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Tracking multiple moving objects in complex environments is a key objective of
many robotic and aerospace surveillance systems. In the Bayesian multi-object
tracking framework, noisy sensor measurements are assimilated over time to form
probabilistic beliefs, namely probability densities, of the multi-object state by
virtue of Bayes’ rule. This dissertation shows that, using probabilistic beliefs and
environmental feedback, intelligent sensors can also optimize the value of informa-
tion gathered in real time by means of information-driven control. In particular,
it is shown that in object tracking applications, sensor actions can be optimized
based on the expected reduction in uncertainty or information gain estimated
from probabilistic beliefs for future sensor measurements. When compared to tra-
ditional estimation problems, the problem of estimating the information value for
multi-object surveillance is more challenging due to unknown object-measurement
association and unknown object existence. The advent of random finite set (RFS)
theory has provided a formalism for quantifying and estimating information gain
in multi-object tracking problems. However, direct computation of many relevant
RFS functions, including posterior density functions and predicted information
gain functions, is often intractable and requires principled approximation.

This dissertation presents new theory, approximations, and algorithms related
to autonomous multi-sensor multi-object surveillance. A new approach is presented

for systematically incorporating ambiguous inclusion /exclusion type evidence, such



as the non-detection of an object within a known sensor field-of-view (FoV). The
resulting state estimation problem is nonlinear and solved using a new Gaussian
mixture approximation achieved through recursive component splitting. Based on
this approximation, a novel Gaussian mixture Bernoulli filter for imprecise mea-
surements is derived. The filter can accommodate “soft” data from human sources
and is demonstrated in a tracking problem using only natural language statements
as inputs. This dissertation further investigates the relationship between bounded
FoVs and cardinality distributions for a representative selection of multi-object
distributions. These new FoV cardinality distributions can be used for sensor
planning, as is demonstrated through a problem involving a multi-Bernoulli pro-
cess with up to one hundred potential objects.

Finally, a new tractable approximation is presented for RFS expected informa-
tion gain that is applicable to sensor control in multi-sensor multi-object search-
while-tracking problems. Unlike existing RF'S approaches, the approximation pre-
sented in this dissertation accounts for multiple measurement outcomes due to
noise, missed detections, false alarms, and object appearance/disappearance. The
effectiveness of the information-driven sensor control is demonstrated through a
multi-vehicle search-while-tracking experiment using real video data from a remote

optical sensor.
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CHAPTER 1
INTRODUCTION

Beginning with the seminal work of Rudolf Kalman in 1960 [59], state esti-
mation theory has enabled the development of algorithms that are now ubiqg-
uitous in modern robotic and aerospace systems. In particular, the state es-
timation problem known as object tracking [7] is characterized by the estima-
tion of the motion of remote objects that are subject to unknown random in-
puts. Many tracking applications also require the simultaneous estimation of
multiple objects’ states. Such problems are the subject of multi-object (a.k.a.
multitarget) tracking theory [88, 15, 16, 9], as pioneered by Bar-Shalom in the
1970s [8, 9]. Multi-object tracking problems arise in a broad range of important
and timely applications, including but not limited to space situational awareness
(SSA) [26, 46, 45, 38, 39, 98, 66, 64, 63, 20|, ground vehicle tracking [29, 69, 68, 13],
terrain navigation [77, 78], simultaneous localization and mapping (SLAM) [44, 31],
cell microscopy [52], anti-submarine warfare [30], maritime ship tracking [27],
swarm control [28, 35], pedestrian tracking [87, 82, 53], audio processing [22],
and cyber-security [36]. While intimately linked, multi-object tracking theory is
a nontrivial generalization of traditional tracking and estimation theory. This ad-
ditional complexity is partly due to the unknown origin of measurements that is
fundamental to multi-object problems, and which generally requires combinatorial

optimization over measurement/track assignments.

Modern surveillance systems increasingly employ autonomous and reconfig-
urable sensors that are able to control the quality of future measurements by
deciding sensor mode and motion variables, such as translation, rotation, zoom,

beam-forming, and frequency selection. In principle, a so-called intelligent sensor



can automate the selection of measurements through feedback control such that it
collects the most relevant and informative measurements based on the underlying
estimation objective. In information-theoretic planning and control [48, 75, 34],
sensing actions are determined based on theoretically rigorous objectives that quan-
tify the information value of measurements under each possible sensor state. In
contrast, task-driven control policies are developed to be tailored to a specific sen-
sor and application and often do not generalize beyond the original scope for which

they were designed.

Recently, random finite set (RFS) theory has emerged as a powerful and
unifying Bayesian framework for solving multi-sensor multi-object tracking and
information-driven control problems [41, 74, 75]. Central to RFS theory is the
representation of state and measurement as finite sets, whose elements and size
are random quantities. By this representation, the uncertainties associated with
dynamic disturbances, object appearance/disappearance, measurement noise, spu-
rious detections, and missed detections are all captured by set-based multi-object
density functions. Equipped with the RFS, multi-object density, and the appro-
priate set calculus, the concepts of divergence and information gain are then ele-
gantly lifted from traditional estimation theory to the complex multi-sensor multi-
object setting, enabling, in principle, theoretically rigorous multi-sensor multi-

object information-driven control [92, 11].

Despite the power of the RFS information-driven control formulation, signif-
icant challenges arise its application to real-world search-while-tracking (SWT)
problems. RFS tracking algorithms are predominantly implemented in either par-
ticle [111] or Gaussian mixture (GM) form. GM implementations offer distinct

advantages over the former. GM representations are not as severely limited by



the curse of dimensionality, are generally more computationally efficient, and are
conducive to meaningful multi-sensor fusion. Yet existing GM RFS multi-object
trackers lack the ability to account for bounded sensor field-of-view (FoV) geom-
etry and are ill-suited for incorporating soft data from human sources or other
forms of imprecise information. Furthermore, while RFS information gain func-
tions are symbolically simple expressions, no computationally practical approaches
exist for accurately approximating the ezpected information gain, which is the foun-
dation of information-driven control objectives [49, 34]. The intractability of REF'S
information gain expectations is further exacerbated when considering the joint
information value from multiple sensors, particularly when sensor FoVs overlap.
Thus, principled and accurate approximations of the expected information gain

are needed to enable real-time information-driven control.

Chapter 3 presents new methods for incorporating imprecise and negative infor-
mation in GM based RF'S filtering. The approach recursively splits GM probability
density function (pdf) components near sensor FoV boundaries such that the in-
formation content of non-detections can be leveraged in a Bayesian framework.
The developed approach is more generally applicable to broad categories of in-
clusion/exclusion type evidence in GM RFS filtering. To demonstrate this fact,
a novel GM Bernoulli filter for imprecise measurements is derived and demon-
strated in a tracking problem where measurements take the form of natural lan-
guage statements from human observers. The role of bounded FoV geometry is
also considered in the context of object cardinality distributions. Using finite set
statistics (FISST), expressions are derived for describing object cardinality proba-
bilities within bounded FoVs, which may be used as general figures of merit or as

a principled basis for sensor placement.



Chapter 4 presents a novel information-theoretic approach to single-sensor
multi-object autonomous SWT. Existing RFS sensor control research has largely
focused on the development of information gain functions for a variety of prior dis-
tribution classes. Yet, little attention has been given to computationally tractable
techniques for accurately forecasting information gain in these settings. As such,
this work presents a new principled approximation of the multi-object information
gain expectation, which is shown to lead to improved tracking performance in an
experiment using real video data. A new joint probabilistic representation for dis-
covered and undiscovered objects is proposed within this framework that enables
efficient SWT and more readily scales to large geographic regions compared to

existing representations.

Building on the theory developed in Chapter 4, Chapter 5 presents a derivation
of information gain functions and approximate expectations for autonomous multi-
sensor multi-object SWT. The multi-sensor control problem is shown to be a
nontrivial extension of the single-sensor problem, particularly when sensor FoVs
are not restricted to be disjoint. Thus, additional constraints and optimization
techniques are required to enable computationally practical solutions. The multi-
sensor control approach is demonstrated in an SWT problem, and the performance
is compared for different numbers of sensors. An analysis shows the importance
of allowing dynamic sensor FoV overlap, which in many instances provides higher

information value than disjoint sensor coverage.



CHAPTER 2
BACKGROUND

2.1 Notation

Throughout this dissertation, single-object states are represented by lowercase let-
ters (e.g. x, x), while multi-object states are represented by italic uppercase let-
ters (e.g. X, X). Bold lowercase letters are used to denote vectors (e.g. X, y), and
bold uppercase letters are used to denote matrices (e.g. P, A). The accent “°” is

used to distinguish labeled states and functions (e.g. f , T, X ) from their unlabeled

equivalents. Spaces are represented by blackboard bold symbols (e.g. X, LL).

For brevity, the multi-object exponential notation,
nt & 1] h(a) (2.1)
acA

where A £ 1, is adopted throughout. For multivariate functions, the dot “-”

denotes the argument of the multi-object exponential, e.g.:
[g9(a,-,e)]” = [ [ g(a, b, c) (2.2)

beB

The exponential notation is used to denote the product space, X" = J["(Xx).
Exponents of finite sets are used to denote finite sets of a given cardinality, e.g.
| X™| = n, where n is the cardinality. The set of natural numbers less than or equal

to n is denoted by
N, £ {1,...,n} (2.3)

The operator diag(-) places its input on the diagonal of the zero matrix. The



Kronecker delta function is defined as
N 1, ifb=a
da(b) = (2.4)
0, otherwise

for any two arbitrary vectors a, b € R™. The inner product of two integrable

functions f(-) and ¢(-) is denoted by

(f.g) = / F()g(x)dx (2.5)

2.2 Bayesian State Estimation

The Bayesian approach to state estimation is distinct from central-moment-based
approaches such as the Kalman filter, extended Kalman filter (EKF), and un-
scented Kalman filter (UKF), in that it constructs the full posterior pdf at each
time step given all available measurement information up to the present time. In
the Bayesian approach, both the state x; € R" and measurement z; € R"* evolve

stochastically according to a sequence of conditional probability distributions [96]

Xp, ~ Pr—1(Xe[Xp-1) (2.6)
Zr ~ gr(Zk|Xk) (2.7)
for k =1,2,..., where py_1(xx|x,_1) denotes the Markov state transition density

and gx(zx|xx) is the measurement likelihood function.

2.2.1 Bayes Filter Recursion

Under the standard model (2.6)-(2.7), the Bayes filtering equations presented in
this subsection are the general equations for computing Bayesian prior and pos-

terior distributions for both linear/nonlinear and Gaussian/non-Gaussian state



space models [96]. Assume that the initial pdf py(xo) is known. Denote the
prior density at time k by prk—1(Xk, Zo.k—1), the posterior density at time k — 1
by pr—1jk-1(Xk-1|Zok—1). The forward prediction is given by the Chapman-

Kolmogorov equation [56]

Drefk—1(X|Zok—1) = /pk:—l(Xk:|xkz—1)pk—1|k—1(xk—1|Z0:k—1)dxk—1 (2.8)

where the subscript “k|k’” denotes a density at time k conditioned on information

up to and including time £’

Assume that the measurement noise is white, such that

gk(zk | Xk, ZO:k—l) = gk;(zk | Xk) (2-9)

Then, given a noisy measurement z; at time k, the posterior density is given by

Bayes’ rule:

gk(zk’Xk)pk|k71(xkz|Z0:k—1)
gq) = 2.10
pk‘k(X|Zk7 ZO.k 1) fgk(Zk’X’)pk‘k_l(X/‘ZO:kil)dX/ ( )

Throughout this dissertation, the abbreviation pi(-) = pgi(-) is frequently used
when possible to do so without ambiguity. Remarkably, when both the transition
density (2.6) and measurement likelihood (2.7) are linear-Gaussian, the optimal

Bayes filter is algorithmically equivalent to the Kalman filter.

2.2.2 (Gaussian Mixture Filters

In the general case where pg(xg) is non-Gaussian, or where the state transition or
measurement are nonlinear or non-Gaussian, the resulting filtering densities will
be non-Gaussian. One effective approach to non-Gaussian, nonlinear filtering is

GM filtering [2]. The key principle of GM filtering is the approximation of a pdf



as a weighted sum of L Gaussian mixands:

L
p(x) ~ Zw@)/\/’(x; m® P®) (2.11)

(=1

0) 0

where w®, m®, and P denote the weight, mean, and covariance, respectively

of the ¢** component (mixand), and
1
N(x; m, P) 2 |27P| "2 exp {_Q(X —m)'P(x — m)} (2.12)

GMs are exceptionally versatile, as they are universal function approximators for
valid pdfs with a finite number of discontinuities [102]. By this representation,
closed-form approximate solutions of the Bayes filter can be expressed in terms of
component-level filter recursions, such as the Kalman filter [102], EKF [2, 4], and

sigma point filters [108].

2.2.3 Information Divergence

Many important concepts in information-driven control — namely information, en-
tropy, and divergence — are rooted in early problems in communication theory.
For instance, given a sequence of random events whose discrete outcomes are to
be transmitted via digital messages, the average message length can be reduced
by assigning shorter-length descriptions to higher-probability outcomes. By this
approach, the average number of bits needed to describe a random event is equal
to the entropy of the random variable distribution. The entropy is a measure of
the average uncertainty of a discrete random variable and can also be extended to
continuous random variables [23]. Given a continuous random variable distribu-

tion with density p(x), its uncertainty can be quantified in terms of its differential



entropy

Hip(x)] & — / p(x) log p(x)dx (2.13)

where the integral is taken over the distribution support. The relative en-
tropy—also known as the Kullback-Leibler divergence (KLD) or information di-

vergence—between two distributions with densities p(x) and ¢(x) is [86, 70]

Ixi(p;q) = / p(x)log Z%dx (2.14)

When ¢ and p represent prior and posterior densities, the KLD is a measure of
information gain. By this principle, the information gain associated with sens-
ing decisions and outcomes can be rigorously quantified and used as a basis for

intelligent sensor control.

More generally, the KLD belongs to a class of divergence measures known
as f-divergences, as shown by Csizar [70]. For two distributions P and ) with
corresponding density functions p(x) = dP/dx and ¢ = d@/dx, the f-divergence

is

1§(P,Q) = /Q(X)f (%) dx (2.15)

for any convex function f : (0,00) +— R, where the integrand is assumed to be

properly specified at points where the densities are zero [70]. Letting f(t) = tlogt
in (2.15), the KLD is recovered.

In some cases, the terminology “information-theoretic” is used to refer to any
combinations of quantities that are in some way related to uncertainty reduction.
However, this dissertation adopts the narrower definition of this terminology by
which “information-theoretic” is used exclusively to describe measures and policies
based on f-divergence measures, the Cauchy-Schwarz divergence (which behaves

much like the KLD), or entropy reduction.



2.3 Random Finite Set Background

The pioneering efforts of Goodman and Mahler [41] in RFS theory have resulted in
a robust framework for solving multi-sensor multi-object information fusion prob-
lems. In essence, RF'S theory establishes multi-object analogs to random variables,
density functions, moments, and other statistics, such that multi-sensor multi-
object problems can be solved in a top-down fashion and with theoretic guarantees.
RF'S theory has enabled the development of numerous state-of-the-art multi-object
filters [73, 114, 116, 89, 112, 65, 93] as well as provided a unifying theoretical basis

for the reformulation and analysis of earlier non-RFS-based approaches [125].

