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Abstract

We address the problem of selecting sensors so as to mintimzerror in estimating the position of a target. We consider
a generic sensor model where the measurements can be étéer@s polygonal, convex subsets of the plane. In our model,
the measurements are merged by intersecting correspordbggets and the measurement uncertainty corresponds toethef
the intersection. This model applies to a large class of@sengacluding cameras. We present an approximation algurivhich
guarantees that the resulting error in estimation is witaator 2 of the least possible error. In establishing th&lte we formally
prove that a constant number of sensors suf ce for a goodnesti — an observation made by many researchers. We dentenstra
the utility of this result in an experiment where 19 camenasused to estimate the position of a target on a known planthe
second part of the paper, we study relaxations of the prolitemulation. We consider (i) a scenario where we are giveeta s
of possible locations of the target (instead of a singlengte); and (ii) relaxations of the sensing model.

Note to Practitioners

This paper addresses a problem which arises in applicatibiese many sensors are used to estimate the position of et.tégr most
sensing models, the estimates get better as the number sérseimcreases. On the other hand, energy and communicatiostraints
may render it impossible to use the measurements from aflosenin this case, we face the sensor selection problem:tbcoselect a
“good” subset of sensors so as to obtain “good” estimates.skdsv that under a fairly restricted sensing model, a constamber of
sensors are always competitive with respect to all sensatgpeesent an algorithm for selecting such sensors. Inmhtaithis result, we

assume that the sensor locations are known. In future @seae will investigate methods that are robust with respedarrors in sensor
localization/calibration.
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The Sensor Selection Problem for Bounded
Uncertainty Sensing Models

I. INTRODUCTION sensor queryapproach was proposed. In this approach, at

This paper addresses the problem of estimating the podfly given time, only a single sensor (leader) is active. rAfte
tion of a target using measurements from multiple sensoftaining @ measurement, the leader selects the most infor-
This problem, which we broadly refer to as the localizahative node_m the network and passes its measurement to
tion problem, is a fundamental problem in distributed anis node which becomes the new leader. In subsequent work,
mobile sensing research. In robotics and automation, it is‘@Searchers addressed leader election, state représenaad
prerequisite for many applications such as navigation pirgp 299regation issues [6], [10]. A sensor selection methoédas
and surveillance. In sensor network deployment, when a né@f theé mutual information principle is presented in [9]. Re-
sensor is added to the network, it must localize itself witheNtly, anentropy based heuristic approaeras proposed [8]
respect to already deployed nodes. The problem also arig\ggch greedily selects the next sensor to reduce overall un-
when tracking a moving target with a sensor network, whef€rtainty. In these approaches, the performance of thesens
the network obtains measurements in order to estimate §fiection algorithm is veried experimentally. The presen
target's location. work distinguishes itself from previous work by presenting

The localization problem can be formulated as follows: Létnalytical bounds on the performance of the proposed sensor
x(t) be the state (typically position) of the target at time selection algorithm. We focus on a restricted class of gsnso
Suppose we have a motion mode{t +1) = F (x(t)) for the (where the measurement uncertainty can be represented as
target's state in the next time sfepn practice,x(t + 1) is & CONvex and polygonal subset of t.he .plane). Fgr this class
only an approximation to the true statetat 1. However, if of sensors, we present a polynomial-time algorithm whose

we have sensors which can estimate the target's state, we B§formance is guaranteed to be within factor two of the

improve our estimation by incorporating measurements fropRtimal performance. o
these sensors and obtain a better localization{or 1) . Recently, other aspects of tracking in sensor networks have

The state of the art in localization is the probabilisti€€ceived signicant attention as well. In [11], the problem
approach where the staxét) is represented by a probabilitypf estimating target's location and velocity using m|n|.mall
distribution p(x; t). The localization problem is solved usingnformation has been addressed. The problem of assigning
Bayesian ltering techniques wheng(x:t + 1) is estimated N disjoint pairs of sensors ta targets so as to minimize
using the motion model and a sensing model. Usually tihiae overall_error in the estl_matlon has_ been sftud|_ed in [12].
sensing model is also given by a probability distributiggjx) A related line of research is cooperative Ipcallzatlon, rehe
for the probability of obtaining the measurement vatugiven & 9roup of robots or network-nodes localize themselves by
the statex of the target. This approach turned out to bgollecting information over the network [13]-[17].
very effective in solving the localization problem and has !N our present work, we address the sensor selection prob-
found widespread applications in robotics [2]-[5] and eens/em for the bound_e_d un_cer_tam_ty sensing model. In this model
networks [6]-[9]. the_exact probability d|str|_but|0|p)(ZJx) is unknown but for

