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Abstract — Localizing sources of physical quantities is of-
ten only possible in an indirect manner by observing the in-
duced continuous phenomena, such as pollution loads of air
or water. By employing model-based reconstruction meth-
ods, the task of localizing movable sources by distributed
sensor measurements can be formulated as a non-linear
stochastic parameter estimation problem. A computation-
ally efficient state estimator is applied to this estimation
problem for enabling real-time source localization. Fur-
thermore, this paper proposes a novel approach to multi-
step sensor management for utilizing future sensors mea-
surements in a most informative way. Here, predictive statis-
tical linearization is employed for converting the given non-
linear non-Gaussian sensor management problem into a
linear Gaussian one, which can be solved efficiently. By con-
trolling a mobile sensor, it is demonstrated that the proposed
method yields accurate source localization results.

Keywords: Source localization, target tracking, non-linear
state estimation, sensor scheduling, mobile sensor control.

1 Introduction

Spatially distributed phenomena can be encountered on nu-
merous occasions in man-made or natural surroundings. Ex-
amples of such phenomena are given by contaminations of
air and water, e.g., leaking gases or marine oil spills, as well
as temperature distributions over vast areas or in confined
spaces. Including spatial distributions of harmful physi-
cal quantities, these phenomena can negatively impact both
man and nature. Monitoring spatially distributed phenom-
ena by automated sensor systems is thus a beneficial task.
For example, the hazardous impact of pollution loads can be
significantly reduced if they are detected early.

Spatially distributed sensing systems are well suited for
the observation of distributed phenomena due to the con-
tinuous nature and spatial extensions of these phenomena.
Recent developments in wireless communication and sen-
sor technologies facilitate the usage of sensor systems like
sensor networks [1] or teams of mobile sensing robots. Dis-
tributed sensors perform measurements at different spatial
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Figure 1: Localization of a movable source by (a) a network
of stationary sensor nodes or (b) mobile sensing robots.

locations and distinct points of time, leading to isolated
measurement values at discrete points in space and time.
Distributed phenomena, however, are characterized by a
continuous variation in time and space, meaning, for exam-
ple, a continuous change with elapsing time. In order to
accurately acquire and represent spatially distributed phe-
nomena, it is therefore necessary to reconstruct a continuous
distribution based on the acquired discrete phenomenon val-
ues. For this purpose, a model-based reconstruction ap-
proach as illustrated in Section 2 is employed in this paper.

Movable Source Localization and Tracking Within the
area of monitoring spatially distributed phenomena, source
localization [2, 3, 4] has been subject of ongoing research.
In source localization, the location of a phenomenon source
is estimated by measuring the distribution of the emitted
physical quantities. In contrast to direct measurement meth-
ods for localization like distance or angular measurements,
information about the location of a source can only be
gathered indirectly by observing the induced distributed
phenomenon. This in particular makes source localization
a complex and challenging problem.

As an extension to this problem, localization and track-
ing of movable sources is considered in this paper. This
extension specifically copes with the problem of how to
efficiently locate and track non-stationary sources of contin-
uously distributed phenomena by selective space-time mea-
surements, as depicted in Figure 1. In Section 3 of this pa-
per, a model-based approach for localizing movable sources
by means of stochastic estimation methods is introduced.



Sensor Management Another extension to the source lo-
calization and tracking problem is given by the task of con-
trolling the employed sensor system by means of sensor
management. Sensor management thereby allows for max-
imizing the information gain of performed measurements.
Hence, the number of measurements required to locate and
track a phenomenon source is decreased. In a stationary
sensor network, e.g., sensor scheduling (see Fig. 3(a)) al-
lows for reducing the number of simultaneously active nodes
and thus, saves energy resources. For mobile sensors, local-
ization performance can be enhanced by employing mobile
sensor control (see Fig. 3(b)) for path planning [5, 6].

In this paper, the following scenario for an exemplary
source localization is considered: in a confined area, for
example a storage facility for chemicals, the release of an
airborne contaminant has been detected. In order to avoid
threats to human lives, mobile sensing robots are used, each
equipped with sensors for measuring the contaminant con-
centration at its current location. The task of these robots
is hence to identify, to locate and to track the contamina-
tion source by moving and measuring within the given area.
In Section 4, a sensor management approach is presented,
suitable of supporting sensor scheduling and mobile sensor
control for source localization.

