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ABSTRACT are propagated as the state changes, and are updated when
new measurements become available.

Some distributed-sensing applications make it necessary to In the standard particle filter theory [3], the measurement
dispatch a limited number of observers (ships, vehicles, or air- locations over time are assumed to be given as inputs. How-
planes with cameras; field workers with chemical kits; high- ever, the small number of observers and the cost of moving
flying balloons with atmospheric sensors) to track the evolv- them in applications like the ones discussed above implies
ing boundary of a large phenomenon such as an oil spill, a that observers must be controlled with care, and in a way that
fire, a hurricane, air or water pollution, or EL Ni'o. This pa- depends on the evolving phenomenon being monitored. We
per develops a new framework for controlling the movements call this the observer dispatch problem.
of the observers to maximize the information gained about. . . ~~~~~~Assume that each observer is mobile, controllable andthe boundary's shape and position. To this end, we repre- able to observe local information around some region of thesent boundary uncertainty by a particle filter where each par- evolving boundary. An optimal dispatch algorithm must con-
tidle is a binary indicator function. This makes our dispatch sider the change of the boundary, the time and energy cost
algorithms applicable to arbitrary boundary representations o r

fromwhic indcatr fuctios ca becom ted,incldin of reallocations, and the distribution of the observers to max-
p i imize the benefit of their measurements. Such a problem is

level sets and polygonal approximations. We demonstrate . .
the benefits of optimal dispatch on both synthetic and real ntrlyadesdi eiintertcfaeok
data. These benefits are most apparent when the observers To this end, we formulate dispatch as a utility optimiza-dare.spasereelativeto the boundappary e.t whentheobserver

tion problem for which we propose a real-time algorithm. Our
method can work in concert with any boundary tracking algo-
rithm based on particle filters, regardless of the curve rep-

1. INTRODUCTION resentation used by the latter. For instance, boundaries can
be represented as splines or level sets of functions [4, 2].

The increasing availability of new sensor types and of sen- We obtain this generality by introducing a new, probabilis-
sor networks yields new opportunities and challenges in dis- tic boundary indicator function that captures the spatial as-
tributed sensing. Often sensors are few and expensive, and pects of boundary uncertainty that are relevant to the dispatch
need to be carried to appropriate, usually changing locations. problem. Our experiments on synthetic and real data sets
For instance, air temperature, atmospheric pressure, cloud pat- show that our dispatch method yields a more balanced ob-
terns, or wind speeds can be tracked by sensors on high-flying server placement and lower overall boundary uncertainty in
balloons. Water currents, temperatures, or pollution levels are comparison with a random dispatch strategy, even if the latter
recorded over vast areas by vessels or movable buoys. Oil is guided by the current best estimate of the boundary.
spills or fires are often monitored by airplanes with cameras. In the next section, we briefly review previous work. Sec-

Applications like these can be abstracted into a complex, tion 3 introduces the boundary representation. Section 4 in-
plane boundary, whose shape and topology (the boundary's troduces the dispatch algorithm and its analysis. Section 5
state for short) changes constantly, tracked by a small num- presents experimental results, and Section 6 concludes with a
ber of moving observers. The complexity of the set of pos- summary and plans for future work.
sible boundaries suggests using particle filters [1, 2] to track
and refine the state of evolving objects from sparse measure-
ments. These filters maintain a random sample (a set of par- 2. PREVIOUS WORK
tidles) drawn from the probability distribution that represents
the current knowledge about the boundary's state. Particles Particle filters [3, 5] have been used in the context of bound-

