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Abstract— We examine the problem of tracking dynamic There are many possible applications of range sensors.X{-or e
boundaries occurring in r_latural phenomena using a netwqu ample, radars used in [6] scan an angular area by sweepimg up-
of range sensors. Two main challenges of the boundary trackg 360 degrees and gather reflectivity and wind velocity informati
problem are accurate boundary estimation from noisy obser- Recently, Lidars (Light Detection and Ranging) are beingdus

vations and continuous tracking of the boundary. We propose . . . ! .
Dynamic Boundary Tacking (DBTR), an algorithm that com- for detecting forest fires [7], [8]. Lidars detect fire by aymhg

bines the spatial estimation and temporal estimation techniques the energy back-scattered from smoke particles resultom the
to effectively track a dynamic boundary. The regression-baed fire and measure the distance between lidar sensor and agwoint
spatial estimation technique determines discrete pointsrothe the target(smoke) using simple principles of light. Whitelay
boundary and estimates a confidence band around the entire |idars are not equipped for wireless communication, we siowi
boundary. In addition, a Kalman Filter-based temporal estma- i, the near future, low power, inexpensive sensors withnidar

tion technique tracks changes in the boundary and aperiodially : : : L . .
updates the spatial estimation to meet accuracy requiremes. distance sensing and wireless communication capability wi

DBTR, provides a low communication overhead solution to P& available. Further, prototypes such as Radar Motes @] th
track boundaries without requiring prior knowledge about the integrate a Mica2 mote and ultra-wideband radar motion @ens
dynamics. Experimental results demonstrate the effectiveess of prove that such sensors are feasible from a technical sbamtdp
our algorithm; estimated confidence bands indicate aloss of In the rest of the paper, we assume that a networkviogless
coverage of less than2 — 5% for a variety of boundaries with  sensors with range sensirig used to track boundaries occurring
different spatial characteristics. in natural phenomena.

Index Terms— Boundary Estimation, Kalman Filter, Nonpara- Remote sensors used for boundary tracking applications may
metric Regression, Range Sensors be deployed in regions with limited or no infrastructure gof.
Assuming sensors meet their power requirements from ssurce
such as solar panels or battery, these sensor nodes opacse u
a constraint of limited energy consumption. For exampleOa 1

Large scale sensor networks are being deployed for rea&-tirkm radar capable of mapping 20 dBZ reflectivity combined with
monitoring applications, such as detecting leakage ofldazs a low power computing platform that may be operated using
material, tracking forest fires and environmental phenamén a solar powered system is proposed in [10]. Further, battery
many of these applications, front-tracking is an importaspect. operated handheld laser devices are commonly used in many
In a forest fire tracking application, one of the requirerseistto applications such as for measuring local atmospheric ilityib
provide the first respondent with continuous updates reggrd [11] or detecting gas, vapor plumes [12]. With such energy-
the extent and direction of the fire-front [1] and its distance constrained range sensors, a primary consideration ikitrga
from habitats. As the front moves, the information regagdits dynamic boundary i€nergy conservationVe aim to reduce the
latest position should be updated. For instance, at a p&tic communication overhead at sensor nodes to increase thienkfe
time instantty, the front may be 2 km away with respect to af the sensor network.
location while atty + 30 minutes, it may bel.2 km away. In Another characteristic of sensor networksi@sy observations
the above situations, the sensing field may be partitionéal irDue to inherent inaccuracy of range sensors, individuaknlas
two or more regions of distinct behaviors — one set of regiortfons are noisy. On the other hand, accuracy in front estomat
where the condition of fire being present is true and anotkér gs critical since in many front tracking applications, inmzmt
of regions where it is false. Strategically deployed semsan be decisions may be taken based on the current location of the
used to detect and track boundaries associated with suahahatfront. The challenge is to achieve high accuracy in boundary
phenomena if a well-defindabundaryseparates the two sets ( fireestimation in spite of noisy observations. Other challsnge
present/absent) differing in physical and/or chemicalpprties. tracking dynamic fronts includémely updatesof the estimates

Previous techniques to estimate boundaries have empiayedwhile keepingcommunication overheadsw.
situ stationary sensors [2], [3] or mobile sensors [4], [5]. In Boundaries occurring in natural phenomenon may or may not
applications like tracking a plume, or predicting trajegtaf have any specific form. Moreover, depending on the enviranme
weather parameters [6], in-situ sensing is not feasible tdue tal conditions or sources of the phenomenon, the frontsrdogu
difficulty in access to remote areas or requirement of a larga two situations may be very different. Tracking fronts ngi
scale deployment of sensors. In such situations, techsifjaeed sensor networks involves estimating its shape and locatioa
on range or remote sensing using radar or laser pulses am® dimensional field. We refer to this as tkpatial variations
better suited. In range sensing, a sensor estimates distana of the front. From the spatial variations, it should be pblesi
remote location where the phenomenon is present, wherdas into obtain the distance of the front from a specific location of
situ sensing, an observation contains a field value at theoseninterest (e.g., the nearest habitat). Boundary changds timite
location. are referred to agemporal variations A dynamic front has both
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spatial and temporal variations. In order to estimate a tagn
accurately both of these variations should be capturedstiggi
boundary estimation strategies [2],[24], [3] usimgsitu sensors
do not address the issue of tracking dynamic boundariesléwhi
proposed solutions using mobile sensors [27] [4] can bertdl
for tracking dynamic boundaries, no optimization in ternfs o
communication overheads is attempted as the focus is oriregu
energy and delay due to mobility.

A. Problem Formulation

We assume a set of sensor nodes distributed randomly over a
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two dimensional field, measuring a phenomenon (e.g., vigcosFig. 2. Solution Aspects of Dynamic Boundary Tracking

or reflectivity). Further, each sensor has directional easgnsing
capability to estimate the closest point whose field valuéches
the definition of a boundary. We assume that sensors can aligre
their sensing antennas at any angle to locate a point on the
boundary. Further all sensors are located on one side of the

The point-wise approach of DBTR allows handling different
sections of a dynamic boundary separately. DBTR is de-
signed to be effective for tracking dynamic boundaries with

boundary tracking thdront of a phenomenon. An observation
(z;,v;) of the i*" sensor represents the locatibf a boundary
point. Figure 1(a) shows a typical scenario of sensors tlatec
various points on the boundary. A sensor at locat{an, ys)
positions its beam at an angtew.r.t. the y axis and detects a
point (z;,y;) along the sensing direction,; captures the error in
observation.

Given n observations{(z;,y;)};=1} with errors, our goal is
to estimate a confidence band of a specific widlttthe distance

between the estimated boundary and the extent of the band ir

each direction) as shown in Figure 1(b). The confidence ba

should cover the dynamic boundary at all times and with high

probability. Accuracy of the band is measured in termdaosis
of coverage(LOC), the probability of the band not covering
the actual boundary. We defirestimation pointas an arbitrary

out prior knowledge regarding dynamics of the boundary.
DBTR's spatial estimation scheme is designed such that it
lends itself to in-network aggregation. This strategy e

the communication overheads as compared to a centralized
solution.

With the model-based prediction of dynamics at individual
estimation points, DBTR requires less communication over-
heads than the besiptimal periodic update scheme with
similar accuracy.

DBTR consistently estimates boundaries more accurately
than the individual Spatial and Temporal estimation tech-
nigues. The estimated confidence band around a boundary
hasloss of coveragef less than2 — 5% for a variety of
boundaries with different spatial characteristics.