An RFS X is a random variable that takes values on F(X), where F(X) denotes
the space of finite subsets of X. A labeled random finite set (LRFS) X is a random
variable that takes values on F (X x L), where L is a discrete label space. Both RFS
and LRFS distributions can be described by set density functions, as established
by Mahler’s FISST [74, 75]. This section provides a review of key RFS concepts
and notation, including an overview of the Poisson RFS, independently and identi-
cally distributed cluster (i.i.d.c.) RFS, multi-Bernoulli (MB) RFS, and generalized

labeled multi-Bernoulli (GLMB) LRFS distributions used in this dissertation.

2.3.1 Poisson RFS

The Poisson RFS is fundamental to RFS multi-object tracking due to its desirable
mathematical properties and its usage in modeling false alarm and birth processes.
For example, the popular probability hypothesis density (PHD) filter is derived
from the assumption that the multi-object state is governed by a Poisson RFS

process, which, in turn, leads to a computationally efficient multi-object filtering

10



algorithm [72, 97, 110].
The density of a Poisson-distributed RFS X is
f(X) = e ™ [D)* (2.16)

where Ny is the object cardinality mean, and D(x) is the PHD, or intensity func-
tion, of X, which is defined on the single-object space X. The cardinality of a

Poisson RFS is, in fact, Poisson distributed:

A NX\X|€—NX

(2.17)

where “|-|” denotes the cardinality of its argument. Each element x € X is inde-
pendently and identically distributed (i.i.d.) according to the normalized density
D(x)/Nx, such that

x PO ysex (2.18)
Ny

The PHD is an important statistic in RFS theory as its integral over a set

T C X gives the expected number of objects in that set:
E[|XNT|] = / D(x)dx (2.19)
T
The PHD of a general RFS X is given in terms of its set density f(X) as [72]
D(x) = /f({x} UXox’ (2.20)
The integral in (2.20) is a set integral, defined as

/f(X)éX = Z%/f({xl,...,xn})dxl---dxn (2.21)

The set integral is a fundamental construct of RFS theory and enables the direct

translation of the Bayes’ filter recursion to the multi-object setting, as shown in [74]
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and discussed in Section 2.3.5. Set integration via (2.21) also presents practical
challenges, since exact computation is rarely possible due to the infinite summation
of nested multivariate integrals required. This challenge is a key motivation of the

tractable cell multi-Bernoulli approximation introduced in Section 4.3.

2.3.2 Independent Identically Distributed Cluster RF'S

The density of an i.i.d.c. RFS is
FX) = X1 p(IX])[p]* (2.22)

where p(n) is the cardinality probability mass function (pmf) and p(x) is the single-
object state pdf. Similar to the Poisson RFS, elements of the i.i.d.c. RFS are i.i.d.

such that
x~p(x) VxeX (2.23)

Unlike the Poisson RF'S distribution, the cardinality of an i.i.d.c. RF'S is distributed

according to an arbitrary pmf:
| X~ p(1X]) (2.24)

This generalization of the cardinality distribution enables an extra degree of speci-
ficity and plays an important role in the development of the cardinalized probability

hypothesis density (CPHD) filter, as shown in [115].

2.3.3 Multi-Bernoulli RFS

In an MB distribution, a given object’s existence is modeled as a Bernoulli random

variable and specified by a probability of existence. As such, the MB RFS can
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accurately model a variety of multi-object processes when the true existence of

objects is unknown and subject to change. The density of an MB distribution is

(75, p. 102]
(97 Nar rop'o (x) ]
1<iy o Ain <M
where n = |X|, M is the number of MB components and maximum possible

object cardinality, r? is the probability that the i*® object exists, and p’(x) is the
single-object state probability density of the i'" object if it exists. Given an MB

distribution with density (2.25), its PHD is given by

M

D(x) =Y rip(x) (2.26)

=1

2.3.4 Generalized Labeled Multi-Bernoulli LRFS

The density of a GLMB distribution, as proposed in [112], is given by
F(X) = AX) Y7 w@ (L)) PO (2.27)
€€
where = is a discrete space, and where each £ € = represents a history of mea-
surement association maps, each pl®(-,¢) is a probability density on X, and each
weight w(® is non-negative with
> w1 =1
(I1£)eF(L)XE
The label of a labeled state z is recovered by L£(z), where £ : X x L +— L is the
projection defined by £((x,¢)) £ ¢. Similarly, for LRFSs, £(X) £ {£(#) : & € X}.
The distinct label indicator A(X) = g ;(D(]E()O( )|) ensures that only sets with

distinct labels are considered.
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2.3.5 Multi-Object Bayes Filter

In multi-object estimation problems, single-object states evolve stochastically due
to unknown inputs and random environmental phenomena. Furthermore, the
number of objects itself is random due to object appearance (birth) and disap-
pearance (death). Thus, the multi-object state can be naturally modeled as an
RFS X € F(X). Similarly, the multi-object measurement, which is corrupted by
random noise, missed detections, and spurious detections, is naturally modeled as

an RFS Z € F(Z).

By these RF'S definitions of measurement and state, Mahler’s FISST establishes

the multi-object Bayes recursion [T4]:

fk\lcfl(Xklzo:k—l) :/fkk1<Xk|Xk—l)fk—1(Xk—1|Z0:k—1)6Xk—l (228)

9 ( 2] Xk) fre—1 (Xk| Zoik—1)
fuXilZo) = J 91(Zi| X) frgp—1 (X1 Zo—1)0 X (2:29)

where fyjp—1(Xk|Xr_1) is the multi-object transition density, gi(Zx|Xx) is the

multi-object likelihood function. LRFS distributions are predicted and updated

in a similar manner via the labeled multi-object Bayes filter recursion:

Jgk\k—l(j(HZo:kq) :/,]gkk—l(j(kp%k1).]gk1()o<k1|ZO:k1)6)o(k1 (2.30)

fk()%If'ZO:k) _ gk(Zk|)§k)fk\k—1(50(k|20;k_1) O
I 96(Z1|X) fuih-1 (X | Zoa—1) X

as shown in [113, 112]. The accent “°” is used to distinguish labeled states and

(2.31)

functions from their unlabeled equivalents, where a state’s label is simply a unique
number or tuple to distinguish it from the states of other objects and associate

track estimates over time.

Equations (2.28)-(2.29) and (2.30)-(2.31) are often referred to in the literature

as the “standard” form of the unlabeled and labeled Bayes recursion, respectively.
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In the standard recursion, object appearance is modeled as part of the multi-
object transition density and thus is treated in the prediction stage of the Bayes
recursion. This approach is often problematic in practice, as it requires maintaining

a probabilistic representation of objects that may exist but are never detected.

An alternative approach is to model object appearance as part of the Bayes
update and treat an object’s appearance as the event of first detection, circum-
venting the aforementioned issues. This approach is hereon referred to as the

measurement-driven labeled Bayes filter recursion [65], given by:

fp()o(p,k|ZO:k—1) :/f(Xp7k|Xk—1)f(Xk—l|ZO:I€—1)5)O(I§—1 (2.32)
F(Xe| Zow) = 9(Z| Xi) fo (Xpk| Zosk—1) fo (X ) (2.33)

[ 92X fo (Xl Zosem) fo (X)) 0X
The function time indices have been suppressed for brevity, and fp,k()o(p,k) and
j?b,k()ofbvk) denote the density of persisting and birth objects, respectively, where
the joint state X, = )o(p,k U )o(bk. fmk_l()o(p,k])%k,l) is the multi-object transition
density, gk(Zk|Xk) is the multi-object measurement likelihood function, and gy, is
used to denote both the single-object and multi-object measurement likelihood
function. The nature of the likelihood function can be easily determined from its

arguments.

2.3.6 Multi-Sensor Multi-Object Bayes Filter

Given a multi-object state realization X, the multi-sensor measurement likelihood
function is denoted by g, (ZW, ..., ZM|X). If sensor measurements are condition-

ally independent of the multi-object state, i.e.,

g(Z0, .., ZM[X) = gV (2] X) - g (200 X) (2.34)
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then the multi-sensor multi-object posterior is given by the Bayes update [75, p.
280]

gk(Z(1)7 sy Z(M)|X)fk|k—1(X)

(M) _
Sue(X | Zoy ) = fu(ZW, ... Zz0)

(2.35)

where Zé:l,;M) denotes the collection of all measurements up to and including time £k,

and where the normalization constant is given by

fo(ZzW, . ZzM) = /g(Z“), oy ZM X)) frp1 (X)6X (2.36)

2.3.7 Kullback-Leibler Divergence

Like single-object distributions, the similarity of two RFS distributions may be
measured by the KLD. Let f; and fy be integrable set densities where f; is

absolutely continuous with respect to fo. Then, the KLD is [41, p. 206]

falfi ) = [ 5ivyiog (1653 ) o (287

Further simplification is possible if fy and f; are Poisson with respective PHDs D,

and Dy, in which case

IKL,Pois(flé fo) = No— Ni + /Dl(}’) -log (g;gg) dy (2-38)

where Ny = [ Dy(y)dy and Ny = [ D;(y)dy. The KLD has many practical
uses in estimation theory, including as a metric for measuring the goodness of a
density approximation with respect to the original density, as demonstrated in
Section 4.3.1. Importantly, when fy and f; represent prior and posterior densities,
respectively, the KLD is a measure of information gain and provides a foundation

for information-driven control, as discussed in Chapters 4 and 5.

16



CHAPTER 3
SOFT AND NEGATIVE INFORMATION AND FIELD-OF-VIEW
CARDINALITY DISTRIBUTIONS

3.1 Introduction

RFS theory has been proven a highly effective framework for developing and an-
alyzing tracking and sensor planning algorithms in applications involving an un-
known number of multiple targets (objects) [74, 112, 89, 37, 51, 12, 117]. To date,
however, little attention has been given to the role that bounded FoV and negative
information play in the FISST recursive updates for assimilating measurements,
or lack thereof, into multi-object probability distributions. FExisting algorithms
typically terminate object tracks after the object is believed to have left the sensor
FoV. While this approach is suitable when the FoV doubles as the tracking region
of interest (ROI), it is inapplicable when the sensor FoV is much smaller than the
ROI and, thus, must be moved or positioned so as to maximize information value

33, 119, 39, 18, 68, 69].

Knowledge of object presence inside the FoV is powerful evidence that can be
incorporated to update the object pdf in a Bayesian framework. For example,
the absence of detections, referred to as negative information, may suggest that
the object state resides outside the FoV [60]. In contrast, binary-type sensors
may produce imprecise measurements [41, 40, 90] that indicate the object is inside
the sensor FoV but provide no further localization information. Similarly, “soft”
data from human sources, such as natural language statements, can be modeled as
imprecise measurements due to their inherent ambiguity [14, 93]. Particle-based

filtering algorithms [5, 111, 90] can accommodate such measurements but require
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a large number of particles and are computationally expensive. Particle represen-
tations are also not amenable to rigorous multi-sensor fusion, since the supports of
two Dirac mixtures will be disjoint in general. Another approach [101] uses GMs to
model both the object pdf and the state-dependent probability of detection func-
tion. Though GMs efficiently model some detection probability functions, other
simple functions, such as uniform probability densities over a 3D FoV, require
problematically large numbers of components. Other approaches [1, 118] employ
stochastic sampling and the expectation maximization (EM) algorithm to com-
pute GM approximations to the posterior pdf. However, the use of intermediate
particle representations and EM reconstruction can lead to information loss, and

convergence is sensitive to EM initial condition specification.

This chapter presents relevant bounded FoV statistics both in the form of
state densities and cardinality pmfs. Section 3.3 presents a deterministic method
that partitions a GM state density along FoV bounds through recursive Gaussian
splitting. By this approach, inclusion/exclusion evidence can be incorporated in
single- and multi-object GM filtering densities by virtue of Bayes’ rule. Section 3.4
presents an application of the splitting method to the tracking of a person in a
crowded space using natural language statements and a new GM Bernoulli filter
algorithm. In Section 3.5, FoV object cardinality pmfs are derived for some of the
most commonly encountered RF'S distributions. Section 3.6 presents an application
of bounded FoV statistics to a sensor placement problem, and conclusions are made

in Section 3.7.
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3.2 Problem Formulation and Assumptions

This chapter considers the incorporation of bounded FoV information into algo-
rithms for (multi-)object tracking and sensor planning when the number of objects
is unknown and time-varying. Often in tracking, object detection may depend
only a partial state s € X, C R™, where X, x X, = X C R" forms the full object
state space. For example, the instantaneous ability of a sensor to detect an object
may depend only on the object’s relative position. In that case, Xy is the position
space, and X, is composed of non-position states, such as object velocity. This
nomenclature is adopted throughout the chapter while noting that the approach
is applicable to other state definitions. As shown in [10], the sensor FoV can be
defined as the compact subset S(q) C X;. In general, the FoV is a function of the
sensor state g, which, for example, may consist of the sensor position, orientation,
and zoom level. However, for notational simplicity, this dependence is omitted in

the remainder of this chapter.

Now, let the object state x consist of the kinematic variables that are to be
estimated from data via filtering, such as the object position, velocity, turn rate,
etc. Then, the single-object pdf is denoted by p(x). Letting s = projx x denote
the state elements that correspond to Xy, an object’s presence inside the FoV can

be expressed by the generalized indicator function

1, ifseS
ls(x) = (3.1)

0, otherwise

The number of objects and their kinematic states are unknown a priori, but can be
assumed to consist of discrete and continuous variables, respectively. The collection
of object states is modeled as an RFS X or LRFS X, where the single-object labeled

state £ = (x, /) € X x LL consists of a kinematic state vector x and unique discrete

19



label ¢. Tt is assumed that the prior multi-object distribution is known, e.g., from
the output of a multi-object filter, and modeled using either the RF'S density f(X)

or LRFS density f(X).

In RFS-based tracking, single-object densities are, in fact, parameters of the
higher-dimensional multi-object density. Non-Gaussian single-object state densi-
ties are often modeled using GMs because they admit closed-form approximations
to the multi-object Bayes recursion under certain conditions [112, 110]. Therefore,
in this chapter, it is assumed that single-object densities (which are parameters of

the higher dimensional multi-object density) are parameterized as

L
p(x) =Y wN(x; m", PY) (3.2)

=1
where L is the number of GM components and w®, m®, and P® are the weight,

mean, and covariance matrix of the /*" component, respectively.

In this chapter, the problem considered is forming GM Bayesian posteriors

given evidence of the forms:

T1. The existence or non-existence of a measurement is evidence of the inclusion
or exclusion of the object state within a known set. For example, the non-
existence of a detection (measurement) is evidence of an object’s position

exclusion from the sensor FoV.

T2. The value of the measurement is evidence of the inclusion or exclusion of the
object state within a known set. For example, the observation that a sea-level
freshwater lake is frozen is evidence that the water temperature belongs to

the set of temperatures below 0°C.

Mahler’s FISST provides the mathematical machinery for modeling types T1
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and T2 using state-dependent probability of detection functions and generalized
likelihood functions, respectively. However, in both cases, the Bayes posterior

involves products of the prior GM with indicator functions such as

p(x)1s(x) £ ps(x)  and (3.3)

(1= 1s(x))p(x) £ pe(s)(x) (3.4)

and thus, the resulting posterior is no longer a GM.

