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A Note on the Reward Function for PHD Filters

with Sensor Control
Branko Ristic, Ba-Ngu Vo, Daniel Clark

Abstract

The context is sensor control for multi-object Bayes filtering in the framework of partially observed Markov

decision processes. The current information state is represented by the multi-object probability density function

(PDF), while the reward function, associated with each sensor control (action), is the information gain measured by

the alpha or Rényi divergence. Assuming that both the predicted and updated state can be represented by independent

identically distributed (IID) cluster random finite sets (RFS’s) or, as a special case, the Poisson RFS’s, the paper

derives the analytic expressions of the corresponding Rényi divergence based information gains. The implementation

of Rényi divergence via the sequential Monte Carlo method is presented. The performance of the proposed reward

function is demonstrated by a numerical example, where a moving range-only sensor is controlled to estimate the

number and the states of several moving objects using the PHDfilter.

Index Terms

Random finite sets, Finite Set Statistics, multi-object filtering, sequential Monte Carlo method, PHD filter,

particle filter, sensor management, Rényi divergence.

I. INTRODUCTION

Sensors in modern surveillance systems are increasingly controllable. For example, a sensor can be operated in

a different mode, pointed to a different direction or taskedto move to a new location. Sensor management is the

on-line control of individual sensors for the purpose of maximizing the overall utility of the surveillance system.

Sensor management thus represents sequential decision making, where each decision generates new observations

that provide additional information. The decisions are made in the presence of uncertainty (both in the state and

the measurement space) using only the past observations. This class of problems has been studied in the framework

of partially observed Markov decision processes (POMDPs) [1]. The elements of a POMDP include the current

(uncertain) information state, a set of admissible sensor actions and the reward function associated with each action.
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The paper adopts the information theoretic approach to sensor management, where the uncertain information state

is represented by a probability density function, while thereward function is a measure of theinformation gain

associated with each action. The particular reward function adopted for this purpose is the Rényi orα divergence

[2], which for different values of parameterα reduces to the well known measures of mutual information, e.g. the

Kullback-Leibler divergence and the Hellinger affinity.

The paper considers sensor management for the purpose of Bayesian multi-object filtering. In this context, the

number of existing objects and their positions in the state-space are stochastically varying in time according to a

priori known stochastic models. The sensors are imperfect in the sense that existing targets may or may not not

be detected, while false detections are also reported with some non-zero probability. The objective of multi-object

filtering is to sequentially estimate both the number of objects in the surveillance volume of interest and their states,

using the sequence of noisy and cluttered measurement sets collected by sensors. Finite set statistics (FISST) [3] has

provided the first numerically tractable solution to this problem. FISST uses the Bayesian framework to recursively

propagate (predict and update) a multi-object probabilitydensity function using a set-valued measurement received

at each time step. The success of FISST for multi-object filtering has been demonstrated by the PHD filter [4], a

linear complexity algorithm which has already attracted significant interest with applications in robotics [5], [6],

computer vision [7], traffic monitoring [8], etc.

Sensor management in the context of the FISST multi-object Bayes filtering has been considered earlier. Mahler

put forward the idea of using the Csiszár orf -divergence as the reward function for sensor management [9].

However, he did not further develop or implement this rewardfunction; instead he introduced and focused on

theoretical foundations and applications of another reward function, referred to as the posterior expected number

of targets (PENT) [10], [11]. Witkoskie et al. [12] applied the Bayesian multi-object filter implemented via the

Gaussian mixture approximation, in conjunction with the “restless bandit” approach to sensor management, to track

moving vehicles in a road network.

This paper can be seen as a sequel to [13], in which multi-object filtering was carried out using the (full)

multi-object Bayes filter, while the reward function associated with each sensor action was computed for one step

ahead (myopic) via the Rényi divergence between the multi-object prior and the multi-object posterior FISST PDF.

