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ABSTRACT sensor collects an enormous amount of data and the desire is

In region surveillance applications, sensors oftentimes accii¢ Most effectively process that data to determine the con-
mulate an overwhelmingly large amount of data, making it€nts of the sur_ve_zlll_ance region. Due to the sheer amount of
infeasible to process all of the collected data in real-timedata collected, itis infeasible to simply process all of the data
For example, a multi-channel synthetic aperture radar (SARJrough all of the available exploitation algorithms. There-
flown on an airborne platform could receive on the order of0'€, @ method of selecting which part of the collected data to
10 GBits of data per second. This data can be exploited in Br0Cess, which processing algorithm to use, and what para-
number of ways (e.g., constructing a detected image, applying€ter settings are best is required. .

an ATR algorithm, or performing moving target processing) !N this paper, we propose a method of processing man-
each of which requires significant computational resourcegément (i.e., selecting how to use the available processors)
Given the enormous amount of data and the correspondingR2sed on predicting the amount of information flow that will
large number of potential exploitation algorithms, there simJesult from each candidate processing action and selecting the

ply are not enough computational resources to process all §€st. Information flow is a nice metric for a number of rea-
the data with all possible exploitation algorithms. sons. First, it ably balances the desire to sharpen ones esti-

The natural question then becomes one of how to modhate about the number of targets with the desire to sharpen
effectively utilize limited processing resources so as to facil£stimates about the kinematic states (i.e., position and veloc-
itate real time exploitation of the collected data. This papef) and the classification of each target [1]. Second, infor-
presents an information theoretic approach for processing aflation theoretic methods have been shown to bound any risk
tion selection which is predicated on predicting the amount oP@sed criteria, and hence they provide a universal metric [2].
information flow each potential processing action is expecte@ther relevant work focuses on the dual problem of sensor
to generate. The aim is to select those exploitation algorithm@lanagement, e.g., [3, 4]. _ .

(and, in general, the physical region and algorithm parameter This paper proceeds as follows. Section 2 provides a

settings) that will be most useful in refining the underlying esCUrsory overview of Bayesian filtering for target state esti-

timate of the surveillance region state. We show by simulatiofn@tion. The main idea is to construct a probability density

on a model problem that the information theoretic method igvhich describes the state of a moving target by synthesizing

able to outperform other methods of processing selection, S€NSor measurements, sensor models, and target models opti-
, , mally. Section 3 provides the new work reported in this paper.

Index Terms— resource management, information the-rne principle is to use information theory to predict which
ory, particle filtering, joint multitarget probability density, mul- 5o cessing action will be the most useful, and to then select
titarget tracking that processing action from the host of candidate actions. Sec-

tion 4 provides a simple simulation result on a model problem
1. INTRODUCTION that illustrates the efficacy of the proposed method.

This paper is concerned with the problem of using limited
processing resources most effectively. The method we pro-
pose 1s a novellcomblnatl.on Of, p'red!ctlve ‘?'e”S'W _esnma'For simplicity of exposition, we consider here the single tar-
tion and information theoretic optimization which predicts the

t of inf tion that i ted 1 b ined f ﬁaet tracking problem, where it is knovapriori there is one
amount otinformation that 1S expected to be gained for eac rget and furthermore the initial state is also known. These
candidate method of resource utilization.

assumptions are made for notational simplicity and can be

We focus on a region surveillance application, where a'ﬁr'(glaxed. See, for example, [5] where the joint multitarget de-

airborne sensor (or collection of airborne sensors) is charge[ ction and tracking problem is treated fully using the same
with detecting, tracking, and classifying moving targets. Eacr?nethods given here