This chapter presents a fast GM approximation of (3.3) and (3.4), thereby
enabling the assimilation of inclusion/exclusion evidence in any GM-based RFS
single-object or multi-object filter. Building on these concepts, this chapter also
considers the role of inclusion/exclusion evidence in object cardinality distributions
and derives pmf expressions that describe the probabilities associated with different

numbers of objects existing within a given set S (such as an FoV).

3.3 GM Approximation of FoV-Partitioned Densities

This section presents a method for partitioning the object pdf into truncated den-
sities ps(x) and pe(s)(x), with supports S x X, and C(S) x X, , respectively. Focus
is given to the single-object state density with the awareness that the method
is naturally extended to RFS multi-object densities and algorithms that use GM
parameterization. Consider the single-object density p(x) parameterized by an

L-component GM, as follows:

p(x) = ps(x) + pes) Zw IN(x; m'9 PO) (3.5)
=1

One simple approximation of densities partitioned according to the discrete FoV

geometry, referred to as FoV-partitioned densities hereon, is found by evaluating

21



the indicator function at the component means [64], i.e.:

L

ps(x) = Y w1s(m)N(x; m®, PY) (3.6)
=1
L

pes)(x) = Y w1 - 1s(m )N (x; m®, PY) (3.7)
=1

By this approach, components whose means lie inside (outside) the FoV are pre-

served (pruned), or vice versa.

The accuracy of this mean-based partition approximation depends strongly
on the resolution of the GM near the geometric boundaries of the FoV. Even
though the mean of a given component lies inside (outside) the FoV, a considerable
portion of the probability mass may lie outside (inside) the FoV, as is illustrated
in Fig. 3.1a. Therefore, the amount of FoV overlap, along with the weight of the
component, determines the accuracy of the approximations (3.6)-(3.7). To that
end, the algorithm presented in the following subsection iteratively resolves the

GM near FoV bounds by recursively splitting Gaussian components that overlap

the FoV bounds.

Figure 3.1: Original component density and FoV with covariance eigenvectors
overlaid (a), and same component density and FoV after change of variables (b).
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3.3.1 Gaussian Splitting Algorithm

The Gaussian splitting algorithm presented in this subsection forms an FoV-
partitioned GM approximation of the original GM by using a higher number of
components near the FoV boundaries, S, so as to improve the accuracy of the

mean-based partition.

Consider for simplicity a two-dimensional example in which the original GM,
p(x), has a single component whose mean lies outside the FoV, as shown in
Fig. 3.1a. The algorithm first applies a change of variables x — y € Y C R"s
such that p(y) is symmetric and has zero mean and unit variance. The basis
vectors of the space Y correspond to the principal directions of the component’s

position covariance. The same change of variables is applied to the FoV bounds

(Fig. 3.1b).

A pre-computed point grid is then tested for inclusion in the transformed FoV
in order to decide whether to split the component, and if so, along which prin-
cipal direction. For each new split component, the process is repeated—if a new
component significantly overlaps the FoV boundaries, it may be further split into
several smaller components, as illustrated in Fig. 3.2b. This process is repeated
until stopping criteria are satisfied. After the GM splitting terminates, ps(x) and

Pe(s)(x) are approximated by the mean-based partition, as illustrated in Fig. 3.3.
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Figure 3.2: 1o contours of components after first split operation (a), and second
split operation (b), where components formed in the second operation are shown
in red.

-05 0 05 1 15
Z1

(b)

Figure 3.3: The GM approximations to densities p¢(s)(x) (a), and ps(x) (b) after
two iterations of splitting.
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3.3.2 Univariate Splitting Library

Splitting is performed efficiently by utilizing a pre-generated library of optimal
split parameters for the univariate standard Gaussian ¢(x), as first proposed in
[55] and later generalized in [25]. The univariate split parameters are retrieved
at run-time and applied to arbitrary multivariate Gaussian densities via scaling,

shifting, and covariance diagonalization.

Generation of the univariate split library is performed by minimizing the cost

function
R
J=Ly(qll) + 6* st aP =1 (3.8)
j=1
where
R
g(w) =Y wIN(z; M, 57) (3.9)
j=1

for different parameter values R, A\. The regularization term A balances the im-
portance of using smaller standard deviations ¢ with the minimization of the Lo
distance. While other distance measures may be used, the L, distance is attractive
because it can be computed in closed form for GMs [25]. As an example, the op-
timal split parameters for R = 4, A = 0.001 are provided in Table 3.1 and plotted
in Fig. 3.4.

Table 3.1: Univariate split parameters for R = 4, A = 0.001.

) 70) 5—
0.10766586425362 —1.42237156603631 0.53160633157686
0.39233413574638  —0.47412385534547 0.58160633157686
0.39233413574638  0.47412385534547 0.58160633157686
0.10766586425362  1.42237156603631 0.53160633157686

W N .
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Figure 3.4: Standard univariate normal ¢(x) and optimal GM approximation §(x)
with R = 4, A = 0.001.

3.3.3 Change of Variables

The determination of which components should be split, and if so, along which
direction, is simplified by first establishing a change of variables. By applying this
change of variables, the split criteria and direction selection are standardized in
terms of the standard unit normal distribution, as described in the following. For

each component with index ¢, the change of variables hY X, — Y is applied as

follows:
y = h(s;m{?, PY) 2 (AD)2 VT (s — m{") (3.10)
where
vO = ] (3.11)

H\—1/2 :
(Ag )) /2 — dlag (|: Al(éi e Algzl :|) (312)



)

and mg is the n,-element position portion of the full-state mean, and the columns

of Vg) are the normalized eigenvectors of the position-marginal covariance Pgﬁ),
)

with vgyi corresponding to the i eigenvalue )\ffz) . In the transformed space,

p(y) =N(y; 0, T) (3.13)

Note that, in defining the transformation over X, the same transformation can be

applied to the FoV, such that

0 — (RO (- m® POy .
S, ={h"(ssm’ P) s € S} (3.14)

In Y, the Euclidean distances to boundary points of SZSK) can be interpreted as
probabilistically normalized distances. In fact, the Euclidean distance of a point
y from the origin in Y corresponds exactly to the Mahalanobis distance between

the corresponding point s and the original position-marginal component.

3.3.4 Component Selection and Collocation Points

Components are selected for splitting if they have sufficient weight and significant
statistical overlap of the FoV boundaries (0S). For components of sufficient weight,
the change of variables is applied to the FoV to obtain 35” per (3.14). The overlap
of the original component on § is then equivalent to the overlap of the standard
Gaussian distribution on SQU(,E), which is quantified using a grid of collocation points

on Y, as shown in Fig. 3.1b.
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Define the collocation point y;, ., € Y such that

n

Torion 2 [00(0) - i)' (i i) €€ (315
_ -1 ‘
) =—c+%(5=7).  JEM. (3.16)

G ={(i1,--- in.) 1i¢) € N, i, | < C} (3.17)

where ( is a user-specified bound for the grid, G is the set of indices of points that
are within ¢ of the origin, and N, is the upper bound of the number of points per

dimension. An inclusion variable is defined as

dz(’f?...,ins = 15152) (Yir,oin,) (3.18)

With this, o0 € {0, 1} is established to mark total inclusion or total exclusion as
Yy

o5 =[] 0,0 1(d§f?..‘,z-ns) (3.19)

,,,,,

which is equal to unity if all grid points lie inside of S?Sg) or all grid points lie outside
of 555), and is zero otherwise. If either all or no points are included, no splitting is

required. Otherwise, the component is marked for splitting.

3.3.5 Position Coordinate Split Direction

Rather than split the component along each of its principal directions, a more
judicious selection can be made by limiting split operations to a single direction
(per component) per recursion. Thus, by performing one split per component per
recursion, the component selection criteria are re-evaluated, reducing the overall
number of components generated. In the aforementioned two-dimensional example,
only a subset of new components generated from the first split is selected for further

splitting as shown in Fig. 3.2b.
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The split direction is chosen based on the relative geometry of the FoV, and
thus position vectors are of interest. Choosing the best position split direction
is a challenging problem. A common approach is to split along the component’s
covariance eigenvector with the largest eigenvalue [55]. This strategy, however,
does not consider the FoV geometry and thus may increase the mixture size with-
out improvement to the FoV-partitioned densities (3.6)-(3.7). Ref. [54] provides
a more sophisticated split direction criterion based on the integral linearization
errors along the covariance eigenvectors. However, in the case that the FoV does
not intersect the eigenvectors, this criterion cannot distinguish the best split direc-
tion. Another approach [107] determines the split direction based on the Hessian of
the underlying nonlinear transformation, evaluated at the component mean. How-
ever, for the transformations (3.3)-(3.4) considered in this chapter, the associated

Hessian either vanishes (for s ¢ 0S) or is undefined (for s € 9S).

Ideally, splitting along the chosen direction should minimize the number of
splits required in the next iteration as well as improve the accuracy of the parti-
tion approximation applied after the final iteration. The computational complexity
of exhaustive optimization of the split direction would likely negate the computa-
tional efficiency of the overall algorithm. Instead, to minimize the number of splits
required in the next iteration, the position split direction is chosen as the direction
that is orthogonal to the most grid planes of consistent inclusion/exclusion. Intro-
ducing a convenience function sy) : Ny, — {0, 1}, the plane of constant y; = ;(I)

is consistently inside or consistently outside if
¢ ¢
PO =T g0 @) (3.20)

is equal to unity. The optimal position split direction is then given by the eigen-

29



vector v j-, where the optimal eigenvector index is found as

J* = arg max (Zg: s?(l)) (3.21)

J =1

For notational simplicity, the implicit dependence of j* on the component index
¢ is omitted. For example, referring back to the two-dimensional example and
Fig. 3.1b, there are more rows than columns that are consistently inside or outside
the transformed FoV, and thus j* = 2 is chosen as the desired position split
direction index. In the case where multiple maxima exist, the eigenvector with
the largest eigenvalue is selected, which corresponds to the direction of the largest

variance among the maximizing eigenvectors.

3.3.6 Multivariate Split of Full-State Component

Gaussian splitting must be performed along the principal directions of the full-

state covariance. The general multivariate split approximation, splitting along the

k™ eigenvector 'v,(f) is given by [25] as

wON (x; m?, PO) ~ Zw(&j)/\/‘(x; m(9) pi) (3.22)
j=1
where
w®) = 5O (3‘23)
m() = m® + N Mo (3.24)
P& — y@OAOyOT (3.25)
AY = diag ([\ -+ 52 A -+ An,]) (3.26)

and the optimal univariate split parameters w9, m¥), and & are found from the
pre-computed split library given the number of split components R and regulariza-

tion parameter A. In general, the position components of the full-state eigenvectors
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will not perfectly match the desired position split vector due to correlations be-
tween the states. Rather, the actual full-state split is performed along v,(f*), where
the optimal eigenvector index is found according to

k* = arg max | [vg])T OT]vg)‘ (3.27)
k

where, without loss of generality, a specific state convention is assumed such that

position states are first in element order.

3.3.7 Split Recursion and Role of Negative Information

The splitting procedure is applied recursively, as detailed in Algorithm 1. The
recursion is terminated when no remaining components satisfy the criteria for
splitting. Each recursion further refines the GM near the FoV bounds to improve
the approximations of (3.6)-(3.7). However, because a Gaussian component’s split
approximation (3.22) does not perfectly replicate the original component, a small
error is induced with each split. Given enough recursions, this error may become
dominant. In the author’s experience, the recursion is terminated well before the

cumulative split approximation error dominates.

One of the many potential applications of the recursive algorithm presented
in this section involves incorporating the evidence of non-detections, or negative
information, in single- and multi-object filtering. To demonstrate, a single-object
filtering problem with a bounded square FoV is considered where, in three subse-
quent sensor reports, no object is detected. The true object position and constant
velocity are unknown but are distributed according to a known GM pdf at the
first time step. As the initial pdf is propagated over time, the position-marginal

pdf travels from left to right, as shown in Fig. 3.5. For simplicity, the probabil-
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Algorithm 1 split_for_fov({w® m® PO w0 S, R, \)

split < {}, no_split < {}
if L =0 then
return split
end if
for /=1,...,L do
if w9 < Wy, then
add {w® m® P®} to no_split
continue
end if
Compute Sy) accrd. to (3.14)
if Oso = 1 then
add {w® m® P©®} to no_split
else
7+ Eq. (3.21) , k* < Eq. (3.27)
{w®) m®&) PEDVE |« Eq. (3.22) with k = k*
add {w®), m(&j),P“’j)}f‘:1 to split
end if
end for
split«—split_for_fov(split, wppn, S, R, A)
return split U no_split

ity of detection inside the FoV is assumed equal to one. At each time step, the
GM is refined by Algorithm 1 using wy;,, = 0.01, R = 3, and A = 0.001. Then,
the mean-based partition approximation (3.7) is applied and the updated filtering
density (3.4) is found. By this approach, the number of components may increase

over time but can be reduced as needed through component merging and pruning.

N
-

Figure 3.5: Negative information, comprising the absence of detections inside the
sensor FoV S, is used to update the object pdf as the object moves across the ROI.
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3.3.8 Splitting for Multiple FoVs

The splitting approach presented in Section 3.3.7 can be extended to accommodate
multiple FoVs, which may arise in multi-sensor networks or in imprecise measure-
ments that take the form of multiple closed subsets, as is shown in Section 3.4.
Consider the case where the GM is to be partitioned about the boundaries of M
FoVs {S®IM . One simple approach to incorporate the multiple FoVs is to re-
cursively apply Algorithm 1 for each FoV. Recall from Section 3.3.5, however,
that the direction order in which components are split ultimately determines the
total number of components generated. Thus, by the described naive approach,
the resulting mixture size inherently depends on the order by which the FoVs are

processed, which is undesirable.

Instead, the remainder of this subsection establishes a multi-FoV splitting al-
gorithm that is invariant to FoV order. Given S®, denote by SZSZ’E) the resulting
transformed FoV for component ¢ via application of (3.14). Then, an inclusion

variable similar to (3.18) is established as

dEi“zn £ Lseo (Yirrooing ) (3.28)

In each transformed FoV, grid points are either totally excluded or totally included

if and only if

M
@ (2,0)
ois,y =111 Oqe0 (i, ) (3.29)
=1 G

is equal to unity, which indicates that a component does not require splitting. If a
component is to be split, the direction is chosen to minimize downstream mixture
size, as discussed in Section 3.3.5. This is accomplished by identifying grid planes

that are either consistently included/excluded in each FoV. Consistency of the
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plane of constant y; = y,(l) is indicated by

SO0 =TI I duen @52 0 (3.30)

equal to unity, where the inner product is taken over index sets in G that satisfy
the condition 7; = [. By this multi-FoV generalized indicator function, the optimal
position split direction is found via (3.21). The complete multi-FoV splitting algo-
rithm is summarized in Algorithm 2, and an example tracking problem involving

multiple FoVs is presented in the following section.