The quality of localization improves with an increasing* 9IVenx, the set of possible values for the measurenzent
number of measurements from different sensors. Therefdie,Pounded. Such models are useful for modeling complex
from a localization perspective, it is desirable to have ynas€nsing devices such as cameras (where the observations
sensors involved in localization. On the other hand, sens@f€ accurate up to the pixel resolution) as well as networks
networks have energy limitations. Taking measurements fr@®f heterogeneous sensors where it is dif cult to obtain an
many sensors and transmitting these measurements reduc&}ct sensing model for each sensor. To address the trade-
lifetime of the network. Even for sensing systems with ngff between sensing cost and utility, we start by formulgtin
energy constraints, the network bandwidth may force us ¢o U§€ Sensor selection problem (SSP) as a bicriteria opttroiza
a limited number of measurements. In an application whep&oblem. After observing that the general version of SSP is
many devices use the same sensor-network for localizatiG@MpPutationally hard, we focus on a geometric version where
addressing the tradeoff between localization quality del tth€ Sensor measurements correspond to convex, polygonal
number of measurements becomes very important. Con§&Ssibly unbounded) subsets of the plane and the cost is

quently, many researchers in the sensor-network commurﬁ%‘?asured by the number of sensors. The convexity assumption
focused on this issue. is”valid for many different types of sensors as discussed in

The reader is referred to [5] for information theoreticection II-A. For this version, we present an approximation

principles in sensor management. In [7],iaformation driven algorithm which selects a given number of sensors and guar-
antees that the quality of the localization is within a facto

1For notation simplicity, let us assume that time is discrete two of the optimal choice. We also establish that a constant
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number of sensors can guarantee performance with respedimagine: Suppose we are given a utility valués;) and a
all sensors — formally proving the observatiarsmall number gost valuec(s;) for each sensgs; 2 S. Let Cost(S?% =
of sensors is suf cient to obtain good estimatesSection Ill, s 250 €(Si) andUtility (sY = s 250 U(si). Even for these
we present an application of this theorem where the objectisimple functions, SSP is NP-hard as it is equivalent to thié we
is to estimate the location of a target on a known plane usikgown NP-complete KNAPSACK problem [18].
cameras. In the next section, we study a geometric version of SSP,
In the SSP formulation, we assume that an initial estimatalled k-SSP. For a given budgédt, the costCost(S9 will
of the target's location is given and that each measuremdsgt zero ifjS§  k and in nite otherwise. This is motivated
corresponds to a convex, polygonal subset of the planeeln thy the typical scenario where many robots/devices operate i
second part of the paper, we relax these assumptions. Fitisg same workspace and localize themselves using the same
we study theonline SSHroblem where only a set of possiblesensor network. In this case, the network manager can put an
locations of the target is known (Section IV-A). In Sectiafi | upper bound on the number of sensors queried by each robot.
B, we discuss relaxations to other sensing models. The utility model is formalized next.
After a brief overview of the notation used in the paper, we
start with a formalization of the sensor selection problem. A Utility model

We consider the planar setting where the state of the target
Notation is given by its coordinates.

Throughout the papeBS denotes the set of all subsets Of_Our sensing model is as follows. The set of sensors is
S. We call a setS® S as ak-subset ofS if jS§ = k, i.e. given byS = fs;y;::;;shg. Each sensos; returns an estimate
the cardinality ofSCis k. i(x) R? for the position ofx. We make two assumptions

The Euclidean distance between poirtandy is denoted 200Ut it
by d(x;y). For a setS and a pointx we de ne d* (x; S) = (i) i(x) is a convex, polygonal subset of the plane for all
maxy2s d(x;y) andd (x;S)=min 25 d(x;y) x. That is, {(x) can be written as an intersection of a nite

number of half-planes. Note that our model allowgx) to
be unbounded, e.g. a half-plane.
IIl. THE SENSORSELECTION PROBLEM (i) x 2 {(x). The true location of the target is contained

The general problem we study is as follows: We are given the measurements.

a setS = fs;;:::;s,9 of sensors and their locations which Given a setS® S of sensors, the measurement obtained
can estimate the position of the target. We are also given lay all sensor inS°is given by (S%x) = \ 250 i(x). We
estimatex of the target's location. Such an estimate is typicallyill take Utility (S% as inversely proportional to the error in
obtained by running a lter on the target's position. Our foaestimating the position given bgrea( (S%x)) for a given

is to choose the “best” set of sensors to obtain a better astimx. Note that (S%x) is obtained by intersecting convex sets
of the true location. Ideally, we would merge measuremerdad hence convex.

from all sensors but this would be too costly. In order to mode As discussed below, Assumption (i) readily holds for many
this trade-off, we need: sensors. We will also revisit this assumption in SectiorBIV-

(i) A utility function, Utility : 25! IR, which returns the and show how it can be relaxed for other types of sensors. The
utility of measurements obtained by eaBR S when the second assumption is merely for the area measure to make
robot is atx. This utility is typically related to the uncertaintysense: consider three measurements (polygbhs)M2; M3
of the measurements as a function of target/sensor geametvjztere M; and M, have a large intersectiom, and M3

(ii) A cost function,Cost : 25 | IR, which returns the cost have a small intersection arM; andM 3 do not intersect. If
of taking measurements from ea@? S. This cost may such measurements can be obtained from the sensors, sensor
incorporate, for example, the number of sensors used, tte cselection becomes an ill-posed problem. Finally, it is Wwort
of transmitting the measurements, etc. noting that we make no assumptions about the uniformity of