The computation of both the filter and the reward function wascarried out using the sequential Monte Carlo

method. While the methodology proposed in [13] is general and accurate, it becomes computationally intractable

even for a small number of objects. Hence the current paper isdevoted to sensor management (in particular, the

reward function) for PHD filters: the computationally efficient but principled approximations of the multi-object

Bayes filter. The paper derives analytical expressions for the Rényi divergence under the assumption of independent

identically distributed (IID) cluster random finite sets (RFS’s) and Poisson RFS’s. The IID cluster RFS is the basis

of the cardinalized PHD filter [14], while its special case, the Poisson RFS, is the basis of the PHD filter [4].

Both the PHD filter and its appropriate Rényi divergence formyopic sensor management are implemented using

the sequential Monte Carlo method. A numerical example involving multiple moving objects and a controllable
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moving range-only measuring sensor is presented in supportof the proposed reward function.

The paper is organised as follows. Sec. II presents a brief background on finite-set statistics and the PHD filter.

Sec.III describes the derivation and implementation of theRényi divergence as the reward function for PHD filters

with controllable sensors. Sec.IV demonstrates the performance of the proposed reward function in the context of

multi-object nonlinear filtering with a controllable moving range-only sensor. The conclusions are drawn in Sec.V.

II. F INITE SET STATISTICS AND THEPHD FILTER

The section presents a brief overview of multi-object Bayesfiltering following [3]. A multi-object density

function f(X) is a positive real-valued function of a random finite-set variable X = {x1, . . . ,xn}, characterized

by a random number of points (objects)n ∈ N0 and random spatial locations of objectsx1, . . . ,xn ∈ X . The

multi-object density function is normalised, that is, its set integral equals unity:
∫

F(X )
f(X)δX := f(∅) +

∞∑

n=1

1

n!

∫

X × · · · × X
︸ ︷︷ ︸

n

f({x1, . . . ,xn})dx1, . . . , dxn = 1. (1)

HereF(X) is the space of finite subsets ofX , while f({x1, . . . ,xn}) is defined as the joint distribution scaled by its

cardinality distributionρ(n) = Pr{|X| = n}, i.e.f({x1, . . . ,xn}) := n!·ρ(n)·f(x1, . . . ,xn), with
∑∞

n=0 ρ(n) = 1

and
∫

f(x1, . . . ,xn)dx1, . . . , dxn = 1.

Let k be the discrete-time index. The objective of the multi-object Bayes filter [3] is to determine at each time step

k theposteriormulti-object PDFfk|k(Xk|Z1:k), whereZ1:k = (Z1, . . . ,Zk) denotes the accumulated measurement

set sequence up to timek, andXk is the RFS representing the multi-object state at timek. Measurement set at

time k, Zk = {zk,1, . . . , zk,mk
} is also modelled by a RFS; typically it contains some measurements due to objects

Xk = {xk,1, . . . ,xk,nk
}, but may also include other spurious detections, referred to as clutter.

The multi-object posterior can be computed sequentially via the cycle of prediction and update steps. Suppose

thatfk−1|k−1(Xk−1|Z1:k−1) is known and that a new set of measurementsZk, corresponding to timek, has become

available. Then the predicted and updated multi-object posterior densities are calculated as follows [3]:

fk|k−1(Xk|Z1:k−1) =

∫

Πk|k−1(Xk|Xk−1) fk−1|k−1(Xk−1|Z1:k−1)δXk−1 (2)

fk|k(Xk|Z1:k) =
ϕk(Zk|Xk)fk|k−1(Xk|Z1:k−1)
∫

ϕk(Zk|X)fk|k−1(X|Z1:k−1)δX
, (3)

whereΠk|k−1(Xk|Xk−1) is a multi-object transition density andϕk(Zk|Xk) is a multi-object likelihood function.

Eq. (2) is a Chapman-Kolmogorov equation for multi-object densities, while (3) follows from the Bayes rule.

Sincefk|k(Xk|Z1:k) is defined overF(X ), the computational complexity of the multi-object Bayes filter grows

exponentially with the number of objects and hence all practical implementations are limited to a small number of

objects [13], [15].