_____________________ ~~~~~~ary tracking mainly in the area of active contours [6, 7]. These
This research was partially funded under NSF grant IIS-0534897. approaches capture the uncertain position of a boundary at
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time t by a probability distribution represented by a random 3. INDICATOR FUNCTIONS FOR BOUNDARIES
sample of boundaries (particles). Each boundary in the sam-
ple is represented explicitly, e.g. with splines [4] and propa- Given a boundary B on the plane, define an indicator function
gated forwards in time through an assumed, uncertain motion b(x) : R2 -> {O, 1 } as:
model. Measurements update the particles by weighing each
of them by its posterior probability given the measurements. b(x) | 1 ifx inside the boundary,
Resampling then draws new particles from the posterior to be L 0 otherwise.
ready for a new step of propagation. This cycle is analogous When B is uncertain, let b be a random indicator function
to the estimation loop of a Kalman filter [8], but maintains whose realizations could be any boundary indicator on the
a sample-based representation of the distribution rather than plane, and let p(b) be a probability density function over the
a Gaussian one. Recently, the approach of "level-set curve' . . ~~~~~~spaceof all possible indicator functions. The mean of b is
particles" was proposed [2] where each boundary particle is denoted as
represented by a level set function, instead of a spline. This
approach is based on the notion of "adding" two boundary p
curves by adding the level set functions that represent them. b(x) / b(x)p(b) db E bi(x)wJ. (1)
This insight leads to a superposition effect that lets one track i1
exponential number of boundary particles at linear cost in the The p.d.f. p(b) in (1) is to be understood in a very abstract
framework of a particle filter and makes a combination of sense, as b iS a point in the space of all boundary indica-
level sets and particle filters computationally affordable. tor functions. Concretely, p(b) can be represented approxi-

mately by a random sample of weighted particles {bi, wi } pl
The problem of sensor placement has been studied re- of some parametric form. Each particle bi is an indicator func-

cently by the community of robotics and machine learning tion for a sample boundary Bi and wi is the weight of this
[9, 10, 11]. Guestrin et al. [9] proposed a mutual informa- particle with the normalization constraint that =iP wi = 1.
tion criterion to place sensors based on a Gaussian process Then the mean of b can be approximated by the sample mean.
model (GP). Instead of maximizing the joint entropy of the Given any point x on the plane, the variance of the indicator
Gaussian unknown variables inside "sensing area", they max- random variable b(x) is denoted as the following function:
imize the mutual information between the unknown variables p
in the sensing area and those in the rest of the space. The key v(x) J[b(x)-b(x)]2p(b)dbZ[bi(x)-b(x)]2wJi
assumptions are that the prior (before-observation) and poste- . bi
rior (post-observation) distributions of the unknown variables (2)
both have the form of a Gaussian process which has a fixed When the boundary is evolving and deforming over time, the
kernel function and further implicitly that the observations are random indicator function for the boundary 5(t) at time t is
"perfect" (noise-free). Schwager et al. [10] proposed a con- denoted by b(t). A particle set {bit), w (t) }p 1 is then used
trol strategy for mobile robots to optimize the measurement to represent the probability distribution of the boundary 5(t).
of sensory information. The target function is based on an For each time step t, define the variance function v(t) (x) of
unreliability function of observer measurements and a scalar the indicator random variable b(t) (x) as in (2).
sensory function that indicates the relative importance of dif- The above discussion is not rigorous in that the boundary
ferent areas in the region. They use the centroidal Voronoi space is infinite-dimensional and we have not specified an un-
Diagrams [12] to distribute the sensors simultaneously. derlying measure. However, we can avoid these technicalities

since in practice, the region of the plane of interest can be

However, the existing particle filter techniques for track- discretized into N grid points, so that each indicator function
However,~~ ~ ~ ~ ~~~~~~~btthe ishntransormetoteaehlqebinar vectk-b( fsieN ning dynamic boundaries do not address the issue of optimal i (x) is transformed to a binary vector iof size N and

observer placement. Conversely, current sensor placement the function v(t) (x) becomes a vector v(t) of size N.
work does not accommodate moving boundaries. Our pro- To summarize, a probability density function p(b) for the
posed dispatch algorithm is based on known techniques in random indicator function b of a dynamic boundary at time
location optimization, modified to apply to a different target t can be approximately represented by a particle set x(t)
function, and to include a specific account of the geometry of {b(t), ( on a discretized plane. The sample mean (1)
the boundary being tracked without any distribution assump- and variance (2) are a first order summary of the density.
tions. This requires devising a general boundary representa-
tion that simultaneously captures the aspects of boundary un- 4. DISPATCH PROBLEM
certainty that are relevant to tracking and can interface with
whatever boundary encoding is used in the tracker of choice. Based on the above representation of the boundary, we formu-
This new representation is described next. late observer dispatch as the problem of maximizing expected
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utility of the observer placements. We solve this problem us- Given a probability distribution p(b) and an estimate of
ing centroidal Voronoi diagrams. We also consider some of the boundary b, the expected loss function is:
the constraints that arise in real applications.