The Sensor Selection Problem (SSP) is to choose a sulsatsors. As long as the two assumptions are satis ed, each
S S which maximizes utility and minimizes cost. To solvesensor may have a different model.
this bicriteria optimization problem we de ne a family of These two assumptions for the sensing model hold for

optimization problems a large class of sensors. A typical example is a spherical
_ i perspective camera commonly used in robotics applications
SSP(K)-arg_, sonalso K Utility (S9) (1) " The error model for such cameras is illustrated in Figure 1

h ut he b ; ; ) where the cameras are represented by their projectionrsente
whose solution returns the best set of sensors for a given 0S¢, and their imaging circle<C:; C,. For a given world

budgetk .- _ point x, its projection onto camera is the intersection of
In a typical sensor-network setting, the number of sens ray ¢ x with the imaging circleCi. We can think of

is expected to be very large. Therefore, it is desirable fag ., camera as measuring the anglecorresponding to the
any algorithm for SSP to run in polynomial time in theprojection ofx;. In the error-free case, we can compute the

number of sensors. For arbitrary cost and utility funCtionﬁosition ofx by measuring 1 and » from two camerasand
it is not too dif cult to see that SSP is a hard problem. As

an example, consider perhaps the simplest scenario one c&axcluding the degenerate case where the cameras amd collinear.
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This is illustrated in the simulation shown in Figure 2. listh

simulation, we used the sensors shown on the left in Figure 2.

For 100 random target locations, we seledtes f 2; 3; 4g best

sensors. Next, for each target location, we computed thee are

of the estimate from all 25 sensors and normalized the etima
2 from k sensors by dividing to this area. Each histogram in the
gure corresponds to a differerk.

As shown in the last histogram, for these uniformly dis-
tributed samples, the estimates obtained by four best sgnso
are as good as the estimates obtained fatinsensors! Hence,
the lifetime of the network can be signi cantly increased by
restricting the number of active sensors to a small number
without losing too much from the quality of the estimates. In
the next section, we formally prove that this intuition i&/ays
correct.

Fig. 1. An error model for spherical perspective cameras.

intersecting the two rays. However, due to device limitagio

such as nite resolution, we can measure the anglep to an C. A 2-approximation fok-SSP

additive error  and each measurement can be interpreted asy, this section. we present a 2-approximation algorithm

a cone (instead of a ray) which contains the target's looati¢y, the k-SSP problem. We will use the following standard

X. Using two cameras we can estimate the target's position ¥ nitions for approximation algorithms.

intersecting the two cones (shaded area in Figure 1). De nition 1: An -approximation algorithm for th&-SSP
For a spherical camers on the plane, clearlyi(x) is & proplem is an algorithm whose running time is polynomial in

convex, polygonal subset of the plane. Further, if we assufig number of sensors and which chookesensors such that

that either the cameras have in nite range or we can detggk error in estimating the position of the target is within a
cameras that do not seeand remove them from the set oftaetor  of the error resulting from the optimal choice kf

available cameras, we also haxe2 (x) for all's; 2 S. ggnsors.
Throughout the paper, we will use this scenario to demotgstra pg pition 2: An (: )-approximation algorithm for thi-

our results: The workspace is the entire plane and we hay8p problem is an algorithm whose running time is polyno-
n spherical perspective cameras with in nite range placegdis| in the number of sensors and which choosessensors

arbitrarily in the workspace. such that the error in estimating the position of the target i
~ We conclude this section with a summary of the assumgsiin a factor of the error resulting from the optimal choice
tions in our model. of k sensors.

We assume that the locations of the sensors are knowrRecall that in thek-SSP problem, we are given a s&t
precisely. In addition, an estimate of the target's loaatiopf n sensors, and we would like to selectof them. Let
is available. R = fR: R S;jRj kg be the set of all possible
Each sensor measurement corresponds to a convgheices. Note thgR] is exponential irk and ask grows large,
polygonal subset of the plane which contains the target;iumeratingR to pick the best set becomes infeasible. Set
true location. be the optimal choice given grg mingor Area( (R)). We
For a givenk, we assume that the cost of querying upill show how to pick a seS° from R in polynomial time
to k sensors is zero. The cost of querying more tkan such thatArea( (S9)=Area( (S)) 2.

sensors is assumed to be in nite. To obtain the approximation algorithm, we will utilize the
notion of a Minimum Enclosing Parallelograml EP ). Given
B. Importance of good sensor selection algorithms a polygonX, MEP of X is a parallelogram which has

Before setting out to design a sensor selection algorithm,e smallest area among all paralielograms that coriain

one must ask whether the choice of sensors is a crucial facll'&t C be a convex polygon and IMEP be the minimum

in obtaining a good estimate. As an example, consider tﬁgclosmg paralielogram di whose vertices are;;:::;vs in

scenario in Figure 2 where 25 spherical cameras with 2 tcf:)untlgrcloc!ﬂi/lwléspe order.FI__eﬂi =3‘(3)Vi'|ir\1/i+lf)lyl = Lii;4 ?e
degrees estimation error are placed uniformly on a plares. ar € sides o (see Figure € following properties