In order to overcome this limitation, Mahler [4] proposed topropagate only the first-order statistical moment

of fk|k(X|Z1:k), the intensity function or the PHDDk|k(x|Z1:k) =
∫

δX(x)fk|k(X|Z1:k)δX, defined overX .
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Here δX(x) =
∑

w∈X
δw(x) and δw(x) is the Dirac delta function concentrated atw. Note that the intensity

function completely characterizes the Poisson RFS. Thus ifX is a Poisson RFS, its intensity function is given by

D(x) = λ · s(x), while its multi-object PDF can be written as:

f(X) = e−λ
∏

x∈X

λ · s(x). (4)

The meaning ofλ ands(x) is as follows:λ is the Poisson average number of objects in the RFS, each distributed

according to the spatial single-object densitys(x). For a givenD(x) one can work outλ =
∫

D(x)dx and

s(x) = D(x)/λ and therefore (4) is completely determined.

PHD filter predicts and updates sequentially the intensity function. Using abbreviationDk|k(x|Z1:k)
abbr
= Dk|k(x)

for the posterior intensity function at timek, the prediction equation of the PHD filter is given by [4]:

Dk|k−1(x) = γk|k−1(x) +
〈

pS Dk−1|k−1, πk|k−1(x|·)
〉

(5)

where

• γk|k−1(x) is the PHD of object births between timek − 1 andk;

• pS(x′)
abbr
= pS,k|k−1(x

′) is the probability that a target with statex′ at timek − 1 will survive until time k;

• πk|k−1(x|x′) is the single-object transition density from timek − 1 to k;

• 〈g, f〉 =
∫

f(x) g(x) dx.

The first term on the RHS of (5) refers to the newborn objects, while the second represents the persistent objects.

Upon receiving the measurement setZk at timek, the update step of the PHD filter is computed according to:

Dk|k(x) = [1 − pD(x)]Dk|k−1(x) +
∑

z∈Zk

pD(x)gk(z|x)Dk|k−1(x)

κk(z) +
〈
pD gk(z|·),Dk|k−1

〉 (6)

where

• pD(x)
abbr
= pD,k(x) is the probability that an observation will be collected at time k from a target with statex;

• gk(z|x) is the single-object measurement likelihood at timek;

• κk(z) is the PHD of clutter at timek.

In order to derive a closed form solution for the update step,the cardinalized PHD (CPHD) filter makes the

assumption that the RFS is an IID cluster [16]. An IID clusterRFSX is completely specified by its cardinality

distributionρ(n) and the spatial single-object densitys(x) defined onX . The multi-object PDF ofX = {x1, . . . ,xn}
with |X| = n is then:

f(X) := n! · ρ(n) · s(x1) · · · s(xn) (7)

with the intensity function given by

D(x) = s(x)

∞∑

n=1

n · ρ(n). (8)

The prediction and update steps of the CPHD filter are omittedfor brevity, with full details given in [14], [17].
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III. T HE REWARD FUNCTION FORSENSOR CONTROL

A. Adopted framework

The elements of a POMDP include the current (uncertain) information state, a set of admissible sensor actions

and the reward function associated with each action. Letuk(ik) ∈ Uk(ik) denote the control vector applied

at time k to observerik ∈ {1, . . . , No} where Uk(i) is the set of admissible control vectors at timek for

observeri. The current information state is described by the predicted multi-object posterior PDF at timek,

fk|k−1(Xk|Z1:k−1), where the sequence of measurement setsZ1:k−1 was collected using the control vector sequence

u0:k−1 = (u0(i0), . . . ,uk−1(ik−1)). After processing the firstk − 1 measurement sets, the control vectoruk(ik),

to be applied at timek to observerik, is selected as

uk = arg max
v∈Uk

E[R(v, fk|k−1(Xk|Z1:k−1),Zk(v))] (9)

whereR(v, f,Z) is the real-valued reward function associated with the control v, at the time when the information

state is represented by the multi-object PDFf and when the application of controlv would result in the (future)

measurement setZ. Since the goal is to decide on the future action without actually applying any action (and

collecting any measurement sets prior to the decision), theexpectationE in (9) is taken with respect to the

measurement setZk. For computational simplicity, eq.(9) is restricted to maximization of the reward based on a

single future step only (the “myopic” policy).