The rest of the paper is organized as follows. Section |l gts

nd

location along ther axis from which distance to the boundarythe overview of solution approach. Section Ill describes-no

is estimated along thg axis. For an arbitrary estimation point
x;, if d(x;) is the actual distance to boundary aiig:;) is the
estimated distance, thebOC' over a set ofn such estimation
points is defined as:

n

L3 (i) — d(w)] > 5)

i=1

LOC(5) (1)

wherel(.) is an indicator function such thdi{a) = 1 only if the
parameter is true, otherwisd (a) = 0. Minimizing LOC implies
maximizing accuracy of coverage. In this paper, wherevearadb
is mentioned we refer to a confidence band.

Since sensors are energy-limited, we aim to reduce com-

munication overheads at sensor nodes to increase thamideti

of the sensor networks. Hence, two important metrics of our

solution are the accuracy of estimation (expressed@C) and
communication overheads.

B. Contributions

parametric regression-based spatial estimation technignd
shows its actual realization in a sensor network. Section IV
presents DBTR'’s approach for selecting the locations amabeu

of estimation points in estimating a boundary. Section V- dis
cusses the temporal estimation technique using Kalmaer Riftd
Section VIl evaluates spatial and temporal estimationsuidpn
simulations. Section VI presents the DBTR algorithm as a-com
bination of spatial estimation and temporal estimationcti®a
VIl discusses the related work and the conclusions are ilriaw
Section IX.

Il. OVERVIEW OF SOLUTION APPROACH

Figure 2 outlines the issues involved in tracking a dynamic
boundary. The two main issues are estimating the boundaty an
updating the estimate as the boundary moves. There are twad br
techniques to estimate boundari¢$:Functional estimation and
(ii) Point-wise estimation.The main assumption of functional
estimation is that the entire boundary can be represented) us

We propose Dynamic Boundary Tracking (DBTR), a novel function. For boundaries occurring in natural phenomeregon

technique that intelligently combines both spatial and peral
estimation techniques for accurate dynamic boundary esitm
Specifically our contributions are as follows:

1y, is they coordinate of the measured boundary point’s location artd n
the relative distance from the sensor

preselected functional form might be too restrictive fditeeting

all important features. A common functional form is alscelik

to have large bias in the estimation. These problems can be
overcome in a point-wise estimation technique which assume
that boundaries consist of discrete points. The effectissnof

this technique depends on the number and locations of boynda
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Fig. 1. Tracking dynamic boundary using range sensing obsenation

estimation points. Our point-wise technique exploits spatari- A. Non-parametric Regression: Mathematical Background
ations to determine the positions of estimation points aseSu A set of noisy observationg (z;,y;)}7} is the input to
b 1=

only a minimal number of estimation points. DBTR wherey; is taken as the distance to the boundary from

For estimating a boundary, we use a non-parametric regressilocation z;. Due to the presence of noise on observations, the
basedspatial estimationtechnique that exploits spatial corre-measured distances are not exact. As range sensors findagista
lations of proximate sensor observations to reduce thectefféo the boundary, it is possible to derive a relationship leetwa
of range sensing errors. A centralized technique for ediilga sensor location and the observed distance to the boundiagn G
boundaries is to transmit all sensor observations to a &entthat a regression curve describes a general relationsttipeba
location. But this technique suffers from high communicati an independent variable and dependent variable, a regressi
overheads. We explore a decentralized solution that eslizrelationship is used to obtain the expected distance to dsoyn
sensors’ local computation capability and performsnetwork from a given location. For each sensor observation y;), the
aggregation at sensors within the network to significargiguce independent variable;; and the dependent variablg can be
the communication overheads for boundary estimation. modeled as a non-parametric regression relation,

In order to track a dynamic boundary, the boundary estimates
need to be continuously updated. An important question then
when should the boundary estimates be updated? We show hgiere d is the regression relation between and y;, and a;
to estimate and exploit temporal characteristics of thendawy is the observation error along axis. For simplicity, the spatial
to update its estimate only when required. The time instncestimation technique of DBTR is described assuming range
when a boundary estimate is updated depend on the dynamiessors are aligned along theaxis. Thus,6, the orientation
of the boundary. Optimal period for update is the longestetimangle of the sensors, is set to zero. This assumption iseelax
period during which the boundary does not need update witha®ection VII-J.
affecting the accuracy. But, unless there is clairvoyaoptimal If the error distribution has mean zero, then the expectéaeva
choice of periodicity at each point is not possible in réalet of the distance to the boundary at is d(z;). Though the exact
tracking scenarios. Our Kalman filter-bastnporal estimation error model depends on the actual range sensing technitpres,
technique predicts the movement of the boundary and updagsplification,? the error distribution is taken as normal(0, %),
the estimate only when error in the current estimate exceedsheres? is the observation error variance. Assuming a smooth
pre-defined threshold. boundary, it is possible to use a local average of the obsenga

nearz, to constructd(z,), an estimate for(x;).
The kernel smoothing13] technique that uses observations in

yi=d(z)+a; i=1,...,n (2)

I1l. SPATIAL ESTIMATION TECHNIQUE OFDBTR the neighborhood of; is applied to estimaté(xy). Thusd(zp)
is,
n
In this se(_:tion we discuss_ the spatial_ estimation technique d(zp) = lZWi(x;n)yi (3)
of DBTR. Given a set of noisy observations, we address the ne

qugstion:how to es“m?“e the current boundary su_ch that th\(Iavhere {W;(xp)}i, denotes a sequence of weights defined us-
estimate h_as bounded maccuraog’?smple_ way to es_tlmate the.ing a kernel function. The following weights proposed by the
boundary is to apply a polynomial function or a t”gonomt”Nadaraya [14] are used:

function to the observations. Such garametric approach is
useful for deriving a sketchy boundary and may be insufficien K(%)

ing i isti Wi(zp) = 7
for extracting important characteristics of the boundaie use L g(feti)
a non-parametric regression based kernel-smoothing itpatin n =t g

since it allows deriving a smooth boundary without adheriag Where K() is a kernel function and the weight far, is non-
a specific functional form. zero only if |z, — ;] < h. The parameter. is referred to as

the h-neighborhoodof =,,. There are a number of optimal kernel

(4)

Initially, the mathematical background of non-parametee

gression is presented, then the issues regarding pradtival 2In case of range sensors, observation noise distributiodstéo have a

p!ementation of the spatial technique in a sensor netwoek &{on.Gaussian component if there is no line-of-sight sensile assume that
discussed. there is no non light-of-sensing.
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2) Find optimal neighborhood for this set of estimation p®in

64 using the technique mentioned above.
§ 63 « 3) Estimated(z;), distance to the boundary using Equation
é 62 o (5) at these estimation points. Thus, we estimatgoints
g | that lie approximately on the boundary.
g 4) Estimate the entire boundary using the smoothing spline
2 60 ) [13] interpolation scheme from thege point-wise esti-

59 x  Observations mates.

58 - _lsTr“e B°“”§Z’y 5) Obtain a confidence band, by addifgdistance on both

Location(x) sides, centered around the estimated boundary as shown in
Figure 1(b).