2 Model-Based Reconstruction

A spatially distributed phenomenon describes a continuous
distribution of physical quantities in space, which continu-
ously vary over time. In an exact mathematical formulation,
these phenomena are represented as a continuous function
p(z,t) of space and time, with z € R? or z € R? being a
spatial location and ¢ € R* denoting a point in time.

As a prerequisite for successfully locating a phenomenon
source, an adequate acquisition of information about the in-
duced phenomenon is necessary. By utilizing a distributed
sensor system for information acquisition, selective mea-
surements such as concentration values can be gathered.
These sensor systems are therefore only able to discretely
sample a continuous phenomenon at isolated locations and
at single points of time. For phenomenon values at points
in space and time that do not correspond to measurement
points, no direct information is available.

For avoiding high sampling rates in the spatial and tempo-
ral domain, phenomenon values at non-measurement points
can be gained by the utilization of interpolation techniques.
In this paper, a model-based reconstruction [7, 8] approach
is employed for this purpose. This enables not only a spa-
tial interpolation but also allows for a temporal synchro-
nization of measurement values. At the heart of this ap-
proach, a mathematical model of the considered continuous
phenomenon serves as a basis for all calculations.

A large number of spatially distributed phenomena can
be described by means of a system of partial differen-
tial equations (PDE). This paper focuses on the subset of
two-dimensional linear phenomena, which for example in-
cludes advection-diffusion reactions and heat conduction

processes. A general mathematical model of such phenom-
ena is given by a linear partial differential equation without
cross-derivatives. Using the linear operator L( - ), this linear
PDE can be stated as

dp O'p

L<p(zat)a 5(§at)7 aa ) %7

Vp,...,Vjp) =0,

where s(z,t) denotes the excitation generated by the phe-
nomenon source to ‘be located, and the operator Vip is de-
fined as Vip := % + %.

In model-based reconstruction, the considered linear par-
tial differential equations are solved by using discretization
methods. For spatial discretization, this paper employs the
finite-element-method [9]. Temporal discretization is subse-
quently carried out by a Crank-Nicolson approach [10].

Spatial Discretization The finite-element-method trans-
forms a distributed-parameter system given by a PDE into a
lumped-parameter system in state-space form by employing
spatial discretization. For spatially distributed phenomena,
the solution p(z,t) of the characterizing PDE is expanded
and subsequently replaced by a finite sum approximation of
length D according to

i

p(zt) = Pi(z) - wi(t) . (1
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This approximation separates the space-dependent ana-
lytic shape functions ®;(z) from time-dependent scal-
ing factors x;(¢). As a result, the spatially dis-
cretized solution is characterized by the vector z(t) :=
[20(t),21(t), - ,op_1(t)]T of scaling factors for each
point of time ¢.

Temporal Discretization By applying the numerical sta-
ble Crank-Nicolson method for time discretization, the PDE
can be converted into a system of ordinary differential equa-
tions (ODE). These ODEs then describe a physical phe-
nomenon as a system in state-space form, governed by the
system equation

:A'£k+B'§k (2)

L1
with system matrix A. The discretized excitation s, is tied
to the system by means of an input matrix B.

Model-Based Reconstruction Using equation (2) as a
mathematical system model, it is now possible to reconstruct
phenomenon values for any location z,, at arbitrary points
of time ¢j. Following equation (1), the state vector x,, i.e.,
the time discretized vector of scaling factors, and the vector
P = [Py, Py,...,Pp_1] of shape functions are employed
to calculate the phenomenon value p(z,,, tx) according to

P(zn, te) = @®(2,)" - 2
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Figure 2: Model-based reconstruction (green) of a one-
dimensional temperature distribution (blue) from discrete
measurements (orange) of a distributed sensor network (red)
as a stochastic state estimation with a 3-o uncertainty bound
(black dashed).