4.1. Problem Statement L(p(b),b) JD(b,b)p(b)db.
As mentioned earlier, a particle filter works in three steps: The optimal decision-theoretic estimate of the boundary given
propagation, update and resampling. In addition, we assume p(b) is
that there are M mobile and controllable observers each of b argmin L(p(b), b). (7)
which gathers some local information around its own loca- b
tion. To exploit the resulting freedom to choose where to For a given dispatch choice Z, the expected utility is defined
take the measurements at each time step t, we insert a new
step called dispatch between propagation and update to redis-
tribute the mobile observers for the new measurements. Now U(Z) = L(p(b), b*)-L(p(b)lz, b* (8)
the particle filter has four steps: propagation, dispatch, update Lz
and resampling. where p(b) z denotes the conditional probability distribution

on the observer placement Z and b* means the best estimate
4.2. Observer Model given p(b)lz.
Our observer model includes two aspects: how each observer To maximize the utility function in (8), the best choice of
works, and how different observers interact. The first aspect the placement would be
specifies the probability that an observer at z can observe a
point x, that is, determine whether it is inside or outside the Z Z z
boundary:

The second equality holds because the loss function value
f(x, z) =Pr[b(x) is observed by observer at z] (3) L(p(b), b*) before dispatch is fixed.

To reflect decreasing acuity with distance, the function f is Computing Z* for b C {O, 1}N for general p and f is
assumed to decrease as the Euclidean distance d(x, z) be- an exponential computation. However, if we relax the range
tween the observer position z and the point x increases. In of the estimate b to be [0, I]N instead of {0, I}N, then the
this model, the observer returns one bit of information about best estimate for p(b) is easily shown to be the mean of b in
point x if the point is observed. In this case, the posterior Eqn. (1) and therefore the loss function becomes
variance of the indicator function value at x is zero. With no
observation, the posterior variance remains equal to its prior L(p(b)b) JD(b,b)p(b)db

value.L pb b)Dbbpbd

Concerning observer interaction, we note that observers -b(x)]2p(b)dxdb
are precious and carefully dispatched, so they are likely to be b x

far apart enough to eliminate overlap between their observa- -
tion ranges. This implies that whether a point x can be ob- -v(x)dx.
served only depends on the observer nearest to x. With M
observer locations Z =Z., .. , ZM}, let Therefore, the optimization function L(p(b) Iz, b>) can

z(x) arg min d(x, Zm) (4) be defined as
zml F(Z) = vlz(x) dx, (l0)

be the location of the observer nearest to x. Then equation (3) x
can be rewritten as follows in the multi-observer case: where v Z (x) is the posterior variance of the point x after the

Pr[b(x) is observed Z] f (x, z(x)). (5) observation with observer placement Z.
With the observer model in Section 4.2, the expected pos-

4.3. Optimization Function terior variance of point x can be approximated by

To formalize the quality of a given choice of observer dis- E(vlz(x)) Pr[b(x) observed Z] 0 +
patch, we define a utility function for the placement of ob- Pr[b(x) not observed lZ] v(x)
servers. First, define an L2 metric to measure the distance = [1 -f(x, z(x))] v1(x) (l1l)
between any two boundaries as

P where v(x) is the estimated prior variance of point x from
D(bi, by) ] [bi(x) -by (x)]2 dx. (6) propagation result. The optimal dispatch strategy is to send
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the observers to locations which minimizes the total expected Algorithm 1: Dispatch algorithm
posterior loss, approximated as follows: INPUT: Observer model b and estimated prior variance

v (x)
F(Z) /E(vlz(x)) dx OUTPUT: Observer locations Zl:M.

Jx 0. Let Zl:M be the current observer positions;
fI[1 f (x, z(x))] V(x) dx 1. Construct the Voronoi diagram of points Zi:M;

2. Set new values of Zl:M as the centroids of the Voronoi
M cells Cm to the right-hand sides of equation (16);

E [1- f (x, Zm)] V(x) dx . (12) 3. If the new set of points meet a convergence criterion,
m=1 m terminate; otherwise, go to step 1.