Fig. 3. Sample noisy observations around an estimationt poia 13.1 L .
The next relevant question isow do we evaluate the distance

to the boundary and the variance of observations in a sensor
functions suggested in the literature. A simppanechnikoy NEWork?The expressions foi(zy) and & (zp) reflect that they
kernel[13] with parabolic shape i (u) = 0.75(1—u?) x I(|u| < are aggregate fu_nctlons. Hence, we need a suitable a_g@regat
1). Note that the numerator of the weight;(z,) is a kernel tec_hn_lque to reallz_e these expressions from sensor ols#rya
value evaluated at, whereas the denominator is the mean of NiS iS addressed in the following section.
kernel values evaluated at all valuesagf This mean kernel value
reflects thedensityof «; values atz,. Such a weight sequencec  Realizing the Regression-based Approach in a Sensordietw
serves two purposes: (1) the weights adapt to the local jeafsi ) . o
2, (density of sensors along axis) (2) weight sequence far, Our system model consists of multi-hop communication net-
sum to one. work connecting the sensor nodes and the base stationzkeali
After plugging in the weight sequence, Equation (3) become@e spatial estimation technique in such a network involves
deciding how the observations are gathered for estimatireg t
d(ey) %Zle Kp(xp — x4)y; boundary. There are two basic approaches for estimating an
Z’p =
LS Kn(xp — )

expression in sensor networks. In a centralized solutidh, a
whereK), (u) = K (%) is used for simplification. Furthe&(z,), computation. Conversely, in a distributed solution, thesesb

®)

the observations are sent to a base station that performs the

the variance of observations &}, is estimated as: vations can be combined through in-network aggregation and
" computations can be performed in an incremental fashion at

& (xp) = _ZWi(l‘p)y% — d?(zp) (6) intermediate nodes. The distributed solution tends to beemo

ne— scalable as fewer communication messages are involved RDBT

) _ o uses a cluster-based data dissemination scheme. For iautistr
6~ (xp) captures the spatial variation of the boundary and fplementation, Equations (3) and (6) are amenable to bepiity
also an estimate of the observation error varianéeWhenever into expressions that can be evaluated at the distributeatit;ms
multiple observations with the same variance are averagleel, in the routing tree.
variance of averagereduceswith increase in the number of 1) Cluster-based In-network Aggregatiorin our approach,
observationsThis is why we expect higher accuracy of estimatioensors are organized into clusters and cluster heads lacgesk
for the estimated distancé(x,) compared to just observationsngdes within a cluster are one or two hops away from the
which are noisy. This is also verified in Section VII-J. cluster heads so that the observations from individual sode
DBTR uses this variance information for deCiding the looasi can eas"y be aggregated at cluster heads. Any of the cluster
of estimation points which is discussed in Section IV. F8r formation algorithms suggested in the literature can beduse
illustrates how to estimate a boundary from noisy obsemvati i3 DBTR. We use the cluster formation algorithm suggested in
using non-parametric regression. Lgf = 13.1 be an estimation [15] as it generates minimal number of clusters which cam hel
point. 7 noisy observations irh-neighborhoodof the estima- in minimizing the number of data aggregation messages. It is
tion point are(10.6, 63.4), (11.6,62.5), (12.6,62.4), (12.8,62.9), assumed that the base station is always a cluster head.uatecl
(13.1,63.0), (16.0,60.2), (16.1,62.8) as shown in Figure 3(a). heads form a routing tree structure rooted at base statidewery
Applying the kernel function in Equation (4), the weights focjyster head has an intermediate parent node through whoeimi
these observations afe10, 0.17, 0.2, 0.2, 0.2, 0.07, 0.05 Next, forward data to base station. In the routing tree, each ledkn
applying these weights to observations using Equation8)get  sends its observation to the respective cluster head.
the estimated boundary dfz;) as 63.04. 2) Estimating Distance to the Boundarince the regression
function, d(z;,) and the variance?(z;,) are duplicate-sensitive
aggregates, cluster-based boundary estimation schemadsho
ensure that observation from a node is included in the egtiaia
In a point-wiseapproach based on non-parametric regressiomyost once. The technique for computing the regression iinmet
a boundary can be estimated using the following steps: x, is as follows. The observation from a node withcoordinate
1) Select a set of estimation points where the boundary will is used for computing boundary poiatz,) if it satisfies the
estimated. We assume that the number of estimation poimgationshipz, — h < z; < x, + h. The expression fod(z;) in
is k. The value oft and locations of the estimation pointsEquation (5) can be written in terms of a fracti% where the
are discussed in Section IV. numeratorN is the sum of individual observations multiplied by

B. Steps in Estimating a Boundary
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Fig. 4. Cluster heads computin@and &2 for zp1 = 11.5 andzp = 14
h = 1.5 is shown in Figure 4. Cluster heddestimates partial
aggregate forz,; which is sent to node and cluster head
the kernel evaluated at each and the denominatab is the sum estimates partial aggregate fef, and is sent to nods. Cluster
of kernel values evaluated within theneighborhoodof z),. head4 has no partial aggregate as it has no observation inside
We show that if observations with-neighborhoodof z, are the h-neighborhoodof eitherz,; or z,2. Node 1 (which is the
aggregated separately by a few nodes, by combining indiidibase station) collects partial aggregates from nddend 3 and
aggregatesd(z,) is computed. If two termsV; (z,), D;(z,) are estimatesd(11.5) = 15.5 and 6%(11.5) = 2.8, d(14) = 18.3 and
estimated for each observation, thé(zc,,) can be evaluated asfr2(14) =3.9.

follows:
d(zy) Yoy Kn(xp —xi)yi Y21 Nilwp) @ IV. TOWARDSMINIMIZING THE NUMBER OF ESTIMATION
{L'p = — — =
Dicy Kn(zp — i) o Di(zp) POINTS
where fori =1 n: Communication overheads for the spatial estimation teghi

depend on many factors such as the depth of the routing tree,
Ni(zp) = Kp(zp — 4)yi, Di(zp) = Kp(zp —x;)  (8) node density and the number of estimation points. For each
estimation point, separate partial aggregates are budt sant
to a central location. Because of this, communication amectly
proportional to the number of estimation points (verifiecbtigh
an experiment in Section VII-F). This suggests that the Hamn
should be estimated with low number of estimation points to
Puce communication overheads.

If a cluster head has multiple observations withim
neighborhood of z,, it aggregates all theN;(xzp), D;(zp)
terms corresponding to these observations and obtainegafgr
N;(zp), D;(zp) terms which we refer to as ttpartial aggregates
for d(z;). These partial aggregates are sent through the routi

tree to thefbase sltat:on IWhe&(hxp)d IS estr|]mat(_ed. If pﬂ?g;al On the other hand, more estimation points help in reducing
aggregates_ rom multiple cluster heads reach an interrtesdaue interpolation error of the estimated confidence band. Traialp
in the routing tree,_theNi(x,,), D i_(mp) terms are separately_ estimation uses an interpolation scheme over a set of dstiima
alggregalfeddto obtain a new partlzl_ a%gre%ate. Thus, mailtiplyines to derive the entire boundary. Figure 5 (a) and (bjsho
cluster cads can estlmadgccp) n a Istri l_Jte manner. a confidence band around a boundary and illustrate the effect
_3) Estlmgtlng Observauon Variancetlsing a similar tech- of adding more estimation points on the interpolated bonnda
nique, multiple nodes in the network can compute the vaBang o re each ‘x' indicates the boundary estimated at an etima
of 0 bserv_atlons In a_dlstrlbuted fashion. The cqmputatlcin ?)oint and the dashed line represents the confidence bandalAct
variance involves taking the square of observations from thy,,\qary is represented by the solid line. It shows that with
individual nodes and using the value of finl,). If two terms g some sections of the boundary are outside the confiden
Qi(zp), Di(zp) are estimated for each observation withiA 1 504 \yhile with two additional points, the band includes som

neighborhoodof ,, then t_he variance of a boun_dary point Cahore sections of the boundary. Thus, a larger number of astim
be computed by aggregating all these terms using the falpWiion hoints may improve the accuracy of estimation but fngsi

approach: incur higher communication overheads. Our goal is two fold:

Az( ) = ng( ) 1) to estimate boundary at a minimal number of points, and
o) = S Kplzp — ;) ¢\ 2) to ensure that the band obtained through interpolation,
s 7@,(%) covers the actual boundary with high confidence.
i=1 "%?