Algorithm 2 split_for_multifov({w® m® PO} w,m, {SYUIM, R, \)
split < {}, no_split < {}
if L =0 then
return split
end if
for/=1,...,L do
if w9 < Wy, then
add {w® m® P©®} to no_split
continue
end if
for.=1,..., M do
compute Sy acerd. to Eq. (3.14)
end for
if Q@u} =1 then
add {w® m® P©®} to no_split
else
7+ BEq. (3.21) , k* < Eq. (3.27)
{w®) m9) P(f’j)}f:1 «— Eq. (3.22) with k = k*
add {w®7), 1rn(e’j),P(£’j)};R:1 to split
end if
end for
split<split_for_multifov(split, wmm, {SWIM,, R, \)
return split Uno_split
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3.4 Application to Imprecise Measurements

This section presents the application of the splitting algorithm to estimation prob-
lems involving imprecise measurements. Unlike traditional vector-type measure-
ments, imprecise measurements are non-specific, yet still contain valuable informa-
tion. Examples of imprecise measurements include natural language statements
[14, 93], inference rules [75, Sec. 22.2.4], and received signal strength type mea-
surements under path-loss uncertainty [93, 84]. This section demonstrates the
estimation of a person’s location and velocity as they move through a public space
using imprecise natural language measurements, as originally posed in [93]. Track-
ing is performed using a new GM Bernoulli filter for imprecise measurements, as

discussed in the following subsections.

3.4.1 Imprecise Measurements

Imprecise measurements, such as those from natural language statements, can be
modeled as RFSs and specified using generalized likelihood functions. For example,
the statement

S = “Felice is near the taco stand” (3.31)

provides some evidence about Felices’s location, yet is not mutually exclusive!.
For simplicity, this chapter adopts the definition of being “near” a point z; as

belonging to a disc ¢ C Z of radius {:

C=A{z:[z—zl <1} (3.32)

'In fact, this statement can further be considered vague or fuzzy due to uncertainty in the
observer’s definition of “near” [41, p. 266].
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Although this specific natural language statement interpretation is considered for
simplicity, the presented approach does not preclude more sophisticated models,
such as those in [14, 106]. The associated generalized likelihood function for this

imprecise measurement is

9(¢x) = P{z € ¢} = P{h(x) € ¢} (3.33)

where h : X — Z is the deterministic mapping from the state space to the mea-
surement space [93]. Generalized likelihood functions, such as those for natural
language statements, are often nonlinear in x and therefore result in non-Gaussian
posterior single-object densities. Through the presented Gaussian splitting ap-
proach and expansion of the likelihood function about the component means, GM
RFS filters can accommodate imprecise measurements, as demonstrated in the

context of the RFS Bernoulli filter in the following subsection.

3.4.2 Bernoulli Filter for Imprecise Measurements

The Bernoulli filter is the Bayes-optimal filter for tracking a single object in the
presence of false alarms, misdetections, and unknown object birth/death [74, Sec.
14]. A Bernoulli distribution is parameterized by a probability of object existence
r and state pdf p(x). The density of a Bernoulli RFS is [74, p. 516]

1—r, ifX=0
f(X) = (3.34)

r-p(x), if X ={x}

Denote by p, the conditional probability that the object is born given that it
did not exist in the previous time step. Similarly, denote by pg the conditional

probability that the object survives to the next time step. The initial state of an
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object born at time k is assumed to be distributed according to the birth spatial
density bx(x). Then, by the FISST generalized Chapman-Kolmogorov equation,
the Bernoulli filter prediction equations are [74, p. 519

Py (1 = rr1jp—1)brjr—1(x) RSS! J =1 (X|X ) pr—1jp—1 (x')dx’
Tk|k—1 Tk|k—1

Pk|k— 1( )
(3.35)
Thik—1 = Db (1 = Tho1jk—1) + Ps - Th—1jk—1 (3.36)

where 7y,_1(x|x’) is the single-object Markov state transition density. Suppose
that the spatial density and birth density are GMs and that the transition density

is linear-Gaussian:

Lig—a
Pr—1jk—1( Zwk WN(x; ml(c)b Pl(le) (3.37)
Lbk
beji1 Zwb (x; my), Py) (3.38)
Trk—1 (X[X) = N(x; Frix', Qiq) (3.39)

where F;_; € R™*" is the discrete time state transition matrix and Qg_1 €
R™*"= ig the process noise covariance matrix. Then, the predicted spatial density

at k is the sum of two GMs, given as

Lok Ly
1 14
Pk~ 1( Zwbk X; mbk> bk + ZwSk\k ) (x; mA(S',)k|k—1> P.(S',)k|k—1)
(3.40)
where
o Py (I =T 1jk-1)
ot = a2 L )
klk—1

‘ 0 DS Tk—1]k-1

wé’}dk—l = wl(c—)17,— (3.42)
k|k—1
{4 ¢

mA(S‘,)k|k71 = Fjamy| (3.43)
Pg)klk 1 = Fie 1P,(f)1F 1+ Qe (3.44)
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The predicted spatial density (3.40) can thus be expressed as a combined GM of

the form

Lyjk—1

{4 l l
k-1 (x) = > wip N my P ) (3.45)
(=1

Lyjk—1 (6)
where > 5,77 wyp =1

The FoV-dependent probability of detection function is given by

Pp(X;Sk) = Ls, (X)pp(s) (3.46)

where the single-argument function pp(s) is the corresponding probability of de-

tection for an unbounded FoV. The measurement Y is then an RFS

T = {Chnn Car ) € F(3) (3.47)

consisting of a (potentially empty) set of false alarms and a (potentially empty)
imprecise measurement set due a true object, where 3 is the set of all closed
subsets of Z and F(3) is the space of all finite subsets of 3, as shown in [74,
Ch. 5]. Assume that false alarms are Poisson distributed (2.16) with rate A, and
PHD A.¢(¢), where ¢(¢) denotes the normalized density. Then, the posterior state

density and probability of existence are given by

1 —pp(x;Sk) + pp(x; Sk) Zcerk gffé'cx))
1— A

Th|k—1 (3.49)

Prjp(X) = Prjk—1(X) (3.48)
1— A

Thik = —
L — rpp—1 Qg

where

A= /pD(X; Sk)Pkjr—1(x)dx — Z Jpo(x: Sk)g;(g(g)pk'kl(x)dx (3.50)
CeTy ¢

If prjk—1(x) is a GM, the state-dependent probability of detection and general-
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ized likelihood function can be expanded about the component means, giving

Lyx
¢ ¢
Preje(X Zwk|k X; m,(d;c, P](d;{) (3.51)

(f) ~ 0)

© _ “kjk—1 0 . 0 gk(c|mk|k—1)

Wik = 7 AL 1 —pD(ka,pSk) +PD(mk|k,1,5k) Z T(Q
CEY,

(3.52)
Lijk—1
A = Z wklk 1Pl mk\k 15 Sk) (3.53)
L [
. Z e:k‘lk 1wl(€|i: 1pD(mk\k 17Sk) (C‘mmk 1)
CET) ACC(C)
¢ ¢
mi(g&f méﬁc—l (3.54)
(© (0
P = Pria (3.55)

The approximation error due to the expansion in (3.52) and (3.53) depends on
the GM resolution near points of strong nonlinearity. In a high-resolution mixture
containing many components with small covariance matrices, the region about
each mean in which the linear approximation must be valid is correspondingly
smaller compared to a low-resolution mixture [2]. Therefore, the recursive splitting
method is employed to refine the mixture in nonlinear regions—specifically around
(98,5) and O¢y-before computing the posterior GM (3.51). Then, the resulting
posterior GM is reduced using one of many available algorithms for GM reduction
(124, 94, 95, 24]. This novel process, referred to as the GM Bernoulli filter for

imprecise measurements, is summarized in Algorithm 3.
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Algorithm 3 GM Bernoulli Filter for Imprecise Measurements

given 7)o, pojo(X)
for k=1,...,K do
Compute 7,1 accrd. to (3.36)

(£) (0) (0)
Compute {ws k\k—l’ mg 1Pt

Compute {wb [ L, + acerd. to (3.41)

m
{wk\k 17 My - I’Pk|k et

m'9 (4
{wSk\k 1 Sklk 1P gk e

{wk\k 1’m§f|3€ P |k 1}Lk|k '
split_for multlfov({wk‘k 1,m§j3€_1,P§:& Lk‘lk Y Wiin, {S )} CLUTE, RN
Compute Ay accrd. to (3.53)
Compute 7y, accrd. to (3.49)
Compute {w,(ﬁ, EC%,P(m}LW accrd. to (3.52),(3.54),(3.55)
m® pOLek

}Lk"“ " acerd. to (3.42)-(3.44)

L
HET

Lkl 0

(£) () Lbk
U{wbk\k EL T ATRIETY e

Ly x
{wk\k’ k|k’ k|k} =1 <—reduce({wk|k, ki P te=1)
end for

3.4.3 Airport Tracking Example

The recursive splitting approach is demonstrated in the context of tracking a person
of interest through a crowded airport. This problem was originally posed in [93]
and solved using a particle filter implementation of the Bernoulli filter. The object

state is defined as

X{ = [rp oy i Uk =[s; Vi (3.56)

where s, is the person’s 2D position in the airport and vy is the person’s velocity,
where dimensionless distance units are used throughout. Measurements of the
person are composed of natural language statements describing the person’s current
location in the form Zy = {(x1, ..., Cras, b, Where M, is the number of statements

received at time k and
¢ = a = the person is near the anchor a (3.57)

In (3.57), the integer a € A C N represents a fixed anchor, such as a taco stand

or coffee shop, with corresponding known position r, € Z. Observers sometimes
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report incorrect statements (as false alarms) and sometimes fail to report true
statements (as misdetections). The corresponding generalized likelihood function
s

1 if sk — 14| < 2d,/3

0 otherwise

where d,, is the distance between anchor a and its nearest neighbor. If the target is
within 2d,/3 of anchor a, the natural language statement reports that the target

is near a (unless misdetected). Defining the compact subset
Ay, ={s : |ls —r.|| <2d,/3} (3.59)

the generalized likelihood function (3.58) can be written in terms of an indicator

function as
Ge(C=alxg) = 14,(sk) (3.60)

By this likelihood function, (3.52)-(3.53) simplify to

wl(c?c 1 La (m(el)dk 1)
¢ — l l ¢ s,k|k—
wi = <1 — po(my) ;S) +po(my) ;8 Y —) (3.61)

1 - A = (0
Lyjp—1
¢
Z wk\k 1P m/(q;f 1 Sk) (3.62)
L [4 [ ¢
- Z = 1w,(€|3€ lpD(m’(“‘L 1’8’“)1A<(mg,l)c\k—155k)
‘= Ac€(C)

where the density of false alarms (clutter) ¢(¢) is taken to be uniform over support

A with rate A..

The anchor locations and bounds 0.4, are shown in Fig. 3.6. The gray shaded
regions indicate exclusion regions the person cannot occupy due to physical barri-

ers, and thus, pi(x) = 0 in these regions. Detections are reported every Tj, = 15 [s]
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Figure 3.6: Anchor locations and association extents.

and include an average of \. = 0.25 false detections per reporting period. True
detections are reported with a probability of detection pp(xx; Sk) given by (3.46)
with pp(sx) = 0.9 and composite detection FoV
Se=J A (3.63)
achA

The person state is governed by the linear-Gaussian transition density

k-1 (X[X) = N(x; Fr_1x', Qr—1) (3.64)
where
10 T, 0 =0 =TE
01 0 T, 0 =k o =k
Fy = and Q. = , (3.65)
00 1 0 T 0 @l 0
00 0 1 0 ZE 0 =T

and w = 0.04 is the intensity of process noise.

The simulated reports are processed by the GM Bernoulli filter for imprecise

measurements (Alg. 3) at each time step to obtain the posterior probability of
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existence and state density. By splitting the density about the relevant anchor
boundaries, the imprecise measurements are incorporated to refine the probabilistic
belief and estimate the person’s trajectory over time. The true and estimated
trajectories and densities at select time steps are shown in Fig. 3.7a. As shown,
the true trajectory is consistently within the spatial distribution support. For
computational performance, Runnal’s GM reduction algorithm [94] is employed
to reduce the posterior mixture to 100 components. The posterior probability of
existence is shown over time in Fig. 3.7b. The probability of existence of the object
is consistently near one, falling momentarily to ry = 0.4, which appropriately

reflects the increased uncertainty after receiving three consecutive misdetections.

The state estimation performance is quantified using the root-sum-square
(RSS) of the posterior conditional covariance and shown in Fig. 3.8. The ve-
locity RSS quickly converges to a steady state of approximately 1.6 [dist/s], the
lower bound of which is largely determined by the person’s assumed maneuver-
ability and associated process noise covariance. Similarly, the largest uncertainty

is observed near k = 21 (t = 315 [s]), after three consecutive misdetections.

While this example considers single-object estimation, the expansion and split-
ting approach described in Section 3.4.2 is applicable to any GM RFS filter and,
thus, can be used in multi-object estimation problems. In the example problem
on tracking a person of interest and its multi-object extension involving multiple
persons of interest, the posterior RFS density can be used to intelligently query or
deploy resources to find or intercept persons of interest. In this case, one particu-
larly useful statistic is the probability that a given number of people are present
near a particular anchor. This information is fully described by the RFS FoV

cardinality distribution, as presented in the following section.
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Figure 3.7: (a) True trajectory and state estimates over time, where position state
densities are shown for time steps k = 15,25, 55 (t = 225,375,825 [s]) and (b) pos-

terior probability of existence over time.
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Figure 3.8: RSS of position (a) and velocity (b) conditional covariance.

3.5 FoV Cardinality Distribution

This section presents pmfs for the cardinality of objects inside a bounded FoV §
given different multi-object workspace densities f(-). A similar concept is discussed
in [75] in the context of “censored” RFSs, and a general expression is provided in
terms of set derivatives and belief mass functions. This dissertation presents a
new direct approach to obtain FoV cardinality distributions based on conditional
cardinality functions and derives new simplified expressions for representative RF'S
distribution classes. The Poisson, i.i.d.c., MB, and GLMB distributions are con-

sidered in Subsections 3.5.1, 3.5.2, 3.5.3, and 3.5.4, respectively.

The probability of n objects existing inside FoV § conditioned on X can be
written in terms of the indicator function as

ps(n| X) = Y st = 1s()I" (3.66)

XnCX

where the summation is taken over all subsets X™ C X with cardinality n. Given

the RFS density f(X), the FoV cardinality distribution is obtained via the set

integral as

ps(m) = [ psn] ) FX)5X (3.67)
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Expanding the integral,

ps(n) = Zm ps(n ] {x1, s X D f ({X1s- .., Xon X+ dXpn

Remark. The results presented in this section can be extended to express the
cardinality distribution of object-originated detections Z (excluding false alarms)
by noting that
ps(nz| X) = > [pp()1s()*"[1 = pp()1s ()" (3.68)
XnCX

where ny = |Z|.

3.5.1 Poisson Distribution

The following proposition establishes the FoV cardinality distribution for the Pois-
son RFS prior, which is commonly used to model false alarm and object birth

distributions.