State Estimation The model-based reconstruction of a
spatially distributed phenomenon from discrete space-time
measurements now only requires to determine the phe-
nomenon state vector z;, based on the acquired phenomenon
values. In the chosen approach, this determination is imple-
mented as a stochastic state estimation process utilizing the
well-known Kalman filter. By interpreting the variables of
(1) and (2) as random vectors and incorporating appropri-
ate noise terms, these equations can be converted into their
stochastic equivalents, which then serve as a measurement
model and a system model in the employed estimator. The
stochastic system equation is therefor given by

T = A-x, + B(5 + w,),

where z,;, denotes the phenomenon state characterized as a
Gaussian random vector and w,, acts as white zero-mean
Gaussian noise. Further on, the measurement equation, re-
lating the phenomenon state x;, to a measurement §;’ at the
sensor location ¢z,, and the point of time ¢y, is given by

o = H" -z, + vp .

This equation incorporates a white zero-mean Gaussian
noise source v;;, and combines the different shape functions
®,(z) into a single measurement matrix H™ according to
H" == 0(z,)" = [Po(2,,), P1(2,), - Pp-1(2,)]"

A more detailed description of the system conversion pro-
cess and the stochastic state estimation can be found in [8].
An example for a model-based phenomenon reconstruction
concludes this section. Figure 2 depicts the results of esti-
mating a one-dimensional temperature distribution at differ-
ent points of time t;. It can be clearly seen how the recon-
structed distribution (green) with elapsing time converges
to the real temperature (blue). Furthermore, the reduction
of estimation uncertainty, depicted as 3-o-bound (dashed
black), is obvious.

3 Source Localization

So far the reconstruction of spatially distributed phenomena
was performed on the basis of a linear system model and
on the assumption of a known excitation function. For a
successful localization of phenomenon sources, the system

model now has to be extended with an unknown excitation
function. The extension approach considered in this paper
is to define a set of parametric functions that characterize
the excitation generated by a source in dependence on its
current location gi.

For modeling sources that generate excitation only in a
spatially limited area, two parametric functions are con-
sidered. Punctuate sources are modeled by a Dirac delta
function according to

s(z,t) = I(t)6(z = 23)

where I(t) denotes the source intensity at time ¢. Further-
more, sources with a limited spatial extension are mathemat-
ically represented as a Gaussian function

I(t) exp{—(z—zi)T (%” 5(1,) (z—Zi)} :

where the spatial extension of the source is determined by
the two-dimensional width parameter ¢ = [¢,,&,]T. Ap-
plying the aforementioned methods for spatial and tempo-
ral discretization to these continuous excitation functions re-
sults in a discrete excitation vector s(z} ), which eventually
constitutes a non-linear function of the source location gz.

In source localization, the position of a source is not
known a priori. In consequence, state estimation now has
to cope with an unknown parameter, extending the model-
based reconstruction of a continuous phenomenon to a pa-
rameter estimation problem. Thereby, the position of a
source has to be estimated simultaneously to the reconstruc-
tion of the induced distributed phenomenon, based only on
phenomenon values acquired by discrete sensor measure-
ments.

s(z,t) ==

State Augmentation A common approach to parameter
estimation problems is state augmentation. In this paper,
the former state vector x,, representing the intrinsic phe-
nomenon state, is augmented by a Gaussian random vec-
tor ;2 representing the unknown source location gi. The
augmented state vector T, is then given by

L), = [@E, (éi)T]T

As a consequence of this adjustment, the system models
have to be augmented as well. Since the source location
is considered to be unknown and no further information on
the type of source movement is assumed to be given, the
movement of the source over time is modeled as a random
walk according to

s _ s s
Zp4y1 = Zp T Wi,

where w? denotes a white zero-mean Gaussian noise term.
The respective augmented system model is then given by

- A 0] . B o 3
o= [8 o o)) o
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with I, denoting the two-dimensional identity matrix. Due
to the fact that the excitation vector depends upon the un-
known source location in a non-linear manner, the state aug-
mentation results in a non-linear system model. Thus, state
estimation gets more complicated, since it can no longer be
performed by a linear Kalman filter.

The stochastic state estimation process generally consists
of two processing steps performed in an alternating fashion.
In the prediction step, the evolution of the system state over
time is determined based on the considered system model.
In the filter step, acquired measurement values are incorpo-
rated into the state estimate via Bayesian fusion. Both pro-
cessing steps result in a multi-variate density function repre-
senting the estimate of the system state. For the considered
source localization problem, the evolution of the augmented
system state &, is characterized by the non-linear system
equation (3). For such non-linear system models, a closed-
form calculation of the corresponding density functions is
not possible in general.