The quality of estimation depends to a large extent on the choice of the reward functionR(v, f,Z) in (9). In the

information theoretic context, this function is typicallybased on theinformation gain, measured from the current

information state. For this purpose we adopt the Rényi divergence between the predicted multi-object posterior

densityfk|k−1(Xk|Z1:k−1) and the future updated posterior multi-object densityfk|k(Xk|Z1:k−1,Zk(uk)), which

is computed using the new measurement setZk, obtained after sensorik has been controlled to take actionuk(ik).

The reward function can then be written as (in order to simplify notation we suppress the second and third argument

of R):

R(uk) =
1

α − 1
log

∫

[fk|k(Xk|Z1:k−1,Zk(uk))]
α [fk|k−1(Xk|Z1:k−1)]

1−αδXk. (10)

Here 0 < α < 1 is a parameter which determines how much we emphasize the tails of two distributions in the

metric. By taking the limitα → 1 or by settingα = 0.5, the Rényi divergence becomes the Kullback-Leibler

divergence and the Hellinger affinity [18], respectively [2].

B. Ŕenyi divergence for IID cluster RFS and Poisson RFS

Let us rewrite (10) using a simpler notation:

R(u) =
1

α − 1
log

∫

f1(X;u)αf0(X)1−αδX (11)
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Suppose that both the predicted and updated multi-object PDFs are IID cluster PDFs, i.e.

f0(X) = n! ρ0(n)
∏

x∈X

s0(x), (12)

f1(X;u) = n! ρ1(n;u)
∏

x∈X

s1(x;u). (13)

This applies to the recursions of the cardinalized PHD filter. The Rényi divergence (11) can then be written as:

R(u) =
1

α − 1
log

∞∑

n=0

ρ1(n;u)α ρ0(n)1−α

[∫

s1(x;u)α s0(x)1−αdx

]n

(14)

Note that the sum in (14) is the probability generating function of the discrete distributionpα(n;u) = ρ1(n;u)α ρ0(n)1−α

with parameterzα(u) =
∫

s1(x;u)α s0(x)1−αdx.

Let us assume now that the predicted and the updated cardinality distributions are both Poisson, with meansλ0

andλ1(u), respectively, i.e.

ρ0(n) =
e−λ0λ0

n!
, ρ1(n;u) =

e−λ1(u)λ1(u)

n!
. (15)

This corresponds to the assumption that both the predicted and updated RFSs are Poisson RFSs, and applies to the

recursions of the PHD filter. As stated earlier, in this case

λ0 =

∫

D0(x)dx, λ1(u) =

∫

D1(x;u)dx, (16)

which follows from (8) since boths0(x) and s1(x;u) are normalised densities. The Rényi divergence (14) for

Poisson RFSs is then:

R(u) =
1

α − 1

{

−λ1(u)α − λ0(1 − α) + log

∞∑

n=0

1

n!

[∫

λ1(u)α s1(x;u)α λ1−α
0 s0(x)1−αdx

]n
}

(17)

which using identityex =
∑∞

n=0
xn

n! simplifies to:

R(u) = λ0 +
α

1 − α
λ1(u) +

λ1(u)αλ1−α
0

α − 1

∫

s1(x;u)α s0(x)1−α dx. (18)

Let us now summarize the main steps of the PHD filter with sensor management. After performing the PHD

update according to (5), the next sensor control vector is selected as:

uk = arg max
v∈Uk

E[R(v)] (19)

where

R(v) =

∫

Dk|k−1(x)dx +
α

1 − α

∫

Dk|k(x;v)dx − 1

1 − α

∫

Dk|k(x;v)α Dk|k−1(x)1−α dx (20)

andDk|k(x;v) is a shortened notation forDk|k(x|Z1:k−1,Zk(v)), computed via the PHD filter update equation (6).