N Id like t lect t to obt (?If] MEP are adapted from [19] (see also [20]).
OW SUPPOSE, We WOLIC TIKe 1o Select two cameras 7o ob'a Property 1 ( [19]): Either e; or e3 contains a side oC.

the position of the target, shown as a blue dot. In the gure, t . arly. eith i ide of
estimates obtained by the best and worst pairs of cameras 381" y’te'z erelzgo.r ﬁ“ tc;)_n :’;uné\a side - 1 _____ 4 Th
shown. The area of the worst estimate is more than a thousang "OP€"Y ([19)): Letf; = &, 1 =", 1here
times larger than the area of the best estimate! exists a linel parallel toe, ande; such thatf,\ 16 ; and
As illustrated in the above example, choosing the right s‘ra‘l\ ! i h Snc|m\|larlyé theredefms\ts aglln.en parallel toe; and
of sensors is clearly a crucial factor for the quality of th& SUC thatt;} m 6 ; andfsi m6 ;.
estimate. On the other hand, it has been observed many time$hroughout the paper we will use an acyclic ordering of eesiand let
that a small number of sensors suf ces for a good estimatg., = vi
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\ Num Sensors 2m=14.33 5 = 16 CutOff: 32.28 Num Sensors:3 m=1.2101's = 0.24 CutOff: 1.54 Num Sensors:4 m=1's =0 CutOff: 1
.

Area 1s 0.001451 Area s 1490257 10 20 30 40 50 60 70 80 90 1 15 2 25 3 1 15 2 25 3

Fig. 2. Left two gures: The best (left) and the worst (right) sensor choices and t@imeesponding estimate for an arbitrary target locatione $bnsor
locations were selected uniformly at randoRight: Histograms of the estimates obtained by Hest f 2; 3; 4g sensors. The numbers in the horizontal axis
are obtained by dividing the area of the estimation from Besensors by the area of the estimation from all sensors. Theffcualues correspond to the
x-values where the cumulative density reaches 90%.

m
\71 X €3 V3

fa(vi)

l”’fl(ei)

Fig. 3. The minimum enclosing parallelograi EP ) of a convex polygon.

One can always nd ¢MEP such that each parallel side BFEP contains Fig. 4. Notation for Lemma 4.

at least one side of the polygon. For example, the paralti#ssiiv, and

v2v3 each contain a side of the polygon. However it is possibleatietone

side {/1v2) contain a side and the other ongys) contain only a vertex. . . . . .
First, we computeC by intersecting (s;) in an arbitrary

order. LetV = fv;g be the set of vertices ariel = f g be the
set of edges o€. Each edges is contained in a unique line
) denotedi(g). Letf; : E! S be a function that associates
Lemma 3:Area(MEP ) 2 Area(C). each edges; of C to the sensor that constrairsto be on
Proof: Letxi = fi\ m, x2 = f2\ I, x3 = f3\ M, 4ne side ofi(e) (see Figure 4). Using; we can also obtain
xq = f4\ 1. By Property 2, allx; exist _and they belqng a functionf, : V ! S S which maps each vertex, =
to bothC and MEP . Leto = |\ m, which by COﬂVGXIty (€‘|;€1+1) to (f (a),f (€‘|+1 )) such thaﬂ(e.)\ |(€*|+1 ) = v.

of C also belongs taC. The linesl andm partition MEP Next, we construct the minimum enclosing parallelogram
!nto four parallelograms;;:::;P4. They also partitonC  yep of C using the algorithm in [19]. By Property 1, two
into four convex polygon€,;:::;Cy such thatCi  Pi. In - gigeg ofc, saye and e are contained in the two sides of
Figure 3,P1 = vix10X4, P2 = V2X20x1, and so on. Consider \jgp  sayg, andg, respectively. We will start wittg0= :

Ci1 and P;. Since all of x;;0;x4 belong toC; we have and addf;(e) andf;(g ) to SO Leth; (resp.h,) be the side

1 Cy where ; is the triangle whose vertices ak@;0 ¢ MEP parallel to The int fi R+ with
rea (P1) MEP p o1 (resp.gz). The intersection ohy wi
andx,. Hence we havé’®%("1 = Area( 1) Area(Ci). ¢ s either an edge or a vertex 6. If it is an edge, sayx

A symmetric argugent holds for ea&), P; pair. Therefore o addf 1 (ec) to S°. Otherwise, if it is a vertex, say; we

Using these two properties we can bound the arédBP .

Area(MEP)=2="; Area( i) Area(C). B addf,(v). Similarly, we nd one or two sensors fdr, and
The following result will be central to our sensor selectiogdd them toS® At the end of this process, at most 6 edges

algorithm. will be added toS°. Note that at least two sides of theEP
Lemma 4:Let x be a given target position an& = contain an edge of by Property 1.

fsi;:11sng be the set of sensors. L& = (S) be the  |f [SY=4,then (SY= Area(MEP). In all other cases,

measurement obtained by all sensorsClfis bounded, then (S9 < Area (MEP ), which, together with Lemma 3 proves

there exists a se8® S with jS§ 6 such that (S9 the lemma. n

2 (S). We are now ready to present the sensor selection algorithm.
Proof: We prove the lemma constructively. Theorem 5:There exists a polynomial time 2-
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approximation algorithm fok-SSP.