Gaussian Filters As a solution to this problem, approx-
imation techniques can be applied. Thereby, two alternate
approaches exist. In the first approach, the non-linear sys-
tem model is approximated by linear equations. The well-
known extended Kalman filter follows this approach. Al-
ternatively, it is possible to approximate the predicted state
density function. This latter approach is implemented by a
class of estimators known as Gaussian filters or linear re-
gression Kalman filters, respectively. Gaussian filters, such
as the unscented Kalman filter [11], approximate the pre-
dicted system state by propagating deterministically chosen
sampling points through the non-linear system model.

This Gaussian filter approach is illustrated in Figure 3.
First, a given Gaussian density function representing the
system state x, is deterministically approximated by a num-
ber of weighted sigma points gg) with weights w;. These
sigma points are then propagated through the non-linear sys-
tem model a, (- ), resulting in the predicted sigma points
g,(gl = a (g,(;)). Based on these sigma points, an approxi-
mate density function of the predicted system state x,, , ; can
be determined. For this purpose, the predicted mean &, ,
and covariance Cy ; are calculated according to

Bpyy = Y wi 2l
l T @

i_i,_l = Z Wi (&1(:3_1 - ik;.l,—l) (l](;j_l - ik-‘,—l) :

K2

Gaussian Estimator In this paper, the Gaussian Estima-
tor proposed in [12] is employed as basis for state estimation
and sensor management. In contrast to most of the existing
linear Kalman regression filters, the Gaussian Estimator al-
lows an adjustable number L of sigma points. Hence, the
Gaussian Estimator is able to capture not only higher order
moments of the original density function, but consequently
more information of the non-linear system equation as well.

sigma points

T

non-linear
. (o)
transformation

Figure 3: Density approximation and prediction step of a
Gaussian filter.

Since parts of this approximation are performed off-line, the
Gaussian Estimator constitutes both an accurate and com-
putationally efficient state estimator well-suited for a source
localization and tracking task.

A further reduction of computational complexity is possi-
ble by applying techniques like Rao-Blackwellization. Fol-
lowing the approach proposed in [13] enables the exploita-
tion of existing linear substructures in the considered sys-
tem equations. Basically, this approach allows to treat linear
and non-linear parts separately. The resulting conditional
linear state dimensions can then be processed by a Kalman
filter, which significantly reduces the overall computational
demand and simultaneously enhances the estimation accu-
racy. This extension of the Gaussian Estimator eventually
allows for a real-time localization of movable sources.

Gaussian Mixture Estimator In the case of non-linear
transformations, the processing steps in state estimation
change the type of density functions. Gaussian density func-
tions are thereby transformed into arbitrarily shaped func-
tions, like multi-modal or skewed densities. To handle this
problem, the system state ;, has to be represented by a class
of density functions that are both easy to handle and able to
capture (or at least approximate) arbitrary density functions.

A Gaussian mixture representation is one way of ful-
filling these requirements. A Gaussian mixture or Gaus-
sian sum [14] is thereby given as a weighted sum f(z) :=
ZiG:l n; N(z — &;,C¥) of G separate Gaussian density
functions V' (z — Z,, C¥) with mean &;, covariance matrice
C? and non-negative weight 7;.

In this paper, a Gaussian Mixture Estimator [12] is em-
ployed for non-linear state estimation. This estimator basi-
cally applies the previously introduced Gaussian Estimator
to each component of a given Gaussian mixture. In addi-
tion to this processing of the individual means and covari-
ances, the weights 7, . have to be updated in each time step
ti as well. For this purpose, the computationally feasible ap-
proximative approach proposed in [14] was chosen. In this
approach, at the filter step the individual weighting factors

R N(gk ~ Hi’,, HCPH" + c;;)

are calculated based on the predicted Gaussian mixture

means Z¥, and covariances C?} as well as the current mea-
Lik ik

surements y, . These weighting factors are then used for
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(a) Stationary sensor network con-
sisting of 9 (green), 25 (red) sensor
nodes and moving source (black).

(b) Percental localization accuracy
for measurements by 9 (green) and
25 (red) sensor nodes.