Proposition 1. Given a Poisson-distributed RFS with PHD D(x) and global car-
dinality mean Ny, the cardinality of objects inside the FoV § C X is distributed

according to

o0 7NX

ps(n) =Y m (1s,D)" (1 - 15, D)™™ (3.69)

m=n

Proof: Substituting (2.16) into (3.68),

ps(m) = 30 e [ 3 Ls DO (1= 16()DE Y dx - dx,

T XnCX

(3.70)

46



The nested integrals of (3.70) can be distributed, rewriting the second sum over

n-cardinality index sets Z" as

ps(n) = gm'”ng U 1S(X<))D(X(>)dx(>rn

(3.71)

Note that the value of the integrals is independent of the variable index, and thus

- 1 m!
. z : —N n . m—n
from which (3.69) trivially follows. |

Remark. Computation of (3.69) requires only one integral computation; namely
<15,D>, which can be found either by summing the weights of (3.6) or through

Monte Carlo integration. Using the integral property of the PHD (2.19), the integral
(1—1s,D) = Nx — (15, D) (3.73)

Furthermore, for m > Nx, the summand of (3.69) is negligible, and the infinite

sum can be safely truncated at an appropriately chosen m = Mypax(Nx).

3.5.2 Independent Identically Distributed Cluster (i.i.d.c.)

Distribution

The i.i.d.c. RFS distribution is a generalization of the Poisson RFS in which the
cardinality is not restricted to be Poisson but rather described by an arbitrary pmf.
As such, i.i.d.c. distributions can describe false alarm and birth object processes
when more specific cardinality information is available. The following proposition

establishes the corresponding FoV cardinality distribution for i.i.d.c. distributions.
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Proposition 2. Given an i.i.d.c.-distributed RFS with cardinality pmf p(-) and
state density p(-), the cardinality of objects inside the FoV' S is distributed according
to

paln) = 3 o) () (1aup) 1~ 150" (3.74)

where (’:) is the binomial coefficient.

Proof: Substituting (2.22) into (3.68),

potr) = 32 i) | 57 ORI LOWOP e,
E S (3.75)
The integral can be moved inside the products so that
pln) = ;pm) >/ Lk s x|
: [/(1 - 1s(X<~>))P(X<->)dX<-)}Nm\zn (3.76)

Equation (3.74) follows from (3.76) by noting that there are (") unique unordered

n-cardinality index subsets of N,,. [ |

3.5.3 Multi-Bernoulli Distribution

Multi-object processes characterized by object existence uncertainty and spatial
uncertainty can be modeled efficiently as MB RFSs. Given the MB density de-
scribing a multi-object distribution over the surveillance region, a useful statistic
is the probability that a given number of objects exist within a given subregion,
such as a sensor FoV. The following proposition establishes the FoV cardinality

distribution for an MB distribution.
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Proposition 3. Given an MB density of the form of (2.25), the cardinality of

objects inside the FoV S is distributed according to

<1s,r<~)p<~>>r E 13,r<->p<~>>r 577

ps(n) = [(1=rD]™ 3 6,(1Ta))

T1WIoWls

1—r0 1—7r0

where the summation is taken over all mutually exclusive index partitions I, W7y

Ig - NM

The proof of Proposition 3 is given in Appendix A.l. Following the same
procedure, similar results for the labeled multi-Bernoulli (LMB) [89] and multi-
Bernoulli mixture (MBM) [125] RFS distributions may be obtained.

Direct computation of (3.77) is only feasible for small M due to the sum over
all permutations Z; W Zy W Z3. For large M, an alternative formulation based on
Fourier transforms allows fast numerical computation. For each MB component,
the integral <13, p(i)> is computed either by summing the weights of the partitioned
GM or by Monte Carlo integration. Using the integral results, the probability of

object 7 existing inside the FoV is found as
rg) = <13,p(i)> (3.78)

Then, following the approach of [32], (3.77) can be equivalently written as

M M
1 . .
ps(n) = — ) Z {6]27rmn/(M+1) H [Tgk)e]2ﬁm/(M+1) +(1- Tgk))]} (3.79)
M k=1

and solved using the discrete Fourier transform, for which a number of efficient

algorithms exist.
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3.5.4 Generalized Labeled Multi-Bernoulli Distribution

The GLMB LRFS is among the most descriptive RFS distribution classes and is a
conjugate prior under the GLMB filter “standard” transition and likelihood density
models. The following proposition establishes the FoV cardinality distribution for
GLMB distributions.

Proposition 4. Given a GLMB density f(X) of the form of (2.27), the cardinality

of objects inside a bounded FoV' § 1is distributed according to

) =3 wODs.(T]) (15, p)™ (1~ 15, p)™ (3.80)

(5 T1WIs)eExF (L )

Proof: Equation (3.66) can be rewritten to accommodate the labeled RFS as

ps(n] X) = 37 (s = 151 (381)

If X is distributed according to the LRFS density f (X ), the FoV cardinality dis-

tribution is obtained via the set integral

ps(n) = [ pstn] ) fR)5X (3.82)
Expanding the integral,
ROED DRI DI PR AN
m=n"" (f1, .. l)EL™ m
UL )y (K €)X - - - A (3.83)

Defining p'&9(z) £ p©(z,£), substitution of (2.27) and (3.81) into (3.83) yields

oo

1
ps() = > —ml > S w({,. b))
m=n {l1,...0m }EL™ EEE
Z <15,p(§")> <1 . 1S’p(§7.)>{£1 ..... L NI
I"C{l1,..4m}

= SO S (e N (1 - 16, 5NN (384)

(&,1)e=ExF(L) mcrI
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from which (3.80) follows. |

Remark. Substitution of n = 0 in (3.80) gives the GLMB wvoid probability func-
tional [12, Eq. 22], which, while less general, has theoretical significance and prac-

tical applications in sensor management.

3.6 Sensor Placement Example

The FoV statistics developed in this chapter are demonstrated through a sensor
placement optimization problem subject to multi-object uncertainty. The multi-
object state is unknown, random, and distributed according to a known MB dis-
tribution f(X). Numerical simulation is performed for the case of 100 MB compo-
nents, with probabilities of existence randomly chosen between 0.35 and 1. Each
MB component has a Gaussian density and randomly chosen mean and covariance.

To visualize the workspace distribution, the PHD is shown in Fig. 3.9.

30

25

PHD

-2 -1 0 1 2

Figure 3.9: PHD of MB workspace distribution with 100 potential objects, where
object means are represented by orange circles and the bounds of the FoV that
maximizes the FoV cardinality variance are shown in white.

The objective of the sensor control problem is to place the FoV S(u), consisting
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of a square of 1 x 1 dimensions centered at u € U C R? in the ROI (Fig. 3.9)
such that the variance of object cardinality inside the FoV is maximized. This
objective can be interpreted as placing the FoV in a region of the workspace where
the object cardinality is most uncertain. A related objective which minimizes the
variance of the global cardinality using cardinality-balanced multi-object multi-
Bernoulli (CB-MeMBer) predictions was first proposed in [51]. For each candidate
FoV placement u € U, the FoV cardinality pmf psw(n) is given by (3.77) and is
efficiently computed using (3.79). The variance of the resulting pmf is shown as a
function of the FoV center location in Fig. 3.10. The optimal FoV center location

is found to be u* = [-0.8 — 1.25]7.

A compelling result is that, by virtue of the bounded FoV geometry, spatial
information is encoded in the FoV cardinality pmf. It can be seen that the optimal
FoV (Fig. 3.9) has boundary segments (lower half of left boundary and right half of
lower boundary) that bisect clusters of MB components. These boundary segments
divide the components’ single-object densities such that significant mass appears

inside and outside the FoV, increasing the overall FoV cardinality variance.

Note that, by the proposed FoV cardinality objective function, the only sensor
parameter considered is the FoV geometry and location. In general, it may be
desirable to consider other sensing parameters which may vary with u, such as the
probability of detection within the FoV, the false alarm distribution, and sensor
noise. The following chapters present objective functions based on information
gain that account for the complete probabilistic sensing model in a theoretically

rigorous fashion.
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Figure 3.10: FoV cardinality variance as a function of FoV center location, where
the red star denotes the maximum variance point.

3.7 Conclusions

This chapter presents an approach for incorporating bounded field-of-view (FoV)
geometry into state density updates and object cardinality predictions via finite set
statistics (FISST). Negative information is processed in state density updates via
a novel Gaussian splitting algorithm that recursively refines a Gaussian mixture
approximation near the boundaries of the discrete FoV geometry. Using FISST,
cardinality probability mass functions that describe the probability that a given
number of objects exist inside the FoV are derived. The approach is presented for
representative labeled and unlabeled random finite set distributions and, thus, is

applicable to a wide range of tracking, perception, and sensor planning problems.
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CHAPTER 4
SINGLE SENSOR INFORMATION-DRIVEN CONTROL

4.1 Introduction

Many modern multi-object tracking applications involve mobile and reconfigurable
sensors able to control the position and orientation of their FoV in order to expand
their operational tracking capacity and improve state estimation accuracy when
compared to fixed sensor systems. By incorporating active sensor control in these
dynamic tracking systems, the sensor can autonomously make decisions that pro-
duce observations with the highest information content based on prior knowledge
and sensor measurements [34, 122, 121]. Also, the sensor FoV is able to move and
cover large regions of interest, potentially for prolonged periods of time. By ex-
panding the autonomy and operability of sensors, however, several new challenges
are introduced. As the sensor moves and reconfigures itself, the number of objects
inside the FoV changes over time. Also, both the number of objects and the ob-
jects’ states are unknown, time-varying, and subject to significant measurement
errors. As a result, existing tracking algorithms and information gain functions
(e.g., [34, 122, 121, 100]) that assume a known number of objects and known data
association, are either inapplicable or significantly degrade in performance due to
measurement noise, object maneuvers, missed/spurious detections, and unknown

measurement origin.

Through the use of RFS theory, this chapter formulates the multi-object
information-driven control problem as a partially-observed Markov decision pro-
cess (POMDP). Sensor actions can then be decided to maximize the expected

information gain conditioned on a probabilistic belief state. Information-theoretic
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functions, such as expected entropy reduction (EER) [19, 128], Cauchy-Schwarz
Divergence (CSD) [50, 11, 43], KLD [41], and Rényi divergence [91, 92], have
been successfully used to represent sensing objectives, such as detection, classifi-
cation, identification, and tracking, circumventing exhaustive enumeration of all
possible outcomes. However, RFS-based information-theoretic sensor control poli-
cies remain computationally challenging. Alternatively, they require simplifying
assumptions that limit their applicability to SWT systems. Existing tractable
solutions employ the so-called predicted ideal measurement set (PIMS) approx-
imation [76], by which sensor actions are selected based on ideal measurements
with no measurement noise, false alarms, or missed detections. This chapter
presents a new computationally tractable higher-order approximation called the
cell multi-Bernoulli (cell-MB) approximation for a restricted class of multi-object
information gain functions satisfying cell-additivity constraints. Unlike existing
approximation methods, the cell-MB approximation accounts for higher-order ef-
fects due to false alarms, missed detections, and non-Gaussian object probability

distributions.

The cell-MB approximation and KLD information gain function presented in
this chapter also account for both discovered and undiscovered objects by enabling
the efficient computation of the RFS expectation operation. In particular, a par-
tially piecewise homogeneous Poisson process is used to model undiscovered objects
efficiently over space and time, including in challenging settings in which objects
are diffusely distributed over a large geographic region. Prior work in [81] estab-
lished a multi-agent PHD-based path planning algorithm aimed at maximizing the
detection of relatively static objects. In [39], the exploration/exploitation problem
was addressed by establishing an information-theoretic uncertainty threshold for

triggering pre-planned search modalities. The occupancy grid approach in [79] was
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successfully implemented for tracking and discovering objects with identity-tagged
observations. Task-driven approaches were considered in [42] and [17] based on
LMB and Poisson multi-Bernoulli mixture (PMBM) priors, respectively. However,
these existing methods all rely on the PIMS approximation and, therefore, neglect

the contribution of nonideal measurements in the prediction of information gain.

The new RFS information-driven approach presented in this chapter derives
a cell-MB approximation of the RFS information gain expectation that accounts
for nonideal measurements. A new KLD function is shown to be cell-additive and
employed to represent information gain for discovered and undiscovered objects
and, subsequently, is approximated efficiently using the cell-MB decomposition.
The effectiveness of this new approach is demonstrated using real video data in a
challenging tracking application involving multiple closely-spaced vehicles maneu-
vering in a cluttered and remote environment. The proposed approach is demon-
strated by tracking and maintaining discovered vehicles using an optical sensor
with a bounded FoV, while simultaneously searching and discovering new vehicles

as they enter the surveillance region.

4.2 Problem Formulation

This chapter considers an online SWT problem involving a single sensor with a
bounded and mobile FoV that can be manipulated by an automatic controller,
as illustrated in Fig. 4.1. The sensor objective is to discover and track multiple
unidentified moving objects in an ROI that far exceeds the size of the FoV. The
objects are characterized by partially hidden states and are subject to unknown

random inputs, such as driver commands, and may leave and enter the ROI at any
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time. The sensor control inputs are to be optimized at every time step in order to
maximize the expected reduction in track uncertainty, as well as the overall state

estimation performance.

Figure 4.1: Conceptual image of multi-object search-while-tracking, wherein the
sensor field-of-view § is controlled to maximize the cell multi-Bernoulli approxi-
mated information gain.

The number of objects is unknown a priori and changes over time because
objects enter and exit the surveillance region as well as, potentially, the sensor
FoV. Let Nj denote the number of objects present in the surveillance region W
at time k. The multi-object state X}, is the collection of Ny single-object states at

time k and is expressed as the finite set
Xk:{xk,ly"'axk‘,Nk} S J_"(X) (41)
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where xy,; is the ith element of X, and F(X) denotes the collection of all finite

subsets of the object state space X.

The multi-object measurement is the collection of M) single-object measure-

ments at time k£ and is expressed as the set
Zk = {Zk71, e ,Zk7Mk} S JT"(Z) (42)

where Z denotes the measurement space. The sensor resolution is such that single-
object detections z;; are represented by points, e.g., a centroidal pixel, with no
additional classification-quality information. Because detections contain no iden-
tifying labels or features, the association between tracked objects and incoming

measurement data is unknown.

Depending on the sensor, object detection may depend only a partial state
s € Xy C R™, where X; x X, = X C R™ forms the full object state space. For
example, the instantaneous ability of a sensor to detect an object may depend
only on the object’s position. In that case, X, is the position space, and X, is
composed of non-position states, such as object velocity. This nomenclature is
adopted throughout the chapter while noting that the approach is applicable to

other state definitions.

The sensor FoV is defined as a compact subset S, C X,. Then, object detection

is assumed to be random and characterized by the probability function

Pk (Xk; Sk) = 1s, (k) - o k(Sk) (4.3)

where the single-argument function pp x(si) is the probability of object detection
for an unbounded FoV. When an object is detected, a noisy measurement of its

state xj is produced according to the likelihood function
Zjp ~ gk(Zk|Xk) (44)
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where z; € Z. In addition to detections originating from true objects, the sensor
produces extraneous measurements due to random phenomena, which are referred
to as “clutter” or “false alarms.” Each resolution cell (e.g., a pixel) of the sensor
image plane is equally likely to produce a false alarm, and thus, the clutter process
is modeled as a Poisson RFS process with PHD k. x(z) [9]. Further discussion on

Poisson RFSs and the PHD function can be found in Section 2.3.1.