Proof: Let Area(X ) denoteArea( (X)) for each subset
X of S. First we observe that the error has a monotonicity
property: for two setsS; Sz, (S2) (S1). This
is because the uncertainty region is computed by taking
intersections of convex uncertainty regions of sensorsicele
Area(S;) Area(S;) and therefore, for a budget &f there
is an optimal solution which chooses exadtlysensors.

Let | = minfk;6g. We enumerate all-subsets ofS and
pick the best among them. Clearly, the number of subsets
considered isO(n®). Next, we show that this will yield a
2-approximation.

Let S be the optimal solution for choosirg sensors. If
k 6, since we exhaust all possible selections, the algorithm
is optimal. If not, let S° be the 6-subset chosen by the
algorithm. We haveArea(S )  Area(S) by monotonicity 35 KO mmm—g
andArea(S) Area(S%=2 by Lemma 4.

Running Time: Intersection ofn hyperplanes can be foundgig 5. A partition of the workspace. The color of each regiicates the
in O(mlogm) time [21] and the area of intersection can beest pair of cameras for that region as shown by the legendi@night.
found in O(m) time — by triangulating the (convex) polygon
and computing the area of each triangle. Therefore the ngnni ] ) ] ) .
time of the algorithm iSO(n'  ml log(ml)) = O(n') where @ look-up ta_ble of ine as described in the previous section.
m is the maximum number of hyperplanes to de ne thgiowever,_tms may not always be possible. For such cases,
sensor's estimate (e.gn = 2 for cameras). Note thdtis We have investigated the performance of a greedy algorithm
a constant. In fact, ik 6 we can solve the problem in Via simulations. At each iteration, the greedy algorithiecks
O(mn log(mn)) time, by incorporating information from all the sensor which yields the greatest decrease in the gisximat
n sensors, computing thd EP in linear time and choosing area. The results are shown in Figure 6 where the histograms
6 sensors froofMEP in constant time. m of the ratio of the area of the estimation from the greedy

Corollary 6: For any given se§ of sensors, only 6 sensorsalgorithm to the best choice required by the 2-approxinmatio

are suf cient to approximate the utility o within a factor algorithm are plotted. In this simulation, we used 25 rantjom
of 2. placed sensors and selected f2;3;4g of them to estimate

the position of 100 uniformly placed points.

Even though there are instances where the greedy algorithm
performs poorly, on the average its performance is comgmarab
In a network ofn sensors, by Corollary 6 we can restricio the best choice. Hence, in real-time applications where

our attention to a small (polynomial in) number of subsets 3 small number of sensors need to be allocated, a greedy
of sensors and obtain reasonably good estimates. Forrstatigigorithm may also be used.
ary sensor-networks (such as a typical camera-networis), th
allows us to preprocess the workspace and generate a lo0K1. A N APPLICATION: ESTIMATING THE LOCATION OF A
up table that can be used for a distributed implementatisn, a TARGET ON A KNOWN PLANE
follows:
Followed by network deployment and localization, we build .
by ploy . Strates our main result (Theorem 5). The goal of the exper-
a table which stores the best choice of sensors for ever . . oo )
o ; - nﬁ(ent is to localize a point in 3D space from images. In
position in the workspace. Such a table is shown in Figure .
. : . ._general, the uncertainty that corresponds to a measurement
where the choice of pairs of sensors is color-coded. If jpdessi .
. . . from an image corresponds to a 3D cone and our result
this computation can be performed off-site and the table cgn .
. . does not apply directly. However, there are many computer
be uploaded to the nodes. During target tracking, the choice. N . . ;
) . ; VisSion applications, such as tracking objects from sassl)i
of sensors is obtained through lookup queries. N . . .
where it is desirable to estimate the location of a target on
) ) . a known plane (e.g. ground). If such additional information
E. Comparison with a greedy algorithm is available, the measurements become 2D polygons given by
The running time of the 2-approximation algorithm is nothe intersection of 3D cones and the known plane. In this
monotone ink. For choosingk sensors from a set af, the case, our result applies readily. To simulate such a sagnari
running time is in the order af* for k < 6. For greater values we used a 19-camera setup located in our lab. The cameras
of k though, the running time drops tologn as discussed in are calibrated [22]. Hence, we know their locations and
the proof of Theorem 5. projection matrices with respect to a common world frame
In an application where less than six sensors must be al({&igure 7). For this experiment, we put a planar calibration
cated per target, th@(n®) running time may be prohibitive for pattern approximately 2-3 meters away from the cameras and

a real time implementation. One possible solution is to @rep took images with a resolution &40 480 (Figure 9).