m - dz(xp) ©)  The coverage of the entire boundary will be affected if argtise
= of the boundary lies outside the band. This suggests that the
whereD;(zp) is as given in Equation (8) an@; (x) is given as: pand should capture any significant spatial changes. Thetique
, _ ] 2 arises:how do we capture the spatial variations of the boundary?
Qilep) = K((@p = i)/h)y; (10) Properties of a boundary should be utilized in order to de-
Thus, multiple cluster heads compute partial aggregatesisting termine the number of estimation points. Variang&(z,) as
of (N;,D;,Q;) terms for estimatingd(z,) and 62(z,) in a given in Equation (6) incorporates two types of informatigi
distributed manner. An example of computing partial aggteg spatial changes of the boundary and (ii) error in obseraatio
at cluster heads for points,; = 11.5 and z,» = 14 with Assuming that all observation errors follow a normal dtzition,

S K (wp — z3)y?




the variance of observations at differery differ due to spatial  Then P [|d(mp) —d(zp)| < 6] = 1 — C. In Section Ill-A,
variations. A higher value of the variance indicates a largeve made the assumption that observation noise have a normal
spatial variation of the boundary within tireneighborhoodWe distribution N (0, #2). Given the above probability andfis close
hypothesize thathe sections (portions between two estimatioto the variance of sensor observation noise, then the follgpw
points) of the boundary with higher variance are the primargtatements hold true based on ttmeee sigma rulefor normal
contributors to a higherLOC. Thus, adding more estimationdistribution.

points in the high variance sections of the boundary is yikel

to reduce theLOC'. Plld(zp) — yp| < 30] &1 = P [ld(zp) —yp| <26] =1-C
This implies prediction error at,, is close toC'.
A. Algorithm for Selecting Estimation Points In the experimental section, we verify that the predictioroe

- . . and LOC follow similar trends. As a result, prediction error is
We present a heuristic-based approach for selecting a rainim

o . . S . used as a metric for the termination condition of the itemti
set of estimation points. Our algorithm initially estimatéhe

. algorithm presented above. Further, we observed thia€’ does
boundary at a small subset of sensor locations. We observ

. . L . -not change based on exact locations of estimation points)lyt
through experiments that if estimation points are evenly- di . - .
. . : depends on the value d&f provided estimation points are well
tributed along the boundary, the estimated band providesod g
R L . ..~ separated along the boundary.
coverage. Hence, the initial set of estimation points &iasbf
points located approximately at evepy: interval such that the
boundary is estimated at least once in evemgeighborhood If V. TEMPORAL ESTIMATION TECHNIQUE OFDBTR

Xrange s the range of: values, then the number of estimation The spatial estimation technique described in the lasicsect
points,k = [ Xrange/2h]. Note thatr locations of a set of sensorscan be used to track a static boundary. For tracking a dynamic
are taken as estimation points. boundary, the estimates from the spatial technique shoeld b
The spatial estimation technique also estimates variaatesrefreshed at appropriate periodic intervals to ensure that
these estimation points. At the base station, differenti@es of poundary is always within the estimated band. But this negui
the boundary are sorted according to decreasing orderiofi@&std prior knowledge of the boundary dynamics such that the perio
variance and additional estimation points are added indtdgr. can be adjusted. The temporal estimation technique of DBTR
For example, if three estimation points are.9,24.4,30.9, and uses the history of observations to decidento update the
variances at these points are, 1.8 and1.72, then an additional boundary. It builds a model to predict the changes in the Bagn
estimation point is added aftet.4. Since the base station knowsand aperiodically refreshes the spatial estimates. Furthiile
all sensor locations, a sensor location, preferably clas¢he tracking a moving boundary, the implicit assumption is tte
middle point of two existing estimation points, is chosen aSensor sampling period is chosen correctly. In this sectiom

the new estimation point. Based on sensarslocations, new also address the issue of selecting the sensor samplingdperi
estimation can be at = 27.3. Thus, locations of sensors residingaccording to the dynamics of the boundary.

in high variance sections are likely to be chosen as addition
estimation points.

As more number of boundary points are estimated, the int
polation error reduces and so does the loss of coverage’y. The temporal estimation technigue uses a model for the dynam
This iterative processonvergesvhen additional boundary pointsics, built using a time sequence of observations of the niigtdo
do not lead to a further reduction IbOC'. Determining the exact the boundary. In practice, the model is dependent on the exac
LOC requires the knowledge of actual boundary. Consequentdjication scenario. For example, to model plume’s mobifiym
we use another metrigrediction error, to decide when to stop in situ measurements of the concentration of plume, Gaussian
adding more estimation points. plume dispersion model or cloud model [16] can be used. But
in our problem, the sensor observations are related to itoat
of the boundary and not directly affected by physical/chehi
characteristics of the boundary. Specifically, we are edtxd in

Prediction error at a specific estimation point is definedn@s tmodeling thevelocity of the boundary. External factors such as
absolute difference between the observation and the éstimathe prevailing weather conditions, surrounding topogyagkc.,
boundary at that location. When estimated over a setnof can affect the dynamics of boundary. If external factors ban
estimation points, the probability of this difference lgpigreater modeled as Gaussian error and the underlying physical gsoce
than2 x § can be used as a representativeLofC. We justify the changes linearly with time, then simple tracking models lik
factor of 2 later in this section. Prediction Error function (BB( Kalman Filter can be used. Assuming that the boundary at a

& Model-based Temporal Estimation Technique

B. Prediction Error RepresentingOC

for a givens is approximated as follows: discrete point changes in a linear fashion with time, we use a
1 & Kalman Filter to predict the future boundary locations. &jea
PE($) = — Z I(|d(z;) — yi| > 26) (11) sensor maintains a state representation of distance tathelary
[ that is updated at each time step.

Kalman Filter states(zp,t;) consists of the actual distance
d(zp,t;) to the boundary at;, and the velocity of the boundary
along they axis at time instant;.

wherey; is the observation and](xi) is the estimated distance at
z;. ThoughLOC andprediction errorare defined using indicator
functions, if obtained as a mean over a large set of obsensti
these quantities represent the corresponding probaBilifissume ) — d(zp,t;)
that LOC atay is C, i.e., P [|d(xp) — d(zp)| > 6] = C septi) = |



d(zp,t;) denotes the change id(zp,t;) with respect to time. faster than other sections, then that section is updatede mor
Irrespective of the actual movement of the boundary, we afiequently.

interested in knowing only the change ii{z,,t;), i.e., they

component of the velocity of the boundary, sgt. Since a range C. Comparison of Spatial and Temporal Estimations

sensor can find the distance to a dynamic boundary withoutg, far, we have described the spatial estimation compomeht a

changing its own location, it helps in reducing themplexity temporal estimation components of DBTR. These techniques a
of the problem. Sensor at an estimation point tracks chanyesf ther analyzed and different options for estimating a aiyic

distance to the boundary from that point. boundary are explored.