Figure 4: Model-based source localization and tracking.

updating the weights of the previous time step according to
Nik = Yi,k * Mik—1-

Proof of concept As a proof of concept, source local-
ization was performed by means of simulation. Con-
sidering sources of plane air or water contaminations as
well as sources of plane temperature distributions, the in-
duced distributed phenomenon p(z, ¢) was modeled by the
two-dimensional advection-diffusion-equation

Op ?p  O%p B
aﬁa+a‘(a+a -

I(t)- exp{—(z—zi)T <% gy) (Z—zi)} :

with advection velocity u := [u, u,]" and diffusion coeffi-
cient c. In simulation, the constant values of u = [—5, —8]T
and ¢ = 1 were applied to the phenomenon, and a small
Gaussian source with a constant intensity / = 1500 and
width £ = [0.1,0.1]7 was considered. This source was
able to move within a confined area normalized to the square
[—1,1] x [-1,1], as illustrated in Figure 4(a).

To acquire the induced distributed phenomenon, two sta-
tionary sensor network configurations were simulated, con-
sisting of N = 9 and N = 25 sensors, respectively, as
depicted in Figure 4(a) as well. Thereby, all the nodes of
the chosen configuration simultaneously performe measure-
ments at each time step. These measurements were per-
turbed by a measurement noise of C,, = 0.01 Iy, with
I denoting the identity matrix. For tracking the source lo-
cation, the previously derived non-linear system model (3)
with a system noise C,, = 0.1 -Ip,o was incorporated into
the Gaussian Mixture Estimator.

Op op

The tracking results for an observation period of M =
100 time steps are displayed in Figure 4(b). For both con-
sidered sensor networks, the suggested localization meth-
ods were able to accurately locate and track a moving phe-
nomenon source in real-time, i.e., with a runtime lower than
1 second per time step. As can be further seen, a larger
number of sensors indeed leads to a better rate of conver-
gence in source position. But in the long run, the localization
accuracy is similar for both sensor networks.

4 Sensor Management

In the last section, methods for locating and tracking mov-
able sources of continuous physical phenomena by dis-
tributed sensing systems have been introduced. In the fol-
lowing section, sensor management techniques are proposed
for increasing the information gain of acquired measure-
ments in source localization.

Sensor Management In application scenarios, distributed
sensor systems are often subject to resource restrictions.
Self-sufficient nodes in sensor networks, for example, are
subject to energy constraints and therefore require a careful
usage for prolonging the overall life-time of the network. On
the other hand, mobile sensors may be at hand only in small
numbers for cost reasons. In consequence, the proposed
source localization methods must be able to perform well
even with a reduced number of sensors. However, as yet in-
dicated by Figure 4(b), an unelaborate reduction of sensor
measurements leads to a significant loss of accuracy. Thus,
for accurate localization results a sophisticated selection of
measurement locations is required.

A general solution to optimal control of measurement sys-
tems is provided by sensor management. Sensor manage-
ment thereby aims at maximizing the information gain of
sensor measurements in presence of resource restrictions.
Given a finite set of possible sensor configurations U¢, sen-
sor management determines the configuration u;, € Uc re-
sulting in the maximum information gain. In the case of
source localization by means of a mobile sensor, each con-
figuration moves the sensor to a specific location, given
the current sensor position. For a given observation pe-
riod of length M, multi-step (or non-myopic) sensor man-
agement aims at maximizing the localization accuracy re-
sulting from applying a sequence of sensor measurements.
Thereby, an optimal sequence ug,.;,_; of sensor configura-
tions is determined by minimizing a chosen quality criterion
G( -) over all possible configuration sequences wg.p;_q =
(20721» . ,gM_l) of length M according to

ug.poy = arg min, (G(ug.ar—1))

The localization accuracy resulting from applying a spe-
cific configuration sequence in general depends on future
measurement values that are unavailable at processing time.
The quality criterion G(-) therefore is employed to pre-
dict the resulting localization accuracy based on a current
state estimate x,, thus allowing to compare configuration
sequences prior to measuring. In this paper, a covariance-
based quality criterion is utilized, judging localization accu-
racy in terms of the remaining uncertainty of the predicted
state estimate, e.g., by means of trace

G(ugy, ) = trace (Cy (ug.x)) »

where C7 (ug.;,) is the covariance matrix of the estimated
source location gi at time step t;, given the sequence ..

