailed study of this is
beyond the scope of this paper, and we relegate it as a paunt éfiture work.

The BLS issue is unique to data-driven link estimation antdanproblem in beacon-
based link estimation. Hybrid link estimation methods te#t both unicast MAC feedback
and broadcast beacons have also been proposed in [Woo €08]. &rd [Fonseca et al.
2007]. Even though hybrid link estimation does not need tress the BLS issue and
periodic broadcast beacons may be necessary for purpaseasudiscovering and recov-
ering from routing loops, the approach of incorporatinggeic beacons in link estimation
is debatable (especially for sensor networks that are gnsisttic) since broadcast beacons
can mislead link estimation and cause larger estimatioor ¢Zhang et al. 2009; Zhang
et al. 2008b]. Accordingly, even though hybrid link estitoatmay converge, it may well
converge to the wrong conclusion on link properties in thmesavay that beacon-based
link estimation converges to imprecise estimation resats poor routing performance.
This is especially the case in event detection sensor nkswanere there is no data traf ¢
most of the time but a short burst of data packets may need delbered once an event
is detected [Zhang et al. 2005; Zhang et al. 2009]. Theretmiag broadcast beacons in
link estimation is inherently questionable, and dataahilink estimation as well as the
associated BLS issue is a fundamental problem in wireletsgonke routing.
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7. RELATED WORK

Data-driven link estimation where MAC feedback for unicdata transmissions is used
for estimating unicast link properties has been used inraégensor network routing pro-
tocols [Fonseca et al. 2007; He et al. 2003; Kim and Shin 260&hnan et al. 2008;
Lee et al. 2005; Zhang et al. 2009; Zhang et al. 2008a], anastiieen shown that data-
driven link estimation signi cantly improves estimation@iracy and routing performance
as compared with beacon-based approach [Zhang et al. 200&agtheless, the impact of
biased link sampling (BLS) on routing optimality and the eséty of the BLS issue in the
presence of network dynamics are mostly unexplored. Ladeep understanding of these
issues has led to ad hoc approaches to explicitly or impliaddressing the BLS issue. As
a rst step toward systematic treatment of the BLS issue ta-@hiven link estimation and
routing, we have studied in this paper the routing convergemd optimality in the pres-
ence of traf c-induced dynamics, and the ndings providewiesight into the BLS issue
and suggest alternatives to existing approaches in datardink estimation and routing.

Ramachandraet: al [Ramachandran et al. 2007] studied routing stability (Hase
metric ETT [Draves et al. 2004b]) in static wireless meshwoeks. The study in [Ra-
machandran et al. 2007], however, used broadcast-beased liak estimation method,
and it did not consider the errors in beacon-based link egtim. The study on routing
stability in [Ramachandran et al. 2007] was also based @&rglirality data collected in the
absence of data traf ¢, and it did not consider the impacteifvork traf ¢ pattern on link
and path properties and thus not the impact of traf c-indldgnamics. Dagt: al [Das
et al. 2007] studied the stability of different routing mest but they did not focus on rout-
ing stability which we have shown to be different from thebdity of individual routing
metrics. It was not the focus of [Das et al. 2007] to examieBhS issue in data-driven
link estimation and routing either.

Lin et: al [Lin et al. 2006] proposed an adaptive transmission powetrobmechanism
that controls radio transmission power level to ensureistat link properties in the pres-
ence of environment dynamics. We have mainly focused oa-imétwork, traf c-induced
dynamics in this paper, and we did not focus on environmenadhics. Nonetheless, the
adaptive transmission power control mechanism of [Lin €2@0D6], if deployed, will make
the ndings of this paper applicable to a broader sensor agtwcenarios including those
with quickly changing environment conditions.

8. CONCLUDING REMARKS

We have studied the open, unexplored issue of biased linklgggn(BLS) in data-driven
link estimation and routing. For a wide range of traf ¢ patte and network setups we
studied, we discover that the optimal routing structure aies quite stable despite the
signi cant variations in link properties and route metriglwes. For the rare cases where
the optimal routing structure does change, we prove thapitiethe BLS issue, data-driven
link estimation and routing is guaranteed to quickly cogedo the optimal structure when
network conditions deteriorate; when network conditionpiiove, we empirically show
that the optimal structure for heavy traf ¢ load tends to eéma good suboptimal structure
for lighter traf ¢ load, even though data-driven routing ynaot converge to the optimal.
These ndings shed new light on the BLS issue and provide dumdiation for a simple,
light-weight mechanism of addressing the BLS issue in tresgmce of traf c-induced
dynamics.
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The highly stable routing structure in L-ETX provides a #abonsistent infrastructure
for data transport and can help ensure predictable QoS iprésence of traf ¢ dynamics;
detailed study of this will be an interesting topic for fuguresearch. We have focused
on traf c-induced dynamics in this paper, detailed studyhofv other network dynamics
(such as node mobility and quickly changing environmerdatitions) affect the stability
of optimal routing and data-driven link estimation is alsgeait of our future work.
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