Note that the adopted framework for sensor control is directly applicable to multiple observers if the fusion archi-

tecture is centralised and the measurements from differentsensors/observers are asynchronous (non-simultaneous)1.

1For simultaneous multi-sensor measurements the PHD filter update has no closed form solution, see [19].
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Observe from (20) that if the predicted and updated intensity functions are equal, i.e.Dk|k−1(x) = Dk|k(x;u),

thenR(v) = 0. For 0 < α < 1, the third integral on the RHS of (20) is limited as follows:

0 ≤
∫

Dk|k(x;u)α Dk|k−1(x)1−α dx ≤
[∫

Dk|k(x;v)dx

]α [∫

Dk|k−1(x)dx

]1−α

(21)

Hence, the Rényi divergence in (20) will have the maximum value if the support of the predicted PHD and the

support of the updated PHD do not overlap, that is
∫

Dk|k(x;u)α Dk|k−1(x)1−α dx ≈ 0. The theoretical asymptotic

analysis of the locally optimum value ofα [20] shows thatα = 0.5 provides the best discrimination between the

two densities under consideration.

C. SMC implementation

The sequential Monte Carlo (SMC) method provides a general framework for the implementation of PHD filter

recursions in (5) and (6). The resulting class of SMC-PHD filters have received considerable interest recently, see

for example [21]–[25]. Assuming the PHD filter has been implemented by the SMC method, this section provides

a brief description of the SMC implementation of the sensor control aspect, in particular eqs. (19) and (20).

Assume a set of weighted random samples (particles){wi
k|k−1,x

i
k|k−1}N

i=1 approximates the predicted intensity

function:

Dk|k−1(x) ≈
N∑

i=1

wi
k|k−1δxi

k|k−1

(x) (22)

whereδx0
(x) is the Dirac delta function. For a “future” measurement setZk(v), obtained upon the execution of

actionv ∈ Uk, the updated intensity function is approximated as:

Dk|k(x) ≈
N∑

i=1

wi
k|kδxi

k|k−1

(x) (23)

where the weightswi
k|k are computed according to (6) as:

wi
k|k = [1 − pD(xi

k|k−1)]w
i
k|k−1 +

∑

z∈Zk(v)

pD(xi
k|k−1) gk(z|xi

k|k−1)wi
k|k−1

κk(z) +
∑N

i=1 pD(xi
k|k−1) gk(z|xi

k|k−1) wi
k|k−1

. (24)

Note from (22) and (23) that an identical set of particles is used in approximating bothDk|k−1(x) andDk|k(x) -

only particle weights are different. This is particularly convenient for the computation of the Rényi divergence in

(20), as its Monte Carlo approximation can then be written as:

R(v) ≈
N∑

i=1

wi
k|k−1 +

α

1 − α

N∑

i=1

wi
k|k −

1

1 − α

N∑

i=1

(

wi
k|k

)α (

wi
k|k−1

)1−α

. (25)

While the first two terms on the RHS of (25) are straightforward, in the light of the recent discussion in [26], the

third term deserves further explanation, see Appendix.

The question remains how to carry out the expectationE over the future measurement setsZk(v) in (19). One

approach is to generate an ensemble ofZk(v), for given clutter intensityκk(z), probability of detectionpD and the

measurement likelihoodgk(z|x). This, however, would be computationally very intensive. Instead, thepredicted
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ideal measurement setapproach [9] is adopted here. The idea is to generate only onefuture measurement set for

each actionv, the one which would result under the ideal conditions of no measurement noise, no clutter and

pD = 1. Suppose a measurement due to a single object can be expressed asz = h(x̂) + ζ, wherez ∈ Zk(v),

x̂ ∈ X̂k|k−1 is the predicted state of a detected object (henceX̂k|k−1 is the predicted multi-object state), andζ is

measurement noise. Then for each actionv an ideal measurement set at timek would be [9]:

Zk(v) = ∪
x̂∈X̂k|k−1

{h(x̂)} (26)

This approach requires the estimateX̂k|k−1 (the estimate of the number of predicted objects and their state vectors).