Let u; € Uy denote the sensor control inputs that, through actuation, deter-
mine the position of the sensor FoV at time k, Si, where Uy, is the set of all admis-
sible controls at time k. The control uy influences both the FoV geometry, S, and
the sensor measurements, Z;, due to varying object visibility. Because in many
modern applications the surveillance region WV is much larger than the sensor FoV,
only a fraction of the total object population can be observed at any given time.
Therefore, given the admissible control inputs Uy, let the field-of-regard (FoR) be
defined as

72 J Siw) (1.5)

u, Uy

and represent the composite of regions that the sensor can potentially cover (al-

though not simultaneously) at the next time step.

Then, the sensor control problem can be formulated as an RFS POMDP [91,
62, 21], that includes a partially- and noisily-observed state X}, a known initial
distribution of the state fy(Xo), a probabilistic transition model fyp—1 (X5 Xi-1),
a set of admissible control actions U, and a reward R, associated with each
control action. At every time k, an RFS multi-object tracker provides the prior
frje—1(Xk|Zok—1) and the sensor control input is chosen so as to maximize the

expected information gain, or

u; = argmax {E [Ry(Zi; Sk, fup—1(Xe| Zow—1), Boun—1)] } (4.6)

up €Uy
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where the functional dependence of Z; and S; on uy is omitted for brevity here
but is described in [75]. Upon applying the sensor control input, the multi-object
observation Zj is received and processed by the RFS multi-object tracker to pro-
duce the posterior belief state fp(Xy|Zo.x). In this dissertation, Ry is taken to
be an information gain function, while noting that the presented results are more
broadly applicable to any integrable reward function satisfying the cell-additivity

constraint defined in Section 4.3.

A computationally tractable approximation of the expected information gain
in (4.6) is derived using the new cell-MB approximation presented in Section 4.3.
Based on this approximation, a new sensor control policy for SWT applications
is obtained in Section 4.4 using a joint information gain function. The joint in-
formation gain formulation treats discovered and undiscovered objects as separate
processes, modeling undiscovered objects as a partially piecewise homogeneous
Poisson process. By this approach, a computationally efficient sensor controller is

developed for SWT over potentially large geographic regions.

4.3 Information-Driven Control

The objective of information-driven control is to maximize the value of the infor-
mation gained by future measurements before they are known to the sensor. The
expected information gain, therefore, can be obtained by marginalizing over the
set Z, using an available measurement model. Then, the expected information

gain obtained at the next time step can be obtained from the set integral

E[Ry] = /Rk(Zk;')f(Zk)5Zk (4.7)
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where f(Zy) is the predicted measurement density conditioned on past measure-
ments. In general, direct evaluation of (4.7) is computationally intractable due
to the infinite summation of nested single-object integrals (see (2.21)). Further-
more, each integrand evaluation encompasses a multi-object filter update and sub-
sequent divergence computation. As such, principled approximations are needed

for tractable computation of the expected information gain.

4.3.1 The Cell-MB Distribution

A new approximation of RFS density functions is presented in this section and,
then, used to obtain the information gain expectation. This approach, referred to
hereon as the cell-MB approach, approximates an arbitrary measurement density
as an MB density with existence probabilities and single-object densities derived

from a cell decomposition of the measurement space.

Definition 1. Consider the decomposition of the space Y into P disjoint subspaces,
or cells, as

Y=Yu- @Y (4.8)

Given the cell-decomposition (4.8), the RFS

Y:{y17"'7Yn}

is considered to be cell-MB if it is distributed according to the density

FY) =AY, Y) [1 - T(-)}NP , Z lrﬂ)pﬂ—)(y())} v (4.9)

1 — 790
1§.717£7£]7L§P
where

1 |yn¥|<1vje{l,... P}
A(YY) £ (4.10)

0 otherwise
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and

/gfpj(y)dyzl, j=1,...,P (4.11)

The cell-MB distribution is a special case of the MB distribution in which the

probability of more than one object occupying the same cell is zero.

In [80], a collection of Bernoulli distributions was defined over an occupancy
grid by integration of the PHD for dynamic map estimation applications. In-
spired by [80], in this chapter, a general cell-MB approximation is developed for
an arbitrary density and appropriate cell-decomposition. The following proposi-
tion shows that the best cell-MB approximation, as defined by KLLD minimization,
has a matching PHD and cell weights equal to the expected number of objects in

each cell.

1 P
Proposition 5. Let f(Y) be an arbitrary set density with PHD D(y) and Y- - -0Y

be a cell decomposition of space Y such that

ﬁD(y)dyg 1, j=1...,P (4.12)
¥

If f(Y) is a cell-MB distribution over the same cell-decomposition with parameters

{r3, P}, the KLD between f(Y) and f(Y) is minimized by parameters

Jj=1

rl = /1j(Y)D(Y)dY (4.13)

P(y)==1,(y)D(y) (4.14)

The proof is provided in Appendix A.2. When applied to the predicted mea-
surement density, the cell-MB approximation results in a simplified multi-object
expectation for a restricted class of information gain functions, as described in the

following subsection.
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4.3.2 Information Gain Expectation: Cell-MB

In order to reduce the computational complexity associated with the set integral
in (4.7), this subsection shows that the multi-object information gain expecta-
tion simplifies to a finite sum involving only single-object integrals, assuming the
measurement is cell-MB distributed and the information gain function in (4.7) is

cell-additive, as defined in this subsection.
J
Given the FoV § C X, let the abbreviation S denote the intersection function
I A oA J
S=uS,j)=SNX, (4.15)

Furthermore, assume that position state cells do not overlap at the FoV bounds,

j
such that each position state cell X; is either wholly included in or wholly excluded

by S:

J

X A\S=0 vE£0 (4.16)

The FoV alignment constraint of (4.16) is assumed to hold throughout the disser-
tation. This is without loss of generality, as a cell §j§8 can be trivially subdivided
in the event (4.16) does not hold such that, under the new decomposition, the
condition holds. Then, the cell-additivity condition can be defined as follows.

1 P
Definition 2. Given a decomposition ZW - --WZ of space Z, the information gain

function Ry () is cell-additive if

P . .
J ]
Ri(Zi; Sk) = Y Ri(Zi N 2 Sy (4.17)

j=1
Theorem 1. Let Z; be distributed according to the cell-MB density f(Zy) with

parameters {r?, p’ }I_| and the cell decomposition

Z=74 W (4.18)
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If the information gain function Ry(-) is integrable and cell-additive (Def. 2), then

the expected information gain is
P j
= Ri(;8k) (L—17) + RS, -7 (4.19)

where

Ry 2 | Rullak:Sop (@) (4.20)

Proof of Theorem 1 is given in Appendix A.3.

Remark. In (4.17), (4.19), and (4.20), the auziliary information gain arguments
are suppressed for brevity and to highlight the structure of the cell-MB approxima-

tion.

The remainder of this chapter considers information gain functions satisfying
the cell-additivity constraint of (4.17), such as the PHD filter based KLD informa-
tion gain. Note that adopting the PHD filter for estimating the information gain
does not require using it for multi-object tracking. Given an arbitrary RFS prior
density frr—1(X) and its PHD Dyjx_1(x), the PHD-based KLD information gain
is

Ri(Z;S, Dyjp—1) = /XDkk_l(X) A1l — Lz(x;8) + Lz(x;8)log[Lz(x;S)] }dx

(4.21)

where the pseudo-likelihood function

Q) . po(x;S) - g(z[x)
LZ(X,S)—I—pD(X,S)+Z o +pr < S)glelx) Dun 1 (X)x (4.22)

z€Z
is adopted from [75, p. 193]. Note that, in (4.21), the information gain is written
explicitly as a function of Dyx—; in place of the full RF'S density fix—1 to empha-
size that the reward depends only on the prior PHD. The following proposition

establishes that (4.21) is cell-additive for appropriate cell decompositions.
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Proposition 6. Assume there exists a decomposition
1 P 1 P
7=7W---WZ, X=X4.--wX (4.23)
such that (4.16) is satisfied, and assume that an object in a given cell can only

generate measurements within its corresponding measurement cell; i.e.:
j j/ . .,
Dyjp-1(x)g(z[x) =0 VxeX z2€Z,j#) (4.24)
Then, the PHD-based KLD is cell-additive:

P o
Ri(Z:8, Dyr) = 3 Ru(Z N Z: 8, Dy 1) (4.25)
j=1

Proof of Proposition 6 is provided in Appendix A.4. Proposition 6 establishes
that for appropriate cell decompositions, the PHD-based KLD for a given FoV is
equivalent to the sum of PHD-based KLD information gains for smaller “virtual”
FoVs. Perfect cell-additivity requires satisfying (4.24), which, in turn, implies
that an object in cell §Z§ does not generate a measurement in é forv # 5. In
general, violations of (4.24) are tolerable and result in approximation errors that
are negligible in comparison to the stochastic variations in the actual information
gain. Furthermore, these simplifying assumptions need not be satisfied by the

multi-object tracker.

The cell-MB approximation accounts for the potential information gain of non-
ideal measurements, which may include missed detections, clutter, and measure-
ments originating from new objects. The latter case is particularly important for

the search of undiscovered objects, as is shown in the following section.
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4.4 Search-While-Tracking (SWT) Sensor Control

This section presents a joint information gain function and associated sensor con-
trol policy that takes into account both discovered and undiscovered objects. The
information gain function proposed in Section 4.4.1 balances the competing ob-
jectives of object search and tracking by means of a unified information-theoretic
framework. Sections 4.4.2 and 4.4.3 derive the expected information gain functions
for discovered and undiscovered objects, respectively, the combination of which is
maximized by the sensor control policy in Section 4.4.4. Sections 4.4.5 and 4.4.6
describe multi-object filters for recursive estimation of the undiscovered and discov-
ered object densities, respectively, and the overall SW'T algorithm is summarized

in Section 4.4.7.

4.4.1 Joint Information Gain Function

Separate density parameterizations for discovered and undiscovered objects are
employed such that their unique characteristics may be leveraged for computational
efficiency. Let X, € F(X) be the state of objects that were not detected during
steps 0,...,k — 1 and Xy, € F(X) be the state of objects detected prior to k.
Denote by Z,, , Zak, and Z.j, the detections generated by X, x, X4, and clutter,
respectively. Let Vj £ Zap U Zey and Wy =S Zuj U Z . Then, the sensor control
policy is defined in terms of the joint information gain as

u; = arg max {E[Ri(Vk; Sk(ug))] + E[RE(Wr; Sk(uk))]} (4.26)

u, €Uy
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where

Ri(5) = R+, Dagir—1) (4.27)

Ri(5+) = Ri(s5 5 Duglr—1) (4.28)

are used for brevity, and Dg—1 and D, jx—; are the prior PHDs of discovered and
undiscovered objects, respectively. The individual information gain expectations
for discovered and undiscovered objects are derived in the following subsections.

4.4.2 Expected Information Gain of Discovered Objects

If frje—1(Vi) is cell-MB with parameters {rJ, p? }2”_, | then from Theorem 1 it follows

L
that
E[R]] = XPI R (0; ék) (1—ri) + 7%5;3;(3*,6) crd (4.29)
g

where
RES) 2 [ Ri((a): S)wia)da (430)
S = [, D25 (4.31)
P(2:8) = 1, (2) Do sgis (2:.S) (4.32)

iz
The multi-object tracker provides the prior GLMB density fp7k|k,1()o(p7k|Z0:k_1),
from which the discovered object PHD is obtained as

D pjr-1(x) = Z Z w®(1)p® (x, £) (4.33)

(I, eF(L)xE Lel
The PHD Dy yx—1 can be obtained from the predicted measurement density

frje—1(Vi) through application of (2.20). From the prior GLMB density,

fp (Vi) = / G (Vi) fapr (X)0% (4.34)
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Given a GLMB prior, explicit computation of the predicted measurement den-
sity is computationally challenging. Thus, Dy -1 is directly computed from the

discovered object PHD using the approximation

Dch\k:—l(Z;S) ~ /Dd,kk—l(x)pD,k(X§ S)gr(z]x)dx + f%,k(z) (4.35)

Because an analytic solution of the integral in (4.30) is not available, a numer-
ical quadrature rule is employed. In the proposed approach, a measurement cell is
further tessellated into regions {Q = Jl C Z based on the anticipated information
value of measurements within each region, as illustrated in Fig. 4.2. Then, given a
representative measurement z;, for each region, the conditional information gain

expectation is approximated as
Rgi ~ ZRd {z:}: S) (Z] i)Aj (4.36)

J
where A;; is the volume of region ;. By this approach, the PHD-based KLD
information gain function is only evaluated R; times. Further details regarding
the computation of the quadrature regions and representative measurement points

are provided in Appendix A.5.

4.4.3 Expected Information Gain of Undiscovered Objects

This subsection presents a new approach to efficiently model the undiscovered
object distribution, which may be diffuse over a large region. Although GMs and
particle representations can be used to model undiscovered objects, they are highly
inefficient at representing diffuse distributions. Thus, in this chapter, the position-

marginal density of undiscovered objects is taken to be piecewise homogeneous
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Figure 4.2: Example quadrature of the single-measurement conditional expected
information gain, where representative measurements z;; are denoted by red dots
and quadrature regions are outlined in cyan.

with PHD

“ Njklk—1 (4.37)

J
where Aj -1 is the expected number of undiscovered objects in X, at time step
J J
k and A(Xj) is the volume of cell X;. For ease of exposition, the undiscovered
object PHD is modeled using the same cell decomposition employed in the cell-MB

approximation.
If fip—1(Wy) is cell-MB with parameters {rJ,, p?,}1, then by Theorem 1,

=0

P . .
J . ~A . ] .
B[Ry =Y R0 8k) (1= 1)) + Rui(Se) - 74, (4.38)
j=1
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where

RS) 2 [ Ri((ahi (o) (4.39)
r3,(S) :/1%(Z)Dw,k|k—l(z§8)dz (4.40)
Ajiklk—1
~ ——— [, pp(s;S)ds (4.41)
m®/s
P (2:8) = %1%(Z)Dw,kk—l(z§ S) (4.42)
Dw’k|k,1(z;8) = /Du,k|kl<x)pD,k<X; S)gk<Z’X)dX+ /‘iqk(Z) (443)

Under a piecewise homogeneous PHD, the undiscovered object information gain
simplifies drastically if the measurement likelihood is independent of non-position

states: i.e. g(+[x) = gx(-[s). Following (4.21),

(4.44)

Given that at most one measurement may exist per cell, two cases need to be
considered: the null (empty) measurement case and the singleton measurement
case. Letting W}, = (), and after some algebraic manipulation, the undiscovered

object information gain for a null measurement can be written as

Ry(0:50) = S Ri(0:81) (4.45)

Rz(@, cjgk) = )‘j,k|k—1 . dj . (1 — (5(])((%]0) (446)

d s — / po(s) + (1 — pp(s)) loglL — po(s))ds (4.47)
A(X,) 7

Furthermore, if the probability of detection is homogeneous within cells such that
J
pp(s) =pp,; Vs eX (4.48)
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then (4.47) simplifies to

dj =pp,;+ (1 —pp;)log(l —pp;) (4.49)

For the singleton measurement case, similar analytic simplifications of the con-
ditional information gain (4.39) are limited. However, within a cell, the uniform
position density of undiscovered objects is known a priori up to an unknown factor
Ajkjk—1- Thus, the undiscovered object information gain can be pre-computed for
efficiency and

“~ . J _ .
R&’fk(é’k) ~ R (/\j,k‘kfl) (450)

W

where the function R%’ (), 4x—1) returns interpolated information gain values over

Aj k-1 € [0,1].