For simplicity, we assume that the boundary moves witlog | the temporal technique, estimateskoéstimation points are
stant mean velocithaving a mean zero and random acceleratiogent to the base station. Ferestimation points, communication
Then the state space equation becomes: overhead for this technique is of the order fofx I where! is

the average number of hops of a node from the base station.
Alternatively, communication overheads of the spatiainestion
where aproc(zp,t;—1) is @ Gaussian error with distribution technique include messages required for aggregating \cdigmrs
N0, agm]. The matrix F' relates the state at timg to the state from neighboring sensors and sending partial aggregatdketo

at timet;,_;. The termG x aproc(xp, t;—1) represents the noise base station. Thus, communication overheads are propartio
component in the process model and matrigesnd G can be the total number of nodes sending observations to the régpec

s(zp,t;) = F X s(zp,ti—1) + G X aproc(xp, ti—1) (12)

obtained using simple laws of motion: cluster heads. As discussed in Section IV, the total number
of nodes sending observations is more than the number of
o { 1 ts } - { t } estimations points. Consequently, the spatial estimationnique
= andG = | 2 ) g . . .
0 1 s incurs additional overheads due to gathering of neighlgosansor
observations.
wherets is the duration between time instaptand¢;_;. In this The spatial estimation technique can be used in two ways for
case,ts can be same as the sampling period of sensors. tracking adynamicboundary:
Temporal technique estimates the distance to the boundary al) Periodic Update: if spatial estimation is performed pevi
xp using the observation matrix dézp, t;) = H x s(xp, t;) where ically to update boundary estimates, it is referred to as the
H = [1 0] is the observation matrix. Using this relationship and Spatial -Periodicscheme.
Equation (2) regarding sensor observation we obtain: 2) Aperiodic Update - if the spatial estimation is performed
whenever based on the changes in the boundary, it is
y(p,t;) = H X s(xp, t;) + a(zp, t;) (13)

referred to as th&patial -Aperiodicscheme.

where «a(zp,t;) is the error in sensor observations and has These two versions of the spatial estimation are used to com-

distribution N[0, 0% (zp)]. The variance at estimation point,, pare the accuracy of the temporal estimation techniquethéur

o?(xp) (Equation 6), is used as the observation error covariancew assume that the spatial-aperiodic scheme updatesiitsaéss

the Kalman Filter equations. Note tha,.,.. is the error variance Whenever the temporal estimation technique updates ita@gts.

of process model. Assuming that the model accurately reptes The following experiments are performed to compare the r@oyu

the dynamics of the boundary’... can be taken as a smallof two techniques.

quantity as compared to the observation noise variarfce 1) Effect of width of the confidence bandéccuracy of es-

timation is affected by mainly two factors — dynamics of the

boundary and. In this experiment, these two factors are varied

and LOC of the spatial and temporal estimation techniques are
While spatial estimation for an estimation point may be petbserved. Figure 6(a) plots the accuracy of both aperiodit a

formed by multiple cluster heads, the temporal estimatias hperiodic versions of these techniques whers varied. Asé is

to be associated with a specific sensor and its observatioimgreased, lowef.OC is observed for both the techniques. Higher

By default, the sensor with: location same ag; is selected values ofs increase the probability of coverage of the confidence

for performing temporal estimation. Assuming that the ltany  band. However, foé = 1.0, LOC of spatial estimation is lower

has similar temporal variations within thie-neighborhoodof than temporal estimation b9%, whereasLOC are similar for

an estimation point, any sensor having observations withen § = 1.1 and§ = 1.2. Due to the aggregation of observations

neighborhood oft;, can perform the temporal estimation fop. from multiple sensors during spatial estimation, the var& of

Moreover, by applyinglistinct Kalman Filter-based estimates forthe estimated distance to the boundary is low and it offersio

each of thek points, it is possible to track a boundary that hagOC' than temporal estimation.

different sections moving at different velocities. For § > 1.2, temporal estimation performs better than spatial
Estimates from a few selected sensor nodes are sent to tee kestimation. The temporal estimation technique traoks x ¢

station where a confidence band of widihis obtained around change in the boundary and with higher values) ofhis change

the entire boundary. As the boundary is dynamic, estimatestmppens slower. This also means that the correspondingrsens

different estimation points must be updated. Estimate;,ais node observes and estimates the distance to the boundary for

updated only if it is expected to have changed beyond a oertéonger duration before the update takes place. Hence, highe

threshold since the last update. Thisdate thresholds specified ¢ results in higher accuracy of estimation for the temporal

by ¢ x 6 wherec(< 1) is a constant. Whenever any latest estimatechnique.

reaches the base station, the confidence band is updateftetti re The accuracy of aperiodic update schemes are also compared

the changes. Therefore, if the boundary at a section is @éhgngwith the periodic versions of the temporal and spatial estiom

B. Estimating Dynamic Boundary
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Fig. 6. Accuracy of Temporal and Spatial Estimation techeg(a) a®) Varies (b) as Velocity Varies

techniques. It is assumed that the constant period for apidat N
. . . . + (0]
the same as the sensor sampling period which is 1 second $f_;) S_(q )
default. It can be observed that fér= 1.0, LOC of the spatial- [ «r
periodic update scheme i8% whereas it is 15.3% and 17.3% for ” ‘ Prediction ’
the spatial-aperiodic and temporal-aperiodic schemgmetisely.
Similar improvement inLOC' can be seen also for all values a(t_) Yes
1

of §. The reason for better performance can be explained using
the number of updates of the boundary estimates. For periodi
updates, the number of updates for the boundary at an egiimat
point is 300 in 300 seconds. But for aperiodic schemes, tdatep

Multiple
happens only after a change in the boundarg.p ¢ is detected. Obser\?ation

In aperiodic schemes, the number of updates is 269 and 214 for
d = 1.0 and 2.0 respectively. Due to higher number of updates,

Fig. 7. Details of combining the Spatial and Temporal Estimation

the periodic update schemes provide better accuracy. . . X h
Techniques 4, is omitted from all terms for clarity).

2) Effect of velocity: Figure 6(b) plots the accuracy of the
temporal and spatial estimation techniques when the \glodi
the boundary is varied between 1 unit/second to 2 unitsfgkco
At higher velocity, the boundary moves out of the estimatecommunication overheads, it should be performed less ity
confidence band faster and this reduces the coverage of Bw in spatial estimation, cluster heads do not track dycarof
estimated confidence band. Hence, we observelttet of both the boundary. Naturally, to decide when to update the egtisnat
the techniques increase with increase in velocity. a dynamic boundary, the temporal technique should be used. T

LOC of temporal estimation is lower than spatial estimatiorutilize benefits of both of the techniques, DBTR combineshbot
until the velocity is1.2. For higher velocity, the accuracy of thethe spatial estimation as well as the Kalman Filter-basegbteal
temporal technique suffers due to faster change in the l@ynd estimation. The combined technique uses the spatial asima
For velocity =1.4 units/sec, the amount of change within ongechnique for obtaining latest estimates and uses the teinpo
sampling period (1 second) is closedte- 1.5. Since the temporal estimation technique to aperiodically refresh the estmdtased
technique track$.5 x § change, the accuracy of prediction starten boundary dynamics.
to degrade. A block diagram in Figure 7 shows all the components of

From these experiments, we conclude thpatial estimation DBTR for estimating the boundary at an estimation point.e Th
provides better accuracy than temporal estimation except fkalman Filter consists of two stages: staediction and state

higher values of or slow moving boundaries. update We use superscripts of-° and ‘+’ to indicate whether
the state variables(zp,t;) corresponds to prediction stage or

VI. DBTR: COMBINING SPATIAL AND TEMPORAL update stage respectively. In the figure, states corresmprid

ESTIMATIONS two consecutive sampling instants_; and ¢; are shown. Let

The advantage of the spatial estimation technique is thatsit (zp,t;—1) denote the estimated statetat,. From this state,
can estimate the boundary with high accuracy by aggregatititp prediction stage predicts the state(z,,¢;) at time¢; . This
multiple sensor observations. But this technique incugh ltiom- predicted state and the latest observatigfyy, ¢;) are used to
munication overheads due to gathering of latest obsengtion obtain the updated output™ (zp,;). Both the prediction and
the other hand, the temporal estimation can estimate a loyndupdate stages together maintain the model of estimateandist
with less communication overheads. It offers a technique fo Remaining part of the block diagram deals with how the
refreshing estimates aperiodically depending on the dyceuof  states™ (z,,¢;) is used to decide whether to trigger the spatial
the boundary. Considering merits and demerits of two tepies, estimation. The temporal estimation remembers the lashattd
we hypothesize that an estimation strategy can utilize fitsne distance to the boundary from the spatial estimation tephei
of both the techniques. While the spatial estimation indigh and compares with its own estimate of the current distansendJ