An efficient (fast and accurate) method for multi-object estimation in the SMC framework is presented in [24].

IV. N UMERICAL EXAMPLE

In order to demonstrate the proposed reward function, consider the problem where a controllable moving observer,

equipped with a range-only sensor, is tasked to estimate thenumber of objects in a specified surveillance area and

their positions and velocities. A single-object state is then a vectorx = [p⊺ v⊺]⊺, wherep = [x y]⊺ is the position

vector,v = [ẋ ẏ]⊺ is the velocity vector, and⊺ denotes the matrix transpose.

Suppose the position of the observer isu = [χ γ]⊺. The sensor is capable of detecting an object at locationp

with the probability:

pD(p) =







1, if ||p− u|| ≤ R0

max{0, 1 − (||p − u|| − R0)~}, if ||p− u|| > R0

(27)

where ||p − u|| =
√

(x − χ)2 + (y − γ)2 is the distance between the observer and object. In simulations we

adopt a surveillance area to be a square of sidesa = 1000m, with R0 = 320m and~ = 0.00025m−1 . The range

measurement originating from an object at locationp is then z = ||p − u|| + ζ, where ζ is zero-mean white

Gaussian measurement noise, with standard deviation givenby σζ = σ0 + β||p − u||2. In simulations we adopt

σ0 = 1m andβ = 5 · 10−5m−1. Then the single-object likelihood function isgk(z|x) = N (z; ||p − u||, σ2
ζ ). The

sensor reports false range measurements, modelled by a Poisson RFS. The intensity function of false measurements

κ(z) = µ · c(z) is specified by uniform density from zero to
√

2a, i.e. c(z) = U [0,
√

2a]), with meanµ = 0.5.

There are five objects in the surveillance area, positioned relatively close to each other. Their initial state vectors

are (the units are omitted):[800, 600,−1, 0]⊺, [650, 500, 0.3, 0.6]⊺, [620, 700, 0.25,−0.45]⊺, [750, 800, 0,−0.6]⊺,

and [700, 700, 0.2,−0.6]⊺. The objects move according to the constant velocity model.The observer enters the

surveillance area at position(10, 10)m. Figure 1 show the location of objects (indicated by asterisks) and the

observer path, afterk = 8 time steps. Current measurements are represented by arcs (dashed blue lines).

The described scenario for numerical simulations is designed for a good reason. In order to achieve a high level

of estimation accuracy using the PHD filter, the observer (sensor) needs to move towards the objects and then to

remain in their vicinity, because in doing so,pD will be high andσζ will be low. A sensor control policy that does

not follow this trend will result in a poor PHD filter error performance.
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Fig. 1. The position of objects and the observer at timek = 8; current measurements are represented by arcs (dashed bluelines)

The details of the SMC-PHD filter for multi-object filtering are described in [24], [27]. The number of particles

is 200 per estimated number of objects. The probability of survival is set topS = 0.99, and the transition density

is πk|k−1(x|x′) = N (x;Fx′,Q), where

F =











1 0 T 0

0 1 0 T

0 0 1 0

0 0 0 1











, Q = q











T 3/3 0 T 2/2 0

0 T 3/3 0 T 2/2

T 2/2 0 T 0

0 T 2/2 0 T











with q = 0.05 andT = 1s. The object birth intensity is driven by measurements [24].

The set of admissible control vectorsUk is computed as follows. If the current position of the observer is

vk = [χk γk]
T , its one-step ahead future admissible locations are:

Uk =
{

(χk + j∆R · cos(ℓ∆θ), γk + j∆R · sin(ℓ∆θ)) ; j = 0, . . . , NR; ℓ = 1, . . . , Nθ

}
(28)

where∆θ = 2π/Nθ and ∆R is a conveniently selected radial step size. In this way the observer can stay in its

current position(j = 0) or move radially in incremental steps. The following valueswere adopted in simulations:

NR = 2, Nθ = 8 and∆R = 50m. In this way17 control options are considered at each time step and for each

of them, the reward function is computed as described in Sec.III-C. If a control vectoruk ∈ Uk is outside the

specified surveillance area, its reward is set to−∞; in this way the observer is always kept inside the area of

interest.