4.4.4 Field-of-View (FoV) Optimization and Sensor Con-

trol

Prior to optimization of the FoV, the information gain associated with each cell

in the FoR is computed, as described in Algorithm 4. The FoR cell information

P
Jj=1

gains for discovered and undiscovered objects are stored as arrays {R%[/] and
{R¢17] le, respectively. Then, the optimal FoV is found as the one composed of
the cells with the highest composite information gain, without reevaluating the
information gain. With this, the sensor control that produces the desired optimal
FoV can be written as

uj, = argmax Z (R[] + REL)) (4.51)

uclUy P
JENp, X, CSy(u)
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Algorithm 4 FoR Information Gain Pseudocode
Input: Tx, fujr_1(X), Dukj_1(X)

Compute Dgjj—1(x) from fk|k,1()o() ( )
Compute D yjr—1(2; Tr) (4.35)

J
for j=1,..., P for j such that X, € T do
] [ 1%(Z)Dv,k|k71(z§ Tr)dz
7l — f 1j 2) Dy, kje—1(2; Tr,)dz

Compute R (T ) (4.36)
Compute R%%,(T) (4.50)
Rl REW (1 1) + RE () 1]

Ry REW: T (1= 13) + REL(Ta) -7

end for
return (Rg[ ])] 1 (Ru[ ])J 1

Remark. Ezplicit computation of the cell-MB single-object densities pl. and p, is
not required. Instead, these densities are implicitly computed when evaluating the

17 ) ) ) y > d:] > ’ll,,j
conditional information gain expectations Ry and Ry

4.4.5 Undiscovered Object Prediction and Update

The prediction and update of the undiscovered object PHD is accomplished using
the cell-discretized PHD filter. The prediction step incorporates undiscovered ob-
ject motion, birth, and death. The undiscovered object distribution parameters

are predicted and updated as

P
Ajklk—1 = ABjk + Zps,ik Pjji - Aig—1 (4.52)
=1
j
Ajk = [1 —ppj-(1— 50(«%))} “ Njklk—1 (4.53)
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where Ap ;i is the expected number of newborn objects in cell j, pg; is the
probability that an object in cell < not detected before k survives, and Pj, is the

probability that an undiscovered object moves to cell 5 given that it exists in cell 7.

4.4.6 Discovered Object Tracking

Discovered object tracking is performed using the data-driven GLMB filter. While
a detailed description of the data-driven GLMB filter is beyond the scope of this
chapter, one important consideration is highlighted involving the FoV-dependent
nonlinear probability of detection. The data-driven GLMB is implemented in GM

form, such that single-object densities are

J© ()
Ox, 0= > w (ON(xmE(0), P (0) (4.54)

i=1
It is through the FoV-dependent pp that the filter probabilistically incorporates

the knowledge of where objects were not observed.

In the filter, products of the form pp(x; S)p®)(x) are expanded about the GM
component means. The accuracy of this expansion is dependent on the GM res-
olution near the FoV boundaries. Thus, the recursive splitting algorithm (Algo-
rithm 1) is employed to identify and split Gaussian components that overlap the
FoV boundaries into several “smaller” Gaussians. The resulting J'®)(¢) component
mixture replaces the original density, enabling the accurate zeroth-order expansion

approximation

J'(€:0)

po(x:8)p Z wpp (MY S)N (x;ml&Y, PEY) (4.55)

An example is provided in Fig. 4.3, wherein the prior density is split prior to a

Bayes update, allowing for the accurate incorporation of negative information from
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a non-detection.

(a) (b)

Figure 4.3: Prior object density and FoV (a), and posterior object density after
recursive split and non-detection (b).

4.4.7 Numerical Implementation

This subsection summarizes the SWT algorithmic implementation. At each step
k, a time-update (2.32), (4.52) of the previous posterior densities yields predicted
prior densities for the time of the next decision. The FoR is constructed from
admissible control actions as shown in (4.5), and the expected information gain
for each cell within the FoR is computed. The candidate FoV that contains the
maximizing sum of cell information gains is found, and the corresponding control
(4.51) which yields that FoV is applied. The sensor collects a new multi-object
measurement which is processed in the data-driven GLMB filter to update the
multi-object density, giving the posterior density in (2.33). The algorithm is sum-

marized in Algorithm 5.
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Algorithm 5 SWT Sensor Control Pseudocode
Input: fo()of), D, 0(x)

forokzl,o.‘.,K do ) .
Jepe—1(X), Dy gjr—1(x) <= filter_prediction(fr—1(X), Dyr-1(x))  (2.32),
(4.52)
(RiliD)iz1s (RiElDf=1 « FoR_information_gain(7k, fre—1(X), Dusir-1(X))
Alg. 4
u; < maximize_expected_reward((R{[j])I_, (RE[1])i-) (4.51)
Sk(uj) < apply sensor control
Zo’f — olatain measurement ) )
]ik|k—ol(X) — Split_for_FOV(fk‘ko_l(X),o Sk) [67]
fk(X), Du,k < filter_update(fk‘k_l(X), Du7k|k—1(x>, Zk, Sk) (233), (453)
end for

4.5 Application to Remote Multi-Vehicle SWT

The cell-MB SWT framework is demonstrated in a vehicle tracking problem using
real video data. The video was recorded using a fixed camera with a large FoV
(Fig. 4.4.a), and real-time FoV controlled motion was simulated by windowing the
data over a small fraction of the image, as illustrated in Fig. 4.4.b. This dataset
presents significant tracking challenges, including jitter-induced noise and clutter,
unknown measurement origin, merged detections from closely-spaced vehicles, and

most significantly, temporal sparsity of detections.

4.5.1 Ground Vehicle Dynamics

Vehicle dynamics are modeled directly in the image frame. While vehicle dynamics
are more naturally expressed in the terrestrial frame, the camera’s precise location
and orientation are unknown. Thus, transformation between image and terrestrial

coordinates could not be readily established.
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Figure 4.4: Example video frame (a), artificially windowed to emulate smaller,
movable FoV, which is enlarged in (b) to show detail.

The object state is modeled as
xp=[si Gl (4.56)
se =[G ml, Co=16 m " (4.57)

where & and 7, are the horizontal and vertical coordinates, respectively, of the ve-
hicle position with respect to the full-frame origin, & and 7 are the corresponding

rates, and {2 is the vehicle turn rate.

Vehicle motion is modeled using the nearly coordinated turn model with direc-

tional process noise [9, 127] as

Xp1 = fr(xn) + Trvp(se) (4.58)
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where

10 sin(g:At) _kcosggizkm) 0
01 1—c0s§gilkAt) sin(g:At) 0
fi(xx) = [0 0 cos(QAL) —sin(QAL) 0| Xk (4.59)
0 0 sin(QrAt)  cos(QAL) 0
00 0 0 1]
$(At)Toys 0O9yy
Tr= 1| (At)yxo 024 (4.60)

O1x2 At

where At = 1 [sec] is the discrete time step interval, I,,x, denotes the n x n iden-
tity matrix, and 0,,x, denotes the m x n matrix whose elements are zero. The

covariance of the process noise is

D*(s)QqD(s) 0

Elvwi] = Qu(s) = (4.61)
01x2 032
2 .
Q, of 0 . D(s) = cos¥(s) sin¥(s) (4.62)
0 o2 —sin¥(s) cosU(s)

where g = 180 [arcmin/sec| is the turn rate process noise standard deviation,
o = 5 [pixel/sec?| and o,, = 0.01 [pixel/sec?] are the standard deviation of process
noise tangential and normal to the road, respectively, and W(s) is the angle of the
road segment nearest s, measured from the horizontal axis to the tangent direction.

The true trajectories of all moving objects are shown in Fig. 4.5.

4.5.2 Sensor and Scene Model

Object detections are generated from raw frame data using normalized difference

change detection [99] and fast approximate power iteration subspace tracking [6]
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Figure 4.5: True trajectories of moving objects with an example image as frame
as background.
for temporal background estimation. The single-object measurement function is

linear-Gaussian with corresponding likelihood
9(z|x) = N(z; Hx, R), (4.63)
H = |:I2><2 02><3:| ) R =9 I [PiXGlZ] (464)

The sensor FoV is a rectangular region that is 240 pixels wide and 160 pixels
tall. Moving objects within the FoV are assumed to be detectable with probability

pD’k(Sk) =0.9.

The scene is tessellated by a 16 x 32 grid of uniformly sized rectangular cells as
shown in Fig. 4.6. Within the scene, an ROI is specified which contains the scene’s
two primary roads and is denoted by 7 due to its equivalence to the FoR for this
problem. Within the ROI, cells containing road pixels comprise the set B, which
is used to establish an initial uniform distribution of undiscovered objects. Thus,
following the assumptions established in Section 4.4.3, the initial undiscovered

object position marginal PHD is characterized by (4.37) with

J
0.137 XCB
)\j’(] = (465)
0 otherwise

which corresponds to an initial estimate of ten undiscovered objects in the scene.

78



Figure 4.6: Field-of-regard, 7, and primary road region B, with example image
frame as background.

4.5.3 Experiment Results

An experiment consisting of sixty time steps is performed. To emulate a pan/tilt
camera from the wider available frame data, the FoV is assumed to be able to be
moved to any location within the scene in a single time step. This is a reasonable
assumption as these adjustments would be less than a degree. While not considered
in this experiment, kinematic constraints can be easily imposed on sensor motion.
However, because the sensor control policy is solved myopically (one stage at a
time), some motion constraints may result in the sensor becoming “trapped” in
local maxima. Multi-stage information-driven control will be considered in future

work.

Some key frames of the experiment are shown in Fig. 4.7. In the early time
steps, the FoV motion is dominated by the undiscovered object component of the
information gain. As more objects are discovered and tracked, the observed actions
demonstrate a balance of revisiting established tracks to reduce state uncertainty

and exploring new areas where undiscovered objects may exist.

The performance of the SWT sensor control is evaluated by the multi-object

tracking accuracy, as measured using the generalized optimal sub-pattern assign-
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ment (GOSPA) metric [85]. The GOSPA metric, the number of missed objects,
and the number of false tracks over time are shown in Fig 4.8. The cell-MB SWT
sensor control effectively balances the competing objectives of new object discov-
ery and maintenance of established tracks, as illustrated by the decline in missed
objects and consistently low number of false tracks. An increase in GOSPA is ob-
served in the final time steps of the experiment, which is caused by a sharp uptick

in new object appearances.

Figure 4.7: FoV position and tracker estimates in the form of single-object density
contours for objects with probabilities of existence greater than 0.5, shown at select
time steps.

The average GOSPA over the experiment is compared with the PIMS-based
information driven control and random FoV motion in Table 4.1. The cell-MB
sensor control achieves significant improvement with respect to other methods in

the number of missed and false tracks, as well as the overall GOSPA metric, which
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Figure 4.8: GOSPA metric and component errors over time using cutoff distance
¢ = 20 [pixel], order p = 2, and o = 2.
encompasses cardinality errors and localization errors. While the PIMS approach

Table 4.1: GOSPA performance, averaged over experiment duration, with percent-
age improvement over baseline random control shown parenthetically.

Algorithm | GOSPA [pixel] Missed False
Cell-MB 37.84 (56%) 5.27 (168%) 0.97 (158%)
PIMS A7.46 (24%)  9.95 (42%) 0.90 (178%)
Random 59.07 (N/A) 14.10 (N/A) 2.50 (N/A)

performs poorly in this application, it should still be considered as a viable method

when using an information gain function that is non-additive.

4.6 Conclusion

This chapter presents a novel cell multi-Bernoulli (cell-MB) approximation that en-
ables the tractable higher-order approximation of the expectation of set functions

that are additive over disjoint measurable subsets. The cell-MB approximation is
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useful for approximating the expectation of computationally-expensive set func-
tions, such as information-theoretic reward functions employed in sensor control
applications. The approach is developed in the context of information-driven sen-
sor control in which the objective is to discover and track an unknown time-varying
number of non-cooperative objects with minimal estimation error. The problem is
formulated as a partially-observed Markov decision process with a new Kullback-
Leibler divergence-based information gain that incorporates both discovered and
undiscovered object information gain. In a demonstration using real sensor data,
the search-while-tracking sensor control is used to manipulate the sensor field-of-
view to discover and track multiple moving ground objects from an aerial vantage

point.
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CHAPTER 5
MULTIPLE SENSOR INFORMATION DRIVEN CONTROL

5.1 Introduction

Many modern robotic and aerospace systems employ multiple sensors for naviga-
tion, perception and surveillance. Sensors may be collocated on a single platform
or distributed across many agents or vehicles. Such systems, referred to as multi-
sensor systems, offer distinct advantages over single-sensor systems. Multi-sensor
systems are inherently more robust to individual sensor failures and, when dis-
tributed, can cover larger ROIs. Through the exchange of data over a connected
network of sensors, information from separate sources can be fused to provide more
refined classification assessments or state estimates. Examples of multi-sensor sys-
tems include terrestrial wireless sensor networks [84, 103, 3], underwater sensor
networks [109], SSA sensor networks [46, 45, 38, 39, 71, 98, 20], unmanned aerial
systems (UASs) [123], climate measurement systems [120], satellite systems [18],

and multi-static radar systems [27, 129, 105].

Dynamic and configurable sensor networks can offer even greater sensing ca-
pability, but require sophisticated coordination to maximize the collective perfor-
mance and avoid unwanted redundancy. While human-centric operation of multi-
sensor networks is feasible for small numbers of sensors, efficient orchestration of

large sensor networks ultimately requires machine-driven autonomy.

Multi-sensor control objective functions generally fall into one of two cate-
gories: task-driven and information-driven [61]. Task-driven objective functions

are typically heuristic and designed to encode some tangible goal, such as regional
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coverage, detection of objects, or object classification. Task-driven approaches are
often amenable to dynamic programming-based solutions and perform well in ap-
plications where the desired system behavior is well-described by a single goal or
figure of merit. Information-driven objective functions, on the other hand, are
theoretically rigorous and elegantly encapsulate multiple complex and competing
objectives. It is for these reasons that information-theoretic policies have been
described as “a near-universal proxy” to convey their ability to achieve similar

performance to tailored task-driven policies for a wide range of tasks [48, 61].

This chapter considers the problem of information-driven autonomous multi-
sensor SWT with an unknown and time-varying number of objects using noisy
measurements with unknown origin. In such scenarios, approaches that assume
prior knowledge of the number of objects [47, 104] are either inapplicable or exhibit
significant performance degradation. Recent work [57, 20, 83, 129, 117] has shown
that such problems can be formulated as an RFS POMDP, wherein the belief state
is described by a set density formed from the recursive assimilation of multi-sensor
measurement data. A key challenge of the RFS approach to multi-sensor control
is in evaluating the expected information gain which is generally intractable. For
this reason, all existing RF'S multi-sensor control approaches [57, 20, 83, 129, 117]
employ a computationally-inexpensive yet severe single-sample approximation of
the expected information gain known as the PIMS approximation. This chapter
presents the first RF'S multi-sensor control approach based on higher-order approx-
imations of the expected information gain which capture the contributions of non-
ideal measurements. In particular, this chapter treats the general and nontrivial
case in which sensor FoVs may fully or partially overlap, in which the information

gain is nonadditive across sensors.
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The remainder of the chapter is organized as follows: Section 5.2 describes
the problem formulation. Section 5.3 derives a cell-MB approximation of the
expected multi-sensor information gain for information gain functions satisfying
cell-additivity constraints. An information-theoretic reward based on iterated-
corrector updates is proposed and proven to satisfy the cell-additivity property
under appropriate cell-decompositions. Section 5.4 derives the information gain
for joint SWT by use of a joint representation of discovered and undiscovered ob-
jects and presents a computationally efficient suboptimal solution to multi-FoV
optimization. Section 5.5 includes a demonstration of the approach in a challeng-
ing SWT problem involving multiple remote sensors and ground vehicles, with

tracking performance analyzed and compared across different numbers of sensors.