[ Parameter | Description | Default Value ]

Kalman Filter observation Equation (13), distance to thengary

at zp is H x st (xp,t;). Let d(zp,tias), be the last updated i Number of sensors 100
. . . h . . o Observation Error Variance 1.0
estimate obtained using the spatial technique. The diftare 5 Width of band 15
between the current estimated distance dd,, ¢;,5;) provides 3 h-neighborhood 3.6
the change in the estimated distance since the last updatesby k Number of estimation points 16
spatial estimation technique. The differenad is estimated as: ts Sampling Period 1 sec
TABLE |

_ + N
Ad = H x s" (zp, t;) — d(zp, tiast) (14) PARAMETERS USED INEXPERIMENTS

This difference is compared with thepdate thresholdwhich

IS ¢ x o (where ¢ is a constant and is the user specified enerated using a constant mean velocity model. Assuming a
width of the confidence band). If the difference is more tha% 9 Y ) 9

o . continuous boundary consists of several discrete pointeyery
the update threshold, it implies that distance to the bognda .~ . LT o7
2 has changed by larger thanx 5. As a result, the boundary time instant, each of the boundary points is displaced byitefin

; . . .~ distance based on the model. We consider two scenariostl (i) a
is updated with the latest observations from all sensorshen t_ . . . .
h-neighborhoodof 2. points on the boundary move with the same velocity and (ii)

The estimate from the spatial technique is taken as thet Iat(g:'s],cr erent points move with different velocities.

best estimate of the distance to the boundary,atind is used 'mpo”‘f"f‘t gxpenmental parameters and their nominal walue
S o are specified in Table I. These default values and the boundar
by future temporal estimations for more accurate predictio

Figure 7,d(zp, t,), the output from spatial estimation is used toSmooth 1, are used in the experiments unless specified agerw

update the distance information in state(z,, ;). Assuming the . .
delay in spatial estimation to be negligibié,, ¢;) can update B: Evaluation Metrics
the Kalman Filter state in the same time instgniThe intelligent DBTR is evaluated using two metrics: éfcuracy of estimated
combination of spatial and temporal estimation techniqnes boundary and (ii) communication overheads\ccuracy of the
only reduces wasted boundary updates but also avoids updagstimated boundary is measured in termg.ofC that is defined
to sections of the boundary that have not moved significantly in Section I-A. At a time instant, there is a loss of coverage
for an estimation point if the actual boundary is outside the
VIlI. EXPERIMENTAL EVALUATION OF DBTR estimated confidence band at that poihOC is calculated as
In this section, we evaluate the performance of DBTR and if8€ total length of such time instances normalized by thel tot
sensitivity to various parameters. The goals of our experial 1€Ngth of observations. The reportdeDC for the boundary is
evaluation are as follows: (i) to compare the performance &ftimated as the meanOC for all estimation points and is
both the spatial and temporal estimation techniques, dgiijest €XPressed as percentage. The overall communication @aise
sensitivity of these techniques to parameters such as figgeci the cumulative number of transmissions required for théiajpes-
width of band, number of estimation points and dynamics dfmation technique and updates needed by the temporal&sim
the boundary, (iii) to verify the practical applicabilityf spatial technique. This reflects the energy expenditure of our swlut
estimation using a testbed.
C. Effect of Update Threshold

A. Experimental Setup The temporal estimation technique updates the estimatbas

We implement a discrete-event simulator to evaluate DBTR ! its (_:han_ges at_ an estimation point. Whene_ver the l_)ouruiary
MATLAB. Sensors are randomly deployed in a two-dimension&" stimation point changes lyx § where is the width of
field with dimension100 units x 50 units. The communication confidence band, it updates the estimate (refer to Figurelete,

range of each sensor i9 — 15 units. The base station is locatedEXPerimentally we derive a suitable value for update trotsh.
in the middle of sensor field. The maximum number of hopsi9ure 9 (a) depicts theOC of the temporal estimation technique
from the base station to sensors in a multi-hop network sarifPr different values of constant With ¢ = 0.2, the boundary is
between? and 12 hops. We assume each sensor message contdffgated if the temporal technique predicts that it has obdrity
a single observation and a single partial aggregate (exgdai 0.2 x 6 whereas with: = 1.0, the estimates are updated only after
in Section I1I-C). Transmission of messages is assumed to ¢ boundary has changed by e _
error-free. We also use a a TOSSIM [18] based simulator to W€ observe thaL.OC increases with increase in value of
generate randomly distributed networks of different siaed the PUt it increases slowly untié = 0.5 with LOC' being less than
underlying communication framework of the simulator isdise 976- For ¢ > 0.5, LOC increases rapidly in a non-linear fashion.
generate clusters in the network. These networks withetastre ~OF ¢ = 0.6-1.0, LOC" increases from6.01% to 14.9% with the
used as input to DBTR implementation in MATLAB. temporal e_stlmatlon technique. Though actaalC depends_ on
Performance of DBTR is evaluated with several boundarid@€ dynamics of the boundary and value%fwe have noticed
generated using mathematical functions and real datastfaoen that forc > 0.5, the rate of increase IBOC s high irrespective
sensors. Boundaries with different spatial variations msed. ©f the initial LOC atc = 0.5. The later the boundary estimates

For example, boundaries in Figure 8(a) and 8(b) are smodiff uPdated, the higher is tHeOC. This also happens because,
(continuous higher derivatives) while those in 8(c) and)8(due to inaccuracy in temporal estimation, the boundary gésn

are non-smooth. In addition, we also use a boundary obtain@y? before the same is detected by the Kalman-filter. Hence, we
based on a real oil-sliék(Figure 8(e)). Dynamic boundaries areconclude that good choice ofis 0.5 a_ndthe boundary estimates _
should be updated at the base station whenever the boungary i

3Data for Lake Maracaibo http://modis.marine.usf.edwintitml expected to have changed by x § since the last update.
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Fig. 9. (a) Effect of Update Threshold on Accuracy of Estimat(b) LOC and Prediction Error for Different Number of Estimation Risi

D. Effect of the Number of Estimation Points on Accuracy Figure 10(a) plots theeOC' as the velocity of the boundary

changes between 0.8 unit/second to 1.8 units/second.vtsstinat

DBTR performs better than the temporal and spatial estonati
chniques. For a velocity = 1 unit/secondQC of DBTR is
.42% whereas the spatial and temporal techniques achieve

This experiment verifies that thprediction error and LOC
(Refer to Section IV for relevant discussion) follow sinmiteend.
Figure 9(b) shows how these two quantities change as theeum
of estimation points is varied. We observe that with incesas

0, 0,
the number of estimation points, the prediction error fiorct of 6.3% and 4.7%.

and LOC both decrease and finally stabilize when the num erIt \t/tv]as (l)bzserv_;aoll earhe(; Itnh Stect|on \I/”-(f' th‘?t for a\ﬁ\gtltocny
of estimation points is greater than 14. Initially botfOC and ess than 1.2 units/second, the temporal esimation pes er

prediction error decrease sharpl§o(— 70%) as the number of accuracy tha_n Sp?‘"a' esnm_atmn. However, DBTR. outpmfnthe
estimation points increases fromto 12. But, for the number temporal estimation technique. Accuracy of estimationedels
of estimation points> 14, both of these decrease by a smal" how often the boundary estimates are updated. In DBTR,
amount (0.5 —0.2)%. The number of estimation points, for Whichwhenever the boundary changes by more thanx 4, the output

prediction error stabilizes can be used as a good choick, fite of spatial estimation is used to update the current statennporal

minimized number of estimation points. Since predictioroer _est|mat|on. Hence, the Kalman Filter predicts the futurangfe
stabilizes earlier, a few more boundary points can be added'? the bognda_lry more accurately. Due_ to the feedback from
order to further reduce theOC. Thus, our technique estimatessloatlal estimation, in DBTR poun_dary estimates are updauea
a boundary using only minimal number of estimation pointd ar{requently than temporal estimation.
ensures that the estimated band also achieveslio&.