The comparative error performance of the SMC-PHD filter using three different reward functions for observer

control is discussed next. In addition to the Rényi divergence based reward, we considered (1) a uniform random

scheme; (2) the PENT criterion. The uniform random selects the control vector randomly from the setUk. The

PENT was introduces for the control of sensors with a finite field-of-view (FoV), for the purpose of selecting the
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action which will maximize the number of objects to be seen bythe sensor [10]. Since our sensor does not have

a finite field of view, this reward function turns out to be independent of action and hence is expected to perform

poorly.

The adopted performance error metric is the optimal sub-pattern assignment (OSPA) metric [28]. The OSPA

measures the error between the estimated and the true multi-target states,̂Xk andXk, respectively. Fig.2.(a) shows

the temporal evolution of the OSPA error (order parameterp = 2 and cutoffc = 100m) averaged over 200 Monte

Carlo runs for the three contesting reward functions. The corresponding localisation error and cardinality errors are

shown in Fig.2.(b) and (c) respectively. Initially the OSPAerror is large (for all three reward functions) reflecting

the initial uncertainty about the number of objects and their states. As the time progresses and measurements are

collected, the PHD filter using the Rényi divergence (α = 0.5, α → 1) as the reward function performs superior to

the other two schemes. This is so because the Rényi divergence immediately controls the observer to move towards

the objects and then to zigzag in their vicinity in order to perform accurate localisation based on range-only

measurements. Comparing the two OSPA error curves for Rényi divergence, note that theα = 0.5 case converges

quicker to the steady-state error (which is approximately attained fork > 25) than theα → 1 case.

V. CONCLUSION

The paper considered information theoretic sensor management for multi-object Bayes filtering. In this context,

analytic expressions for Rényi divergence between two Poisson random finite sets and between two IID cluster

random finite sets, have been derived. These expressions canserve as measures of information gain between the

predicted and updated multi-object posterior densities inthe PHD filter or the cardinalized PHD filter, respectively. In

the context of partially observed Markov decision processes, they represent the rewards associated with each future

sensor action. The numerical example demonstrated the effectiveness of the proposed reward function for PHD

filtering with a controllable moving observer. Future work will investigate computationally efficient solutions for

PHD filtering with (1) multiple steps ahead sensor control and (2) sensor control in distributed fusion architecture.

APPENDIX

The problem is Monte Carlo approximation of the integral

I =

∫

Dk|k(x)α Dk|k−1(x)1−α dx,

which features in the third term on the RHS of (20). We adoptedapproximations (22) and (23) forDk|k−1(x)

andDk|k(x), respectively. Note that in both of these approximations, the same supporting particle set{xi
k|k−1; i =

1, . . . , N} is used. Then we have:

I ≈
∫
[

N∑

i=1

wi
k|k δxi

k|k−1

(x)

]α [ N∑

i=1

wi
k|k−1 δxi

k|k−1

(x)

]1−α

dx (29)
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Fig. 2. Error performance of the three contesting reward functions (averaged over 200 Monte Carlo runs): (a) OSPA metrics; (b) Localisation

error; (c) Cardinality error

Note that when a sum of delta functions is raised to an exponent, the “cross-terms” vanish due to the different

support of delta functions. Hence we can write:

I ≈
∫
(

N∑

i=1

(

wi
k|k

)α

[δxi

k|k−1

(x)]α

) (
N∑

i=1

(

wi
k|k

)1−α

[δxi

k|k−1

(x)]1−α

)

dx (30)
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When the two sums of delta functions are multiplied, the “cross terms” again vanish for the same reason and the

approximation simplifies to:

I ≈
∫ N∑

i=1

(

wi
k|k

)α (

wi
k|k−1

)1−α

δxi

k|k−1

(x) dx (31)

=
N∑

i=1

(

wi
k|k

)α (

wi
k|k−1

)1−α

. (32)

The last expression features in the third term on the RHS of (25).
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