The authors can be reached{akreuche kmcarté@umich.edu In the Bayesian approach, one constructs the probability
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densityp(z*|Z*) recursively. This describes the probability target state. It is for this reason, that we suggest a method of
a target is in state at timek given the set of all observations processing management based on information theory.
made up to and including time denotedZ*. The target state The main idea of the information theoretic approach to
x may, for example, consist of a two dimensional position angrocessing management is as follows. Given a prediction of
velocity, i.e.,r = [x,x',y,y’]. We leave this general for the the target stat@(z*|Z*~1) and a model on how the sensor
time being. The observation histoff is a combination of all  worksp(z*|z*), we predict (in advance) what processing ac-
observations made previously, i.&" = Ui—1..x 2zi» where  tion r will yield the maximum benefit, where benefit is mea-
eachz; can be a scalar, vector, or matrix. In our context, arsured in terms of information flow. This is done by measuring
observation:;, occurs when a decision is made to use the dat¢he information flow between the prior densjtyx*|Z*~1)
received at timeé: with a particular exploitation algorithm and the posterigs(z*|Z*). Large information flow indicates
Notionally, the probability density is constructed recur-that the new observation has added significant information
sively by first applying the Chapman-Kolmogorov temporal(i.e., significantly reduced uncertainty). Of course, one can-
update (i.e., prediction): not compute the amount of information flow until after the
processing action is taken and the actual observattois
p(a®| 251 = /dxp(kakfl)p(xkflwkfl) ) mgde. We _therefore propose to computeetk!pectedamount_
of information flow that would result if a particular processing
decision was made and use this to decide which processing

and then the measurement update using Bayes’ rule: :
action to take.

p(a*|Z* )p(eF|ab)
p(2*|ZF)

This recursion is based on the target motion modeln our approach, the calculation of information gain between
p(z*|z*~1) which describes probabilistically the state of atwo densitiesp; andpy is done using the &yi information
target at a future time conditioned on its current state, and th@ivergence [1], also known as thedivergence:
sensor modes(z* |z*) which describes the coupling between 1
a sensor's measurements and the unknown state. D, (p1||po) = 1n/p’f(x)pé_a(x)dx . @

In the case where the state transition dengity”|z*~!) a—1

and the measurement likelihopdz*|z*) are of a particular The functionD,, in eq. (4) is a measure of the divergence
form (linear and Gaussian), these equations yield the confetween the densitigg andp; . In the present application, we
monly used Kalman Filter recursions. In this case, the probggish to compute the divergence between the prediction den-
bility density can be represented exactly by its mean and CGsity p(2*|Z*—1) and the updated density after the observation

variance. In the more general case, an alternative method i$ is made when performing processing actidi denoted
required. In this work, we choose to represent the (potentiall)g zk|Zk=1, 2k rk). Notice that we now include the process-

non-Gaussian) state probability density using a particle filteing action taken at time, r*, explicitly into the notation for
The particle filter representation says the probability dens'tY:Iarity. This divergence measures the amount of information

kizky _
p(z"|27) = ) 3.1. The Renyi Divergence

is approximated by a set of weighted samples, i.e., that the new observation has provided and allows us to rank

N the utility of different processing decisions according to the
2| 7)) ~ wosle — ) 3 information flow they produce. The relevant divergence for
p(l2) Zl 0 2 ®) our setting is thus given by
p_
To do this tractably (especially in the multitarget case), p_ (p(.|Zk’*1,kak)Hp(.‘Zk*l)) - 1 ~ (5)

one requires a sophisticated approach to constructing the im- ' a—1

por_tance (sampling) density. The details of this approach are ln/pa(z’ﬂZ’“*l, 2k ypl=a (k| ZE L) dek

omitted here, but can be found elsewhere [5].

Using Bayes’ formula (eq. (1)), we obtain

3. INFORMATION THEORY FOR PROCESSING
MANAGEMENT 1

a—1

Da(p(1257, 7%, ) p(12571) =
iy (tepresented by & set of weighted sampies) on the target 1 i [ (e s 4)p(a 25 x|

i X pe(2k| Zk=1 rk)
statex conditioned on all observations made. Conceptually
speaking, if this probability density has high entropy, it rep-which shows that the ingredients to computing the divergence
resents great uncertainty in the target state. Analogously, @e the prediction densify(z*|Z*~1), the measurement like-
low entropy density implies high level of certainty about thelihood p(z*|z*,7*) and the received observatiops. Under

X (6)



the particle filter approximation to the posterior, this integral HEEEEE;E IV, > MDVET,
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3.2. Expected Renyi Divergence for a Processing Action T -

To determine the best action to take next, we must in fact pre EI i
dict the value of taking action* before actually makinghe Streak Product

observatior*. Therefore, we calculate tlexpected valuef

the divergence for each possible action and use this to sele€lg. 1. The simulation setup. An airborne platform is to track
the next action. The expectation may be written as an integra moving target. Due to computational limitations, it must
over all possible outcomed when taking action* as choose which exploitation algorithm to use at each time step.