F. Communication Overheads of Spatial Estimation Techaiqu

. . . The goal of this experiment is to find out how the com-
E. Accuracy of DBTR and the Spatial, Temporal ES‘t'mE)Lt'()t’:t)1unication overhead of the spatial estimation component of
Components DBTR, varies with network size. We also compare the total
In this section, the performance of DBTR is compared witmessages required by this technique with a solution whdre al
both its components— the temporal and spatial estimatioh-te the observations are sent to a central server for estimaifon
niques. In all of these techniques, an estimate is updatetievier the confidence band. As observed in Figure 11(a), when nktwor
a boundary point moves beyoridb x 4. size changes fromo00 to 250, the communication overhead of
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Fig. 11. (a) Communication overheads of DBTR compared wightlized approach (b) Effect of Boundary Dynamics on cemication overheads

the centralized scheme increases by a factog.bfbut in case number of updates required for two different velocities im a
of DBTR, it increases byl.27 with 20 estimation points. The interval of 300 seconds for different values &f We observe
communication overheads for the spatial estimation depertie that asé increases from 1.0 to 2.0, the number of updates
h-neighborhoodand as the optimal is inversely proportional to reduces byl0% for velocity = 1 unit/sec and 30% for velocity
the fifth root of n [13], with increase in network size, the value= 0.5 unit/sec. With higher, the estimates are updated less
of h reduces. Thus, the distributed solution of DBTR is easilfrequently. A faster moving boundary requires more updatese
scalable to larger networks. the boundary moves out of confidence band more frequently. As
DBTR’s communication overhead is lower than the centrdlizeselocity changes from).5 to 1 unit/sec, the number of updates
approach by a factor of.2 for 200 nodes. In addition, the propor-increases from 225 to 278 for= 1.0.
tional increase in communication overheads for larger nete/is We also conducted experiments with different sections ef th
less. This shows that in-network aggregation is helpfukitucing boundary changing at different velocities and observed tiha
communication overheads. However kasicreases fromo0 to 30, communication overheads for updating of estimates inereéas
communication overheads of DBTR increase from 243 to 636, lpyoportion to the velocity of the boundary and importantBTR
a factor of 2.6. The partial aggregates of each of the boundarg able to capture boundary dynamics for adaptive updates. D
points are estimated and routed to the Base Station sefyarat® lack of space, we do not report this experiment.
leading to an increase in communication overheads witfihe
results motivates the need for reducing the number of efitma

. - H. Effectiveness of Aperiodic Update Scheme
points to reduce communication overheads.

In this experiment we compare the performance of DBTR
) o with a technique that periodically updates the boundarye Th
G. Effect of Boundary Dynamics on Communication Overhead§periment is conducted with a boundary that is assumed to be
In this experiment, we observe how the communication ovemraving constant mean velocity of 1 unit/sec during the fi&s® 1
head of DBTR varies with different velocities of the boundar seconds. Then the velocity changes linearly from 1.0 wettad
The communication overhead is captured using the number tof 1.5 unit/second along thewe z axis during the next 150
times boundary estimates are updated. It depends mainlwen tseconds. Thus, the velocity of individual sections of therutary
factors: (i) the width of the estimated band and (ii) velpaif the is varied over time.
boundary along thg axis. We use two constant mean velocity of The solid line in Figure 12(a) plotéOC of periodic update
1 unit/sec and 0.5 unit/sec. All the boundary points arerassu scheme with update period varying betweers seconds to 1.75
to be changing at the same velocity. Figure 11(b) depicts tBeconds. We observe that to achiév@C < 5%, update schemes
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with period 0.75 seconds or 1 second can be used. Further, teservations are taken over the same range wélues. Figure
dotted line in Figure 12(a) also plots communication ovadse 13(a) shows the estimated observation variance for differe
of periodic update scheme expressed in terms of the numbervafues. Note that the varianceli$—2.0 for most of the locations.
updates in 300 seconds. This shows that the number of updates~urther, the variance is maximum when the boundary exhibits
an estimation point reduces by 20% as the update perioddisese large spatial variation near = 50. In Figure 13(b), the estimated
from 1 second to 1.25 seconds. Thus, to reduce communicatimnfidence bands fér= 1.2 and2.0 are shownLOC for § = 1.2
overheads, higher update period is preferred. and 2.0 are 6% and 2% respectively. We observe that the actual
Optimal periodic scheme is the periodic scheme that uses theundary is covered by the band df is similar to the mean
longest time period for updating the boundary but ensures Imbservation error variance. Thuke practical experiment shows
LOC(< 5%). The optimality is decided based on the number dhe efficacy of the spatial technique in estimating a boupndar
periodic updatesln this case, the optimal scheme is the one usin ) o
1 second as the period of updates. The optimal scheme ax~:hit—:£e'mlo"’ICt of Sensing Angle on Accuracy of Estimation
LOC of 3.16%. LOC increases to 7.16% if the update period In this experiment, we relax the assumption made in Section
increases to 1.25 seconds. [1I-A that all the sensors align their sensing antennas glgn
Next, we show the number of updates using DBTR for 18xis to detect points on the boundary. The goal is to determin
estimation points in Figure 12(b). As the velocity changétera the impact of non-zero sensing angles on estimation acg.urac
150 seconds, we show the number of updates between O-1%8 experiment, only the spatial estimation technique 8TR
seconds and 150-300 seconds. In this cdg®( of DBTR is is considered. Further, sensing angles are chosen fromraahor
4.45% and the average number of updates per estimation igoindistribution with mean zerd) is used to denote the angle between
247 in 300 seconds. DBTR updates the boundary based on skeesing direction and thg axis. Figure 14(a) shows the impact
velocity and the specified, width of confidence band. During theof the variance of anglé on LOC for two smooth boundaries
first 150 seconds, the velocity is 1 unit/sec and we obserae thvhen § = 1.0. We observe that.OC' is about2% for ¢ = 0.
DBTR requires 109 updates on an average whereas a periddig as variance o increases td2 degrees,LOC increases by
update scheme with 1 second period would use 150 updatesalfactor of8 for Smooth 1 and by a factor of for Smooth 2.
the next 150 seconds, the mean number of updates in DBTRWe observe that there are two reasons for highexC (i) due
138. to non-zero sensing angles, there is an error componentein th
The results of the experiment demonstrate that DBTR reguire coordinates of observations. This implies in Equation &%
less communication overheads than an optimal periodic tepd&rror «; not only affectsy; but alsoz;. In fact z; is having
scheme while guaranteeing a laOC. It should be noted that error componeniy; x sin(6). Due to error inz values, there is
DBTR achieves this performance improvement in spite ofigavian increase in variance?. This causes higheLOC. (i) Due
no prior knowledge about the dynamics of the boundary to different sensing angles, the distribution of obseoraialong
the boundary is affected. Whenever the number of obsenstio
in h-neighborhoof an estimation point reduces, a highe®C
is expected for that estimation point Because of reduction i
To verify practical applicability of the spatial estimatidech- variance (mentioned earlier), we expect lowe©C for more
nique of DBTR, we perform an experiment with real sensorsumber of observations at an estimation point.
We use a robot equipped with linear infrared distance méaagur We verify this from the scatter plot in Figure 14(b) which sls
sensors. Further, a non-linear boundary is created usirgldike LOC for a number of estimation points. The axis gives the
obstacle. The robot moves along a defined path and distaocesumber of observations ih-neighborhoodof estimation points.
the target are measured. The actual distances to the bquadar While selecting these points, sections of the boundary Wiigjn
also noted for reference. Using the observations, the bmynid spatial variations are avoided so that point-wit®C' is not
estimated. It is observed that fd= 1.2 and with the total number high due to high variance and it shows the effect of number
of observations less than 50, the confidence band providgs vef observations inh-neighborhood We conclude thanon-zero
high LOC(35%). But LOC improves to6% when the number sensing angles do not affe€¢OC if all sections of a boundary
of observations is increased to more thaw. In both cases, have the required number of observations