D. A distributed implementation

In this section, we present an experiment which demon-
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Num sensors:2 m=1.1462 s = 0.41 Num sensors:3 m=3.3346 s = 3.9 Num sensors:4 m= 1.4864 s = 0.92

Area 15 0.000047 Area s 0.001227 15 2 25 3 35 4 45 0 5 10 15 20 25 30 0 2 4 6 8

Fig. 6. Left two gures: An instance where the greedy choice (left) differs from tpémal choice (right). The area of the workspace is nornedliip 100
units. Right: Comparison of the greedy choice bof= f 2; 3; 4g sensors with the best choice lofsensors. The horizontal axes indicate the ratio of the areas
obtained by the greedy choice and the best choice. Even lthtteggreedy algorithm occasionally performs poorly, irs teimulation it has a good overall
expected performance.

Our experiment started with obtaining the parameters of theln Section IV-B, we address extensions to other sensing
plane. For this purpose, we computed corresponding pixe@dels. In particular, we discuss how to relax the assumptio
in different images by extracting corners from the imagdhat the measurements correspond to convex and polygonal
of calibration pattern. Afterwards, we computed 3D locasio subsets of the plane. We start with the rst extension.
of these corners (which lie on the calibration plane) using
stereo triangulation. To achieve robustness, we compuBed & gsp for Unknown Target Location
points using a number of pairs of cameras and tted a plane
to these points using a robust, RANSAC based plane ttin

method [23]. See Figure 7 for the estimated parameters . . .

Figure 9 for sample images taken from the cameras. SUppose We are given an uncertainty rggjbn W S.UCh that
To obtain the position of the target automatically, we uset € t-rue locationx 2 U. :SUCh an un(_:ertamty reglon s typically
a corner estimator [22]. However, as it can be seen fro talne(_:i by a Iter which star‘ts_V\_/th an gsumate (e.g. a ball

of certain radius) of the target's initial position and pagates

Figure 7 (bottom-right), it is very dif cult to estimate the . taint the t : See Fi 12
precise location of the corner. Hence, we used an uncqrtaimIS uncertainty as the target moves ( ee rigure ):
In this section, we consider an online versionkeSSP. In

parameter of = 4 pixels. These uncertainties correspond . . ) ,
e online version, we are given a domé&irwhere the target's

to 3D cones whose intersections with the known plane giv . : : .
P 9 true location lies. An online algorithm for SSP chooses #te s

us the polygons shown in Figure 10. ¢ hich ; ; dl fibe t
Finally, to estimate the position of the target, we intetsdc of sensors which guarantee performance regardiess ofuae tr
Igcanon of the target.

the uncertainty polygons. The results are shown in Figute 1 i . )

The best choice for a pair of cameras is the pair (4,17 Formal_ly, the Onhndt(-_S?P pr(_)bl}iemds detnefd as foIIovI\is.t

which gives an uncertainty of approximat@ym?. The worst (29 ?Jrebgel\iﬁz i?];r?gv?l;] a:'rr:lg Ir:(?;tioﬁnof ?hseetz:rgsé?nz:(s;) €
hoice, on the other hand, is gi b 18, 19 H X ) §

choice, on the other hand, is given by cameras ( ) W e the optimal choice ok sensors foR. Let S° S be any

an error of 729mm?. See also Figure 9 for correspondin . g e
images. The best choice of three cameras is (4, 11, 17) w oice of Senso[)s withS} = k. We de ne the competitive-
erformance ofS” as

an area oBmm? and the worst choice i€17; 18; 19) with an P
error of 670mm?. It is worth noting that the intersection of o(S9) = max Area( (S%%)) @)
all polygons is the same as the intersection of the best three ~ z2uU Area( (S (%);%))

polygons (4, 11, 17) which is in agreement with Corollary 6. Establishing the competitive performance (or ratio) can be

formulated as a game between two players. The rst player is
IV. EXTENSIONS the sensor selection algorithm which picks the set of sensor

In this section, we present two extensions to the model used The second player is the adversary who tries to maximize
to establish Theorem 5. The rst extension is regarding tBe deviation from the optimal performance by choosing the
knowledge about the target's position. In the previousisact rue location®. Our goal is then to establish the existence
we studied the problem of selecting a set of sensors for agivef @ choice of sensors® with small (preferably constant)
target locatiorx. In the next section, we address the probleffPmpetitive ratio. If there is such a choice, we could select
of selecting the sensors whanis not given. Instead, we are@ 9ood set of sensors and obtain a good estimate of the true

given an uncertainty regiob that contains the true locationlocation® without an accurate guess of the true location.
of the target. A simple example shows that we can not establish a constant

competitive ratio: suppose the uncertainty regidris given
4The value of is determined empirically. by the equilateral triangl&BC shown in Figure 13. Suppose

In this section, we address the problem of selecting the
sors wherx is unknown. LetW be the workspace and
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Target corner
300
a0

200 220 240 260 280 300 320 340 360 380

© ® N o w s e e

Fig. 8. A close-up image showing the location of the targeft}| An8 8
window showing the pixels around the projection of the ttiigean image.
The precise location of the corner is dif cult to obtain.g(nt)

1500

Fig. 7. The camera setup used for the experiments. A cabbrgiattern

was used to estimate the parameters of a plane in a robusiriagbp). The Fig- 9. Images taken from cameras 4, 11, 17, 18, 19 (from topottom,
projection centers of the cameras, location of the planeuamertainty cones €ft to right).