Here, Cm denotes the cell of point Zm in the Voronoi dia-
gram of the observer locations Z1:M- This is because each
f (X, Z(X)) only depends on the observer nearest to x. Find- convergence criterion depends on the specific application. It
ing a set of Zm that minimizes the target function value F is is easy to show that the function value of F decreases during
an unconstrained optimization problem. The grid-discretized each iteration, but there is no guarantee that it will converge
form of (12) is to the global minimum. The running time of each iteration is

O(M log M + N).
M

F(Z) = , [1 - f(x, zm)] v(x) (13) 4.5. Constraintsm=1 xecC
In real applications, the observers are typically subject to con-

4.4. Dispatch Algorithm straints like the following: (a) A speed limit for each observer,
which limits the range of variation of each Zm in a fixed timeWhentheobsevermode f s a uncion f te Eulidan nterval; (b) A need for a bounded travel cost (e.g., energy

distance between x and z(x), it is geometrically appealing cnsumption), w is an incea travel.. erg

to cast the optimization problem defined in Section 4.3 into distanc;o(),Moilit cnsints,eg. each obser might
the orm f acentoidl Voono diaramcomptaton [2]. distance; (c) Mobility constraints, e.g. each observer mightthe form of a centroidal Voronoi diagram computation [12]. onybalwetomvinaoclra.Sediisad

To tis ed, wchose (x,z(x) = (~~x z() ')nd s
only be allowed to move in a local area. Speed limits andTothsed'ecos (,zx) i5 ()2 n s mobility constraints can be incorporated by turning the opti-

sume that 0(d) is first-order differentiable with (non-positive) m.izt proble'into a corainedon th thesm tag
derivtive '(d)Let Tn=fl Z'Jndx=X1,X2.The mization problem into a constrained one with the same targetdL }an function F. Travel cost can be included as an additive item of

partial derivative of F with respect to z-7 for j=1, 2 ism the target function F, and its importance can be regulated by
OF a weight A:

=2q5'( lxz(x)m2>(x)(4m-Xj. (14) F'=F +AFc (17)ozm XE,

where Fc is the travel cost. All these constraints reduce the
Define a nonnegative function p(x, z(x)) such that feasible regions of zm's.

p(x, z(x)) = X'Ix-z(x) 12) v(x). (15)
5. EXPERIMENTS

At a minimum of F, all terms of the form (14) are equal
to zero. This implies that the optimal position Zm of each We test the dispatch algorithm on two kinds of data sets, syn-
observer satisfies thetic and real. Real data refer to the problem of tracking sea

Exc,~ P(X~ZTn) x surface temperature. Before showing experimental results,
Zm = Exec X Zm x (16) we illustrate how the form of the estimated prior variance

ZxECC p(x, Zm) function v(x) affects the dispatch results with the same ob-

which is the centroid of the cell of Zm in the Voronoi diagram server model. In all the experiments, we choose the observer
with respect to the density function p(x, Zm) dmodel

2 )
From this analysis, we see that the dispatch problem can 0(d) exp(-d /R (18)

be solved by finding the centroids of a Voronoi diagram of where the parameter R models the (soft) observation range of
the observers, in which the "mass distribution" p depends on each observer.
both the observation model Xb and the estimated prior variance
v(x). Based on Lloyd's method [13], which iterates between 5.1. The Influence of Variance Functions
constructing Voronoi diagrams and finding centroids, we ob-
tain the intuitively simple dispatch Algorithm 1 in the table. With the same initialization of observer positions Zm and ob-
The initial observer positions are randomly generated. The servation model b, different prior variance estimate functions
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(a) (b)

(a) (b)

Fig. 2. (a) shows the variance-based optimal dispatch result
where the red pentagrams are the observers and the contours
are the contours of the estimated prior variance function value

(c) (d) of v(x) (from orange, green, cyan to blue, the variance value
is decreasing). The red circles display the observation range
of the observers. (b) shows the random dispatch result where
the black dots are the observers. The black solid line is the last
tracking result and the dotted lines enclosing a narrow band
show the range where the observers are randomly dispatched.