5.2 Problem Formulation

This chapter considers an online SWT problem involving multiple homogeneous
sensors with bounded and mobile FoVs that can be manipulated by an automatic
controller, as illustrated in Fig. 5.1. The sensing objective is to discover and track
multiple unidentified moving objects in an ROI that far exceeds the size of the
FoV of an individual sensor. The objects are characterized by partially hidden
states and are subject to unknown random inputs, such as driver commands, and
may leave and enter the ROI at any time. The sensor control inputs are to be
optimized at every time step in order to maximize the expected reduction in track

uncertainty, as well as the overall state estimation performance.

The number of objects is unknown a priori and changes over time because

objects enter and exit the surveillance region as well as, potentially, the sensor
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Figure 5.1: Multi-sensor multi-object search-while-tracking with M = 3 sensors,
where due to sensor FoV overlap (green region), the information gain is nonadditive
over sensors.

FoVs. Let N, denote the number of objects present in the surveillance region W
at time k. The multi-object state X}, is the collection of Ny single-object states at

time k£ and is expressed as the finite set
X, = {Xk,17~--7xk,Nk} S .F(X) (51)

where x;; is the i*" element of X} and F(X) denotes the collection of all finite

subsets of the object state space X.

The multi-object measurement produced by sensor i is the collection of M,Ei)

single-object measurements at time k and is expressed as the set

20 =z, 7,0} € F(ZD) (5.2)

k

where Z(®) denotes the measurement space of sensor i. The sensor resolution is
such that single-object detections z; ; are represented by points, e.g., a centroidal
pixel, with no additional classification-quality information. Because detections
contain no identifying labels or features, the association between tracked objects

and incoming measurement data is unknown.
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The FoV of sensor 7 is defined as a compact subset S ,gi) € S, where S denotes the
space of compact subsets on X;. Then, object detection is assumed to be random

and characterized by the probability function,

p%)k(xkas( )) = 15£z‘>(5k) - Pp.k(Sk) (5.3)

where the single-argument function pgk(sk) is the probability of object detection
for an unbounded FoV. In general, sensor FoVs may overlap, in which case multiple
simultaneous detections may be made of the same object. When an object is de-
tected, a noisy measurement of its state x; is produced according to the likelihood
function

7, ~ gy (24]x) (5.4)

where z, € Z. In addition to detections originating from true objects, sensors

produce spurious measurements due to random phenomena, which are referred to

as clutter or false alarms. Each resolution cell (e.g., a pixel) of the sensor image

plane is equally likely to produce a false alarm, and thus, the clutter process is

modeled as a Poisson RFS process with PHD & ,)C( ) [9]. For simplicity, it is
(i) (i)

assumed that sensors are homogeneous such that pyy,.(-) = ppi(-), g5 (-) = gx(*),

and %ka(-) = Kcx(-) for all sensors i.

Let ug) € [U,(f) denote the sensor control inputs that, through actuation, de-
termine the position of the sensor FoV at time k, S,gi), where U,(f) is the set of all
admissible controls for sensor i. The control ug) influences both the FoV geometry,
S,gl , and the sensor measurements, Z , due to varying object visibility. Because
in many modern applications the surveillance region W is much larger than the
sensor FoV, only a fraction of the total object population can be observed at any

given time. Therefore, given the admissible control inputs [U,(f), let the FoR be
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defined as
e |J s (5.5)

ul e

and represent the composite of regions that the sensor can potentially cover (al-

though not simultaneously) at the next time step.

Then, the sensor control problem can be formulated as an RFS POMDP [91,
62, 21], that includes a partially- and noisily-observed state X}, a known initial
distribution of the state fo(Xo), a probabilistic transition model fyp—1(Xk|Xi-1),
a set of admissible control actions [U,(cl:M), and a reward R; associated with
each control action. At every time step k, an RFS multi-sensor multi-object
tracker processes incoming measurements to produce the posterior information
state fk(Xk\Zé:l,z, . Zé}\,?), where M denotes the total number of sensors. Then,
the sensor control input is chosen so as to maximize the expected information gain,

or,

W (it (Xl Z50) 2 argmax {B[Ri(Z0™ 8™, fe 1 (Xl 250D, w2 |}

ULI:M)G-US:M)

(5.7)
SIM 2 (g sM)y ¢ gM) (5.8)
1:M 1 M 1:M
u(():k—)l é (ué:l)f—l’ t 7u((]:k)—1> S Ué:k—)l (59)
UM 2 gl o ™ (5.10)
where the functional dependence of Z,EI:M) and S,EI:M) on u,(::M) is omitted for

brevity. In this chapter, Ry : ZIM x SEM x| x US:M) — R is taken to be
a multi-sensor information gain function, where F represents the space of valid
RF'S densities, while noting that the presented results are more broadly applicable

to any integrable reward function satisfying the cell-additivity constraint defined
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in Section 4.3. In general, the optimal decision may result in sensor FoVs that
partially or fully overlap, in which case the information value is not additive over

SEensors.

Policies of the form of (5.7) are sometimes referred to as myopic, as they only
consider the reward or information gain for the single next time step, thereby
reducing the computational complexity compared to longer-horizon planning poli-
cies. However, even in the reduced complexity myopic setting, direct evaluation
of the optimal policy p* is intractable due to the RFS expectation, which involves
an infinite summation of multivariate integrals. Optimization of sensor decisions
is further complicated by the high-dimensional admissible control space, which
grows exponentially with the number of sensors. Thus, principled approximations
of the optimal policy are required for tractability. Three forms of approximation

are considered in this chapter:

1. Approximation of the multi-sensor information gain using the PHD iterated-

corrector recursion (Section 5.3.1)

2. Approximation of the RFS expectation using the cell-MB approximation
(Section 5.3.1)

3. Constraints on admissible multi-sensor control actions (Sections 5.3.2

and 5.4.4)

5.3 Multi-Sensor Multi-Object Expected Information Gain

At every time step k, the multi-sensor decision uS:M) must be determined on the

basis of its resulting information value. However, because the future multi-sensor
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measurement is unknown and random, so too is the actual information gain. Thus,
a “risk neutral” strategy is to control sensors according to the expected informa-
tion gain. Given the known multi-sensor measurement distribution f(Z®™), the
information gain is averaged over all possible multi-sensor measurements via the

RFS expectation

E[R] = / R(ZUM, SUM)) p(7AM) 57572 ... 5 7(M) (5.11)

Direct computation of (5.11), which involves multiple set integrals, is clearly
intractable. This section shows, however, that for certain classes of information
gain functionals, the multi-sensor multi-object information gain expectation can
be approximated through nested cell-MB expectations. For clarity of presentation,
the approximation is first developed for the specific case of two sensors before

proceeding to the general case of M sensors.

5.3.1 Information Gain for Two Sensors with Common FoV

This subsection establishes the cell-MB approximation of the multi-sensor multi-
object information gain expectation for the case of two sensors. For conceptual
clarity and ease of exposition, it is assumed that the sensors have identical FoVs
SM = S§®?) = S. This is without loss of generally, as the result holds when applied

over regions of partial FoV overlap, as is shown in Section 5.3.2.

The cell-MB approach to multi-sensor information driven control is based
on cell-MB approximations of the “last” sensor’s measurement distribution
f(ZM)Y and of the conditional measurement distributions f(Z®|Z0+1M):S) for

1 =1,...,M — 1. In the case of two sensors, this corresponds to the approximation
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of f(Z@) and f(ZMW|Z?):8S) as cel-MB. By this approach, the expected multi-
sensor multi-object information gain reduces to a finite sum, as established more

formally in the following theorem.

Theorem 2. Let f(Z®) be cell-MB with parameters {ri,p'}}_ . Let the condi-

tional measurement density f(ZM|Z®;8) be cell-MB with conditional parameters
A J A J

{F(ZDNL), P (2| ZP N}, If R(ZW, ZP);8) is integrable and cell-additive,

then

EZ(U,Z(?) [R(Z(l),Z(2);S)] (5.12)

(1= )1 — P ()R (0, 0; )

I
E

.
Il

_I_
="

u_wwmt/ngq@& 7 (Z|0)d ]

1

J

+
Mw

o | [RO4a1 )0 - Pt )]

{/ (1)) | [ R4 2): 80 )| a1

The proof is provided in Appendix A.6. Equation (5.12) is the two-sensor

<.
Il

Mw

+

<.
Il

cell-MB expected multi-sensor reward. The right-hand-side (RHS) of (5.12) is
organized intentionally to reveal that the expectation considers four possible out-
comes for each cell. From top to bottom, the four groups of terms correspond to
the cases of “miss/miss,” “detect/miss,” “miss/detect,” and “detect/detect,” re-
spectively. That is, the first line of the RHS corresponds to the information gain
achieved when both sensors produce no measurements in a given cell. The second
(third) line, then, corresponds to the information gain for sensor one (two) produc-
ing a singleton measurement and sensor two (one) producing no measurement in

a given cell. Lastly, the fourth line corresponds to both sensors producing single-
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ton measurements. Unlike the previous terms, this “detect/detect” case involves

J J
integration over Z x Z and thus is the most computationally burdensome term.

In Theorem 2, the conditional density f(ZM|Z®);S) is taken to be cell-MB.
Recall that, given a suitable cell-decomposition, a cell-MB density approximation
can be obtained for an arbitrary density, as shown in Section 4.3.1. Specifically, by
Proposition 5, given the conditional density f(ZM|Z?);S) and its corresponding
conditional PHD D(z|Z®);S), the best cell-MB approximation is specified by the

parameters
. j . i
#(Z®N7Z) = / 1, (2)D(2] 2? N 7: &)dz (5.13)
Z

(2| Z2® m%) = 1,(2)D(z|Z2® mi;f?) (5.14)

In general, direct computation of f(Z(1)|Z?);S) may be impractical. Instead, the

conditional PHD can be approximated directly from the prior PHD as

D(Z|Z,Sk) %/Dk|k_1(X)Lz(X;8,Dk|k_1)pD7k<X;Sk)gk(Z|X)dX—|—:‘iak(Z) (515)
X

The remainder of this subsection establishes a multi-sensor information gain
approximation that satisfies cell-additivity constraints and thus can be applied in
concert with Theorem 2. Consider the KLLD multi-sensor information gain for the

case when the prior and posterior distributions are Poisson, where by (2.38),

. . Dyp(x
IKL,Pois(f(Xk‘Z(();l;;M)); f(Xk\Z(();l;;l\_/[i)) = No— N1 + /Dk|k(x> log (L()> dx
Dyjpe—1(x)
(5.16)
where Ng = [ Dyp—1(x)dx and Ny = [ Dy(x)dx. Recall that a Poisson RFS
distribution is completely described by its PHD. Thus, the multi-sensor posterior

can be approximated by the multi-sensor iterated corrector PHD update [72]:

Di(x) = Ly (%8, DIV (1 Z2D:8)) - Lyoy (%8, Die—r) - Dager () (5.17)
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where Dy, is the posterior PHD, Dy,—1(x) is the prior PHD, and

DV (x|Z2W;8) = Ly (x; 8, Diji—1) - Dgre1(X)

(5.18)

is the intermediate result of updating applying the first PHD update with Z(1.

By the iterated-corrector update (5.17), the KLD information gain is

Ri(ZD,ZP: S, Dypyy) = /XDkk;—l(X)'
[1 = Ly (x:8. D (12%:8)) - Ly (3: 8, Do)
+ Ly (%8, DV (12D 8)) - Lz (%;S, Diji—1)
-log (Lz(2) (x;S, D,(fl)(-|Z(1);S)) Ly (x5S, Dk|k_1)) dx
The following theorem establishes that (5.19) is cell-additive.

Theorem 3. Let the joint decomposition

1 P 1 P
Z=7w --WZ, X=X4.. uX

(5.19)

(5.20)

be such that (4.16) and (4.24) hold. Let both sensors share a common Sk, gi(z|x),

Ppk(X;Sk), and kei(z). Then, the multi-sensor iterated-corrector PHD KLD in-

formation gain (5.19) is cell-additive. That is

P . .
J J ]
Ri(ZM. 228y, Dyr) = Y Riu(Z2V N2, 2% N 2 Sy, Dyjs)
j=1

The proof is provided in Appendix A.7.

(5.21)

Thus, given the conditional celllMB parameters (5.13)-(5.14), and cell-

additivity satisfaction by Theorem 3, the expected multi-sensor multi-object in-

formation gain is obtained via Theorem 2. The significance of this result is that

the expectation, which is generally intractable due to the infinite summation of
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multivariate integrals (see (5.11) and (2.21)), is given by a finite sum. Note that

the terms corresponding to the “detect/detect” case in (5.12) require integration
J J

on Z x 7, and thus is more computationally demanding than the single-sensor

cell-MB expectation.

Fortunately, by the nature of the cell decomposition, the information gain ex-
pectation can be computed cell-wise, where the two-sensor cell-MB expectation
is computed for cells covered by two sensors, and the less expensive single-sensor
cell-MB expectation is computed for cells covered by one sensor, as shown in Sec-
tion 5.3.2. While, in principle, nested cell-MB approximations can be applied to
express the expected information gain for regions covered by three or more sen-
sors, the resulting expressions are increasingly cumbersome to compute due to
the increased dimensionality of the integral in the “all detect” case. Thus, the
remainder of this chapter considers information gain functions and corresponding
control policies that restrict a given cell’s coverage to at most two sensors, without

restricting the number of sensors in general, which may be greater than two.

5.3.2 Information Gain for M Sensors with Partial FoV

Overlap

This section establishes the expected multi-sensor information gain for the general
case of M homogeneous sensors under the restriction that no region is covered by
more than two sensors simultaneously. This assumption is illustrated in Fig. 5.2

and formalized in the following assumption:

Assumption 1. No cell is covered by more than two sensors simultaneously.
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Equivalently,

SINSINSY =0 Vi#j+£0, 4l €Ny (5.22)
s 5"
st/ o
(a) (b)

Figure 5.2: Examples of (a) allowable FoV overlap where Slii) ﬂS,Ej) ﬂS,gZ) = (), and
(b) unallowable FoV overlap where St N SY N8 + ¢,

Theorem 4. Let Assumption 1 hold. Let f(ZM) be cell-MB and f(Z|Z0+1:M)
be conditionally cell-MB for 1 < i < M. Then, the multi-sensor multi-object

expected information gain is

P
Ezaan[R(ZUM; SEMN] =3 " g(j, 20, 80:W) (5.23)
J=1
where, for b € Ny,
E(