Quasi-Linear Sensor Management How to calculate a
predicted state estimate that allows for a reasonable choice
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Figure 5: Calculation of the linearization trajectory for
quasi-linear sensor management [12].

of sensor configurations is one of the central questions of
sensor management. In this paper, the quasi-linear approach
[12] to the sensor management problem in source localiza-
tion is considered. This approach is based on management
techniques applicable in the case of linear system models
perturbed by Gaussian noise.

In linear sensor management, the evolution of a
covariance-based quality criterion over a given observation
period can be determined both a priori and independently
from actual measurement values [15]. The evolution of
state covariance C7, for a sensor configuration v, is thereby
characterized by the recursive algebraic Riccati equation

Cii1(w) = AxCAL + BrCYBy — ALK H{CFAL

with K} denoting the Kalman gain as a function of the sen-
sor configuration u,,. For choosing an optimal configuration
sequence, the Riccati equation merely has to be evaluated
for all possible configuration sequences with respect to the
considered observation period. This basically can be done
by searching the tree of possible configuration sequences
with a depth of M and a branching factor of [U¢|.

By utilizing pruning algorithms in tree search, linear sen-
sor scheduling can be implemented in an efficient manner
[16]. Furthermore, model predictive control techniques [17]
allow to balance the computational burden of a tree search
against the gain of estimation quality resulting from sensor
management. In this paper, model predictive control is im-
plemented by a receding scheduling horizon P. In each time
step tx, only short configuration sequences uy.;+p—1 of a
length P < M have to be considered in tree search. This
approach then even allows for performing a sophisticated
sensor management under real-time constraints.

In the case of non-linear systems, sensor management is
clearly more complicated. The main difficulty in non-linear
sensor management is caused by the fact that here the evolu-
tion of the quality criteria is no longer independent of future
measurements. A possible way to handle this problem is
given by approximating the considered non-linear systems
by linear equations. This approach, implemented in quasi-
linear sensor management, allows for extending the advan-
tages of linear sensor management to non-linear systems.

Basically, quasi-linear sensor management applies a tech-
nique called statistical linearization for system approxima-
tion, which happens to be the same technique as employed
in the Gaussian Estimator. For one time step, statistical lin-
earization is independent of measurement values, which is
the key for implementing an efficient linear sensor man-
agement approximation to the given non-linear management
problem in source localization.

The basic idea of predictive statistical linearization is de-
picted in Figure 5. Here, the predicted system state &, ;
is calculated for all scheduling time steps t4; in the con-
sidered scheduling horizon j € {1,2,..., P} by means of a
so-called linearization trajectory of sigma points. Beginning
with the current system state x,,, the state density function
(1) is approximated by a Gaussian density function (2) and is
then represented by means of a set of weighted sigma points
{Wi ks g,(j)} (3). Recursively propagating the sigma points
{Wi k+5, g,@ j} through the non-linear system equation at
each scheduling time step ?;4; results in the desired lin-
earization trajectory (3-5). Based on this trajectory of sigma
points, the non-linear system equation (and a non-linear
measurement equation if necessary) is linearized separately
for each scheduling time step by statistical linearization.

Statistical linearization itself approximates a non-linear
transformation of random variables given by y = g(x) via
a linear equation y ~ A - & + b. For this purpose, the non-
linear transformation g( - ) is evaluated for a set of weighted
sigma points {w;, ;}, resulting in transformed sigma points
y, with unaltered weights w;. By minimizing the sum of

squared errors
~ AT ~ ~
{A, b} = argn}ipri(y,* Az, *b) (y,— Az, *b>
Ab 5 = -

between the linear and non-linear transformation for all
sigma points, the matrix A and the vector b can be deter-
mined. The solution to this equation is then given by

A =cl.c!, — A

Ty £

b =19

where the means Z, ¢ and the covariances C,, C,, are cal-
culated according to (4). The cross-covariance C,y is given
by Cpy = D wilz;, —2)(y. — ¥ T Asa result, the lin-
ezrizecf trangolrngti(;n is 2}5&‘1 gi\76)n byy = A-z + w,
where @ denotes an additional system noise with mean and
covariance matrix

w = C” = CY — AC"AT

J-A-& =1,

corresponding to the linearization error.
In summary, a quasi-linear sensor manager recursively
performs the following tasks at each time step t:
1. predictive statistical linearization over a given schedul-
ing horizon P,
2. solve the linear sensor management problem,
3. apply the first sensor configuration u;, and perform a
measurement,
4. perform (non-linear) state estimation via the Gaussian
Mixture Estimator and go back to 1.
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Figure 6: Percental localization accuracy in model-based
source localization for four different scheduling horizons.