going through the target in 3D space. The units are in miliare (bottom).

we need a fairly good estimate (smbl) of where the target
we have 6 sensorS = faj;ap;by;bp;ci;cog such thata; Mmay be.
anda, are very close to the cornés and the angle;Aa, It is easy to see that the arguments above can be extended
is ; by and b, are very close to the cornd and so on. for the problem of selecting sensors. We simply replace the
Consider the task of selecting two sensors from the sensor #@ngle ABC with a uniform(k + 1) -gon. No matter which
S. There are two distinct choicebas; a,g andfa;;byg. All Ssensors are chosen, there will be one corner that is far filom a
the remaining choices are symmetric. For each choice, theréhe chosen sensors: the adversary chooses this corner as the
a corner of the triangleC, that is very far from either sensor.true location for which the optimal choice includes the two
Hence, the adversary can chods@earC. For this value of sensors that are very close to this corner.
R, the optimal choice of sensors would Be = f¢;; c,g. Let
Zmin andZmax be the closest and furthest distance betwee®) Extensions to other sensing models

U andS. The competitive ratio (Equation 2) would be: Throughout the paper, we assumed that the sensor measure-

(Zmax N Zmax ) Zmax 2 Mentsare convex and polygonal. In this section, we show how

c(fai;a29)  cfar; bg) Zoin Y Zein ) = 7 our techniques can be extended to other sensing models. We
min min min . o . . . .
investigate the following alternatives as shown in Figude 1
which can be made arbitrarily big by increasing the siz&Jof = Convex but non-polygonal measurememtsthis case, the
A symmetric argument can be made for any choice of sensagensor measurements can be efciently approximated by a
Consequently, there exists no choice of sensors with a@oensiconvex polygon and our techniques apply.
competitive ratio. Non-convex and non-polygonal measuremeinscertain
In fact, in the above example we observe that the teroases, such as range-and-bearing sensors, the measurement

Z2.. is almost as big as the area of the uncertainty reglon area can be ef ciently approximated with a convex polygon —
Therefore, for any sensor selection algorithm to be effecti see [16] for a discussion. However, as in the case of rane-on
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+or
1010 17 1030

1020
1005 1 +
+
s 1010

1000
i

835 840 845 850 855 860 865 870 820 840 860 880 200 920

Fig. 10. All units are in millimetersLEFT: intersections of rays (originating
from the camera centers and going through estimated targgictions) with
the plane.RIGHT: Intersections of uncertainty cones that correspond to
error of = 4 pixels with the plane.

Fig. 12. SSP for unknown target location: we are given théoregy and
we would like to choose sensors to guarantee performaneediegs of the
4Bcation of the target irJ.

B

Best Sensors (Error: 9.116952 ): 4 17 Worst Sensors (Error: 728.833382 ): 18 19 | ]

1050 1050 tj!l

ap

Best Sensors (Error: 7.986526 ): 4 11 17 Worst Sensors (Error: 670.185039 ): 17 18 19

e R R e m e e e e R m e e A ez I':

Fig. 13.  For both choices of two sensofs;;a,g and fas;big, the
adversary can select the true location near cor@er The shaded area
corresponds to the error estimate frémy ; b;g. The optimal choice for this
location isf c1; c2g which results in a high competitive ratio.

of the plane. In our model, the measurements are merged

by intersecting corresponding subsets and the measurement
uncertainty corresponds to the area of the intersectionetn

Fig. 11. TOP: Best (left) and worst (right) choices for pairs of camerasthese assumptions, we presented a 2-approximation digorit

BOTTOM: Best (left) and worst (_rlght) ch_0|ces for triples of camer@he for Choosing optimal sensors. In doing S0, we formally pcbve

shaded area corresponds to the intersection of the choseeram See text .

for details. an observation made by numerous researclesmall number

of sensors is suf cient for a good estimafEhis is obtained

by rst bounding the area of the information from all sensors

sensors, this may not be always p(_)ssible. In Figure 14 (|O\I\{§y its minimum enclosing parallelogram (MEP). Next, we
left), any convex polygon that contains the error annulusldo ghowed that there are six sensors such that the intersection

fail to approximate the true error. One possible solutiofois f the measurements from these sensors is contained in the
groupm sensors (in the gure, a group oh = 3 sensors \gp.

is shown) and to treat these groups of sensors as a single
sensor whose error regions can be ef ciently approximated
by a convex polygon. If this is possible, we can use the 2-
approximation algorithm de ned in Section II-C to obtain a OU
(2,m)-approximation algorithm fok-SSP (see de nition 2).