E| Da (pC12 5 1) 2| =

In SAR mode, a target moving with sufficient cross radial
/dzkp(z’ﬂZk‘l)Da (p(-|Zk_1, 2", rk)Hp(-\Zk_l)> . velocity with respect to the sensor is detectable using “streak-
detection” with probabilityPy 7 #EAK  The sensor resolution
. . . . i i i i STREAK STREAK
The expectation is across the observation vafuand is (p'gglR%'i‘? IS g'Ve”C%ng anddy , Where
to be interpreted as a conditional expectation where the pat” >>ST%/5 P Each pixel has a false alarm
observationsz*~1, past sensor actions, and current sensingroPability of p7 - This sensor model simulates the
actionr* are known. processing steps done to construct a SAR image and extract
Then the method of scheduling we advocate is to choosB10Vers using a technique known as streak detection.

the best action* as the one that maximizes the expected gain "€ initial target position is known, but its subsequent
in information. i.e. motion is not. The target moves along a trajectory that at

some points has it moving radially away from the sensor and
¥ = arg max (9)  atother points cross-radially, as shown in Figure 2.
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Under the assumption thatis thresholded (i.e; = 0 or
z = 1for a detection and non-detection, respectively), and us-
ing the particle filter approximation, this expectation becomes
a simple discrete sum.
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4. SIMULATION RESULTS
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Y position (cross-radial direction)

This section presents a simulation result illustrating the infor-
mation theoretic method of processing management.
We consider the model problem illustrated in Figures 1 ‘ ‘ ‘ ‘ ‘
and 2. There is a single airborne sensor charged with track- 200 x“ggsmon (?fé?m direc%%% 1000 1200
ing a moving ground target. The sensor has two “modes”:
a ground moving target indication (GMTI) mode, and a syn-ig. 2. The trajectory of the moving target. The target moves
thetic aperture radar (SAR) mode. both radially and cross radially at different times leading to
In GMTI mode, a target that is moving with sufficient ra- the need to intelligently select the sensing modality.
dial velocity with respect to the sensor is detectable with prob-
ability P#MTT, The sensor resolution (pixel size) is given by
dzCMTT anddy“MTI, Each pixel has a false alarm proba- ~ We are interested in a method of processing manage-
bility of PF*MTT. This sensor model simulates the processingnent that most effectively makes use of the limited ability
steps done to construct an MTI image and extract the movert process data. It is assumed for the purposes of this simu-
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lation that it is computationally infeasible to simply process 1r
the collected data with both methods, and hence we need to  o.98}
select whether to use SAR or GMTI at each time step of the 44|
algorithm (on the fly). We compare the performance of the & 0.4l
following methods: =
© 0.92r
e A method that always uses SAR “gf’ 0.9
=
£20.88f
¢ A method that always uses GMTI 5
2 0.86F
e .
¢ Arule-based method, which computes the MMSE esti- ~ ® o.ga . BothAlgorithme
mate of target velocity and selects SAR or GMTI based 0.82l| 7= Rule-Based Selection
. . . . : GMT!I Algorithm Only
on radial and cross radial velocity estimates. Streak Algorithm Only ‘ ‘
O'80 20 40 60 80 100
Time

e The information theoretic method, which computes the
expected gain in information for SAR and GMTI and

selects the one that is expected to maximize informaFid- 3. The information threoretic method of process-
tion flow. ing action selection outperforms other methods of choosing

processing mode. The upper bound of performance (achieved
e A method which uses both the SAR and GMTI modesusing both processing modes at each time) is shown for com-
(this approach, assumed infeasible, provides an uppéarison.
bound of performance).

Figure 3 shows the performance of each of the methOd‘?ather than simply information flow) is required. This ques-

as measured by the ability to successfully track a single mo“[éon belongs in the more general class of extensions of the ap-

ing target. As expected, the (assumed infeasible) metho ht ltiost timization (instead of dilv ch

that uses both processing algorithms provides the best pé?[oac O MUIL-SIEp optimization (instead of greedily choos-
. . ing the next best action).

formance. Correspondingly, the methods that simply use one

mode exclusively perform very poorly. The SAR method

loses the target when its cross radial velocity is low while 6. REFERENCES
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