I. Boundary Estimation using Infrared Sensors
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K. Summary of Results VIIl. RELATED WORK

DBTR uses thespatial-temporal correlations among sensor
Experimental evaluation of the spatial and temporal estona readings to estimate the boundary efficiently. An alteueato
techniques reveals the following: (i) DBTR consistentlyiraates non-parametric regression based technique is to use paiame
boundaries more accurately than the Spatial-only and Teaipo regression as in [19] where sensor network data is modeled in
only estimation techniques. The accuracy improvement i2-by terms of basis functions. The non-parametric approachcesiu
4%. (i) The distributed in-network estimation strategyluees the he effect of observation errors by aggregation. In the patsac
communication overhead as compared to the centralizedi®olu case, the coefficients of basis functions are computed using
by a factor about.3 to 2.6. (iii) The Kalman Filter-based schemegpservations to obtain an estimation with minimized mearagej
can capture boundary dynamics with no prior knowledge of thgror (MSE). Using correlations among sensor observations
boundary. When velocity of a boundary point changes With?timachieving energy-accuracy trade-off is also explored By.[The
DBTR can adjust to it, whereas a periodic update scheme tanngstem BBQ [21], exploits correlation among sensor attebu
of DBTR are similar to the optimal periodic update schemgnqd a probabilistic model to answer queries.
(iv) The heuristic for simultaneously minimizingOC and the An alternative of Kalman Filter-based approach for tragkin
number of estimation points achieves a LOC of less tfarfor  giscrete points on the boundary is particle filter [22] thah de
smooth boundaries. used for non-linear dynamics or non-gaussian error. Switch
Additionally, our experiments reveal the following whiclhea Kalman Filters can be used to monitor boundaries with non-
not anticipated: (i) Whereas as expectéd)C' of a confidence stationary dynamics (e.g., a storm) as discussed in [23].
band decreases with, the number of estimation points mini- The goals of DBTR are most similar to the boundary estimation
mizing LOC also reduces by a factor éfasé changes fromi  problem solved by [2]. The main difference is that DBTR trsick
to 1.5 and more. (i) On an average favalue between 12 and a dynamic boundary without incurring significant commutima
20 (where total number of sensors= 100) gives a lowLOC. overhead, but there is no easy way for extending their tegtenio
This implies with point-wise spatial estimation, it is pids to track dynamics apart from periodically recomputing the ribary.
obtain entire boundary front even when it is estimated atva feDBTR provides a confidence band around the actual boundary
selected locations. (iii) The spatial estimation techeigising using range sensor observations whereas in [2], the appatei
non-parametric regression can estimate a boundary eveh if Boundary using in-situ measurements provides a lower baumnd
sensors do not align their antennas in the same directiorfand MSE. Several other techniques for event boundary deteasorgy
non-smooth boundaries. This itself is a new extension to- noim-situ sensors are proposed in [24], [3]. While we assumgea
parametric regression-based applications. sensors always find a point on the boundary, deciding whether



sensor is an edge sensor or not [25], [26] is an importantcaspe[4]

in event boundary detection using in-situ measurements.

DBTR'’s adaptive selection of estimation points is similar t

the adaptive sampling method [27], where after a previewspha [s5)

additional observations are collected in regions comaginihe
boundary. Similar approach of using higher network grarityla
in regions with high variability is proposed in [28].

DBTR makes use of sensors with range/remote capabilities

el

for detecting a moving boundary. Another application using

remote sensing is CASA [6], where a network of radars scan
angular sector up to 360 degrees for meteorological mangdo
detect tornadoes. Using their approach, we could detediptaul

an

C. H. Hsieh, Z. Jin, B. Q. Nguyen, D. J. Tung, A. L. Bertgzand R. M.
Murrayal, “Experimental validation of an algorithm for qoerative
boundary tracking,” inProceedings of American Control Conference
2005.

S. Srinivasan, K. Ramamritham, and P. Kulkarni, “ACE e tHole:
Adaptive Contour Estimation Using Collaborating MobilenSers,” in
Proceedings of Information Processing on Sensor NetwolRSN)
April 2008.

M. Zink, D. Westbook, S. Abdallah, and B. Horling, “Metetogical
command and control: An end-to-end architecture for a ke
weather detection sensor network,” \iorkshop on End-to-End, Sense-
and-Respond Systems, Applications, and Services (ERB86Y.

[7] A. Utkin, A. Lavrov, L. Costa, F. Simoes, and R. Vilar, “Bstion of

Small Forest Fires by Lidar,” Applied Physics B: Lasers and Optjcs
vol. 74, pp. 77-83, 2002.

boundary points using one range sensor. Recently developgg] A. Lavrov and R. Vilar, “ Application of lidar at 1.54um for forest
ultrawideband Radar motes [9] are another example of such
sensors which can be used to detect moving objects like eeopﬂg]

and vehicles.

IX. CONCLUSIONS

[20]

We have proposed the DBTR algorithm for dynamic boundary
estimation in sensor networks where observations from @an@1] w. J. Lentz, “"The Visioceilometer: A Portable Visiliiy and Cloud
sensors are aggregated and a confidence band around the actuaCeiling Height Lidar,” in Oceanography and Atmospheric Science,

boundary is obtained from estimates at a few selected tmtzati

We demonstrated how to estimate a boundary with high acyura{(l:z]
using only minimal number of estimation points. The spatial
estimation technique of DBTR uses non-paramteric regassi[13]

relationship to estimate distances to boundary and usilize

network aggregation of sensor observations to reduce comnitf!
nication overheads as compared to a centralized solutiote N;5)
that DBTR’s input is a discrete set of observed points that

lie approximately on the boundary. Irrespective of the aktu

sensingmechanisms used for gathering observations, using DB
a confidence band cawaysbe obtained. The temporal estima-
tion technique of DBTR uses a Kalman filter-based predictiqnz)

technique to track changes in the boundary. This strateggateg

the estimates before the boundary is expected to move out Bt
confidence band. Thus, DBTR tracks both the spatial and teahpo

variations of a boundary and provides a confidence band with
high accuracy around the actual boundary at all times wigh 10[19]

communication overheads withoat prior knowledge about the
dynamics of the boundary.

We are currently extending our work to take into account yiela[20]

in message communications and account for non-Gaussiars err

As part of future work, we propose to study how DBTR can b

applied to track a moving contour instead of only a bounda

1]

front. If a contour can be viewed as consisting of four fronts
one in each quadrant, then this may require deployment gferarn(22]

sensors in four patches. Other directions for extendingveork
are considering fronts following complex dynamic modelshsu
as constant acceleration model or analyzing the effectftdrdnt
MAC protocols and network routing protocols on the accuraty
estimation.
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