V. CONCLUDING REMARKS

In this paper, we studied the problem of chooskngensors °S S
SO as to minimize the error in estimating the position of a U
target. We made two assumptions in our formulation:
(i) network localization has been performed (see e.g. [17])
and the locations of the nodes in the network are available;
and,

(i) an estimate of the target's location is available (plolys
through a lter that estimates the position of the targettas fig. 14. Common sensors where the convexity and/or lineassumption
moves) fails. Top-left: convex but non-polygonal measurementg-fight: non-convex

) . measurements which can be ef ciently approximated (e.qygeaand-bearing

We focused on a generic sensor model where the meansor) Bottom-row: Non-polygonal and non-convex measengs which can

surements can be interpreted as polygonal, convex subgetde approximated. The solution is to group the sensortsofberight).
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We presented an application of this theorem for the task @$] E. Ertin, J. W. F. ll, and L. C. Potter, “Maximum mutualfarmation

obtaining the position of a target (on a known plane) using principle for dynam|c_sensor query _problems," #md International
Workshop on Information Processing in Sensor Netwo2k€)3.

cameras. ) [10] J. Liu, M. Chu, J. Liu, J. Reich, and F. Zhao, “Distribdtestate

In the second part of the paper, we discussed two extensions representation for tracking problems in sensor netwoiksProceedings

of the previous scenario. In the rst extension, we consder of the third international symposium on Information pragieg in sensor

th h . b ded h the t tnetworks ACM Press, 2004, pp. 234-242.
€ case wnere we are given a bounded area where the a{ﬂ? J. Aslam, Z. Butler, F. Constantin, V. Crespi, G. Cyben&nd D. Rus,

may be located — instead of a single estimate of the target's “Tracking a moving object with a binary sensor network, Froceedings
location. For this case, we showed that the performance of of the rst international conference on Embedded networlssmhsor

lecti | ithm i f i f th systems ACM Press, 2003, pp. 150-161.
any sensor selection algorithm IS a tunction orf the area ﬁfZ] V. Isler, J. Spletzer, S. Khanna, and C. Taylor, “Targatking in sensor

the uncertainty region. We also addressed relaxationsef th  networks: the focus of attention problenGomputer Vision and Image
sensing model and presented arguments for the existence, gof Understanding Journalvol. 100, pp. 225-246, October 2005.

similar theorems for other sensing models [13] L. ‘Doh‘erty! K. S. J. Pister, and L. E. Ghaoui, “Convex ifios
g : estimation in wireless sensor networks,”Rmoc. IEEE Infocom2001.

In all of the algorithms above, we assumed that the sen$of] A. Howard, M. J. Matari¢, and G. S. Sukhatme, “Coopigeatelative
locations are known precisely. We plan to investigate thexcef localization for mobile robot teams: An ego-centric apgtgain Pro-

£l lizati th ti t K i fut ceedings of the Naval Research Laboratory Workshop on #Raltiot
of localization errors over the entire network in our future g cemswashington, D.C., Mar 2003.

work. Another research direction to extend the six-senspb] J. Spletzer, A. Das, R. Fierro, C. Taylor, V. Kumar, andO&trowski,

result (Corollary 6) to higher dimensions. Future work also “Cooperative localization and control for multi-robot nigulation,”

: L in Proceedings of the Conf Intelligent Robots ande
includes the problem of assignirdisjoint sets of sensors to LTRoré’Si?ngf. of the Conference on Intelligent Robots andesis

track multiple targets. The techniques presented in thi@pa[i6] J. Spletzer and C. Taylor, “A bounded uncertainty apptoto multi-
may be eas”y extended to obtain an algorithm for this pmnble robot localization,” in Proceedings of the Conference on Intelligent

. . . . Robots and Systems (IROS 2Q0&)03.
t
whose running time i©(n') wheren is the number of sensors 17] D. Moore, J. Leonard, D. Rus, and S. Teller, “Robust riisted

andt is the number of targets — we simply try all possible ~ network localization with noisy range measurementsPinceedings of
ways of assigning up to 6 sensors to each target. Though the Second ACM Conference on Embedded Networked SensemSyst

) L SenSys '04)Baltimore, MD, N ber 2004.
applicable for a small number of targets, such a running tm[lﬁé] (SenSys ‘04)Baltimore overmoet

- M. R. Garey and D. S. JohnsoBpmputers and Intractability: A Guide
becomes prohibitive as the number of targets grow large and to the Theory of NP-Completenes&reeman, San Francisco, CA, 1979.

become comparable to the number of sensors. Unfortunatél§] C. Schwarz, J. Teich, E. Welzl, and B. Evans, “On nding

th bl f Lo disioint t f t a minimal enclosing parallelgram,” International Computécience
€ problem of assigning disjoint sets or sensors 1o many Institute, Berkeley, CA, Tech. Rep. tr-94-036, 1994. [@a]i Available:

targets is NP-hard. Approximation algorithms for constegi http://www.icsi.berkeley.edu/ftp/pub/techreportgafr-94-036.ps.gz
error metrics and geometries can be found in [12]. We a@] C. Schwarz, J. Teich, A. Vainshtein, E. Welzl, and B. LvaBs,

fl Ki tendi th Its t d “Minimal enclosing parallelogram with application,” iIr8CG '95:
currently working on extending these results 1o more genera Proceedings of the eleventh annual symposium on Compuodhtio

deployment scenarios. geometry ACM Press, 1995, pp. 434-435. [Online]. Available:
http://doi.acm.org/10.1145/220279.220338
[21] M. de Berg, M. van Kreveld, M. Overmars, and O. Schwapfko
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