Localization Results Concluding this section, the re-
sults of a simulated source localization and tracking by a
single mobile sensor controlled by a quasi-linear sensor
manager are presented. For this purpose, the setup de-
scribed in Section 3 was re-used, now with an observation
period of M = 150 time steps. The mobile sensor has
differential-drive kinematics and is controlled by setting its
current steering angle to one of five possible configurations
with U, = {*F|i = —2,...,2}. After changing its orienta-
tion accordingly, the sensor moves along the new direction
with a linear velocity of v = 20. In addition, the sensor is
able to measure without moving.

In Figure 6 the localization accuracy for an estimated
source location gz and a real source location g,ﬁ is depicted
in terms of the mean percental root square error

100 T
\/ k1 Zkl (EE‘Z Ziz)

with respect to the side length d of the observation area, cal-
culated over N=100 Monte Carlo simulation runs. Thereby,
three different receding scheduling horizons of length 1 to
3 and a random sensor selection were considered. It is
obvious that a single mobile sensor controlled by sensor
management in this setup is able to perform nearly as good
as a stationary sensor network consisting of 25 simultane-
ously active nodes. The actual performance thereby de-
pends on the scheduling horizon P, i.e., the longer the hori-
zon, the more accurate the localization. A more detailed
performance statistic is given in Table 1.

Figure 7 furthermore depicts two exemplary trajectories
representing the movement of the mobile sensor and the
source movement for the two scheduling horizons P =
and P = 3. For both horizons, the sensor sparsely monitors
a wide portion of the observed area at the beginning. In this
phase, the sensor sometimes stalls its movement when no
informative measurements are available. The sensor trajec-
tories significantly differ at this phase for different horizon
lengths. For P = 1, the sensor moves almost orthogonal to
the source. Due to the short horizon, the sensor is not able
to anticipate the future movement of the source. In contrast,
for a longer horizon of P = 3, the sensor is able to track

RSE(z}) i=

P runtime | goodruns | ¥ RSE | stable acc.
rand. | <O0.1s 74% 21.5% 12%

1 0.2s 90% 13.4% 10%

2 0.9s 98% 6.5% 3%

3 4.4s 100% 5.3% 2%

Table 1: Source localization by a mobile sensor controlled
by quasi-linear sensor management. Depicted are runtime
for one management step, the number of good runs, i.e., runs
where the sensor was able to follow the source, the percental
RSE averaged over the complete observation period and the
stable accuracy reach after 100 time steps.

the path of the source more accurately. In a second phase,
when estimation uncertainty decreases (or equivalent: lo-
calization accuracy increases), the sensor circles (due to its
higher velocity) the source in order to uniformly monitor the
phenomenon over a broad region. This behavior further im-
proves the localization accuracy and is more pronounced for
P = 3. It is important to note, that the sensor follows the
center of the induced phenomenon, which lies behind the
moving source due to the adversely directed advection.

5 Conclusions and Future Work

In this paper, a novel method was presented for localiz-
ing, tracking, and pursuing movable sources of spatially dis-
tributed phenomena by either a stationary network of sensor
nodes or a team of mobile sensors. The proposed approach
is characterized by the following properties:

e The numerically solved model-based approach enables
arecursive processing scheme in combination with low
measurement rates.

e Stochastic estimators allow for continually quantifying
the resulting localization accuracy by means of estima-
tion uncertainty.

e The Gaussian Mixture Estimator enables a computa-
tionally efficient recursive localization of moving phe-
nomenon sources.

o Efficient sensor management methods allow for a real-
time tracking and pursuing of phenomenon sources in
a continuous manner by mobile sensors and further fa-
cilitate an accurate source localization with a limited
number of (active) sensor nodes.

Future works is devoted to an extended parameter estima-
tion, allowing for additionally estimating phenomenon pa-
rameters such as advection velocity or diffusion coefficients
as well as the source intensity simultaneously to source lo-
calization. A further subject of future work is the task of
locating multiple sources.
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