(e) (f)

patched uniformly along the circle. In our experiments, the

Fig. 1. (a) The initial positions of observers (black dots) and convergence criterion is set as a threshold on the square sum

their Voronoi diagram (dotted line). (b) The dispatch result of the distances between the new and old observer positions.
when A(x) is uniform. Red pentagrams are the new positions If the observers move too little between iterations, the dis-
of the observers. Red lines display the corresponding Voronoi patch algorithm will stop. The number of iterations for the
diagram. The blue dotted line denotes the travel path of each above three cases are 21, 23, 19 respectively.
Observer. (c) The dispatch result when v(x) is Gaussian. (d) This simulation test tells us that the dispatch algorithm
observe)Thedispatch result whenx A . distributes observers to the places with higher predicted vari-The dispatch result when v(x) is like a crater. (e) v(x) is a
Gaussian function. (f) v(x) is like a crater. ance values as expected.

5.2. Synthetic Test

A(x) result in different outputs by the proposed dispatch
We apply the proposed dispatch strategy in tracking dynamic

g(x) can result in different outputs by the proposed dispatch planar boundaries in a synthetic data set. The ground truth
algorithm. is a 30 frame sequence of moving and deforming 2D bound-

In Fig. l(a), the black dots denote the initial positions of aries. These are created by taking level sets of mixture of 2D
the observers and the dotted lines display the Voronoi dia- Gaussian functions. The motion model is derived from the
gram. As for v(x), three different cases are tested: (i) uni- difference between the ground truth boundaries at consecu-
form. All the points have the same value of v(x). The dis- tive time steps by an optical flow method [14]. The grid size
patch result is shown in Fig. l(b). The red pentagrams are is 50 x 50 and the total number of grid points is N = 2500.
the new positions of the observers and the red lines display The initial particle set is generated by different Gaussian
the corresponding Voronoi diagram. The blue dotted line de- perturbations based on the ground truth of the first frame. The
notes the travel path of each observer; (ii) Gaussian. v(x) total number of particles is P = 80. We test the tracking
decreases from the center to the edges (See Fig. l(e)). The algorithm [2] with the proposed dispatch strategy for different
dispatch result is shown in Fig. 1(c). The observers are clus- number of measurements M and different observation range
tered in the center of the plane where the predicted variance R. Accuracy is measured by the error rate defined as the ratio
function value is higher. Therefore the target function F is of the total symmetric differences between the tracking results
minimized; (iii) crater. Suppose the boundary under track- and the ground truth over the total area enclosed by the ground
ing is a circle and the predicted variance function is like a truth boundaries from all frames. Specifically, it is defined as
crater of a volcano (See Fig. 1(f)), which means the variance
is higher if the point is closer to the circle. Fig. 1(d) shows Error Rate =S b)-b 2 (19)
the corresponding dispatch result. All the observers are dis- St1 bt 12
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M = 16 observation model are same. The comparison of the experi-0.2 ll' |-
--random

ID 0.15 ran om |mental results from these two approaches are shown in Fig. 3.16 0.15 Optimal

0.1 The displayed error rate for each M and each R is the average
0 2 error rate of 20 trials. It is easy to see that the error rate has1 2 4 6 Range R 8 been improved by the optimal dispatch strategy compared to

M =8
0.2 random dispatch strategy, especially when the total coverage

Cc0.15 _ _ by all the observers is small, such as M = 16 and R = 1,
2 ______________________________ M = 4 and R = 4, 6, or M = 2 and R = 8. In other words,

0.05 1 2 4 6 Range R 8 optimal dispatch uses less observers to achieve the same ac-

0.2 M=4 curacy with same R compared to random dispatch.
0.12

0.10l > 5.3. Sea Surface Temperature Tracking
0.05 j1.0 2 4 6 Range R 8

Sea surface temperature (SST) is the water temperature at the
M =20.2 sea surface. SSTs above 26.5 degrees C are favorable for

the formation and sustaining of tropical cyclones. In general,
0. the higher the SST, the stronger the storm. So tracking the
°°51 2 4 6 Range R 8 isotherms of high SSTs is very helpful in forecasting tropical

M =1 cyclones and hurricanes.
0.2 ........._-- - - - - -_.

16 0.15 Experimental validation of our proposed dispatch frame-
P 0.1 L4 work has two conflicting requirements: On one hand, sparse-

0.05 R ness of the observers is the main issue we are addressing.1 2 4 6 Range R 8

On the other hand, ground truth about the true location of
the boundary is required to measure the performance. To

Fig. 3. Comparison of the error rates generated by the opti- meet both requirements, we have tracked the SST isotherms
mal dispatch and random dispatch strategies with the number in a data set where we have dense information of the bound-
ofmeasurementsM 1, 2, 4, 8,16 and the observation range ary, but where we simulate the sparseness of observers by
R = 1, 2, 4, 6, 8 for boundary tracking in a synthetic data set. withholding the dense information from our tracking and dis-
Dotted lines show the results from random dispatch strategy patch algorithm. Specifically, we obtain NOAAJERSSTNV2
and solid lines show the results from optimal dispatch strat- data 'which is an extended reconstruction of historical SST
egy. The grid size is 50 x 50. monthly mean values using improved statistical methods from

1854 to present and take it as ground truth. In particular,
we track the isotherm at 25 degrees C. One example of the

where b(t) and b(^) denote the binary indicator vectors of the boundary ( January 1990 ) is shown in Fig. 5. The observers
ground truth boundary and tracking result at time step t re- are simulated by the points on the map and each observer
spectively. The tracking result b(t) is defined as the MAP can report the SSTs for the grid points within the observa-
particle after update. tion range. In real applications, the observers could be a set

To demonstrate the performance of the proposed dispatch of ships or buoys with temperature sensors. The underlying
strategy, we also experiment with the same tracking algorithm motion model for the isotherms of SST is very complicated

* *-* XXT * 1 1- ~~~~~because there are many factors which could affect SST. Sincebut a different dispatch strategy. We use a naive random dis- y
patch strategy that reallocates the observers randomly inside SST changes periodically, for simplicity, we learned a mo-

a narrow band along the tracking result from previous time tion model for each calendar month (Jan. to Dec.) from the

step. The bandwidth is set equal to 2R. A comparison of these historical data between 1990 and 1999. For example, to get
two different dispatch strategies is shown in Fig. 2 where (a) the motion model for January, we compare the data in Jan-
shows how the variance-based optimal dispatch strategy real- uary and February in every year and find a motion model by
locate the observers to the area corresponding to high value of the optical flow method [14], and then take the average of the
v(x) and (b) shows how the random dispatch strategy works motion models over the ten years (Fig. 5).
with the same probability distribution of the boundary. Based We started tracking from January 2000 and ended in De-
only on the tracking result at last time step, the random strat- cember 2000. The particle set was initialized by small per-

I. turhations hased on the houndarv in Decemher 1999. Theegy aimlessly dispatches observers inside the narrow band de- train ae ntebudr nDcme 99 h
noted by the dotted lines. The intersection between red circles sz ftepril e sP 20 h rdsz s8
imlisha smeoberaio rsorc i wstd 180 (2.0 degree latitude x 2.0 degree longitude global grid,
These two experiments only differ by the dispatch strat- 1Provided by the NOAAIOAR/ESRL PSD, Boulder, Colorado, USA,

egy. All the other parts including the initial particle set and from their web site at http:llwww.cdc.noaa.gov/
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0.35 M =32 it to a random dispatch strategy with same initialization andU0.3 - random observation resources for both synthetic data and real data.
rr + optimal0.25 ......_The comparison results show that our approach performs bet-

1 2 4 6 8 10 Range R 12 ter when the observation resource is sparse but not rare.
M = 16 For future work, we intend to generalize the proposed dis-

0.35 patch solution to include constraints on the motions of the ob-
o03F - - - - -- -- - - - servers. Our experiments suggest that there is a relationship
tL 0.25 )between the performance of the proposed dispatch approachwJ0.2______________ _

1 2 4 6 8 10 Range R 1 2 and the sparseness of the observers, where the sparseness de-
M=8 pends on both the number of observers and the observation

00.35 range. This suggests the presence of an optimal point of
o0 -sparseness to maximize the benefit of the proposed dispatch~~~ 0.25 1~~~~~~~~~algorithm.wJ0.2r

1 2 4 6 8 10 RangeR 12
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Fig. 5. The red curve is the isotherm of SST at 25 degrees C in January 1990 and the blue arrows denote the learned motion
model for the isotherm at 25 degrees C in January from the SST data between 1990 and 1999. The black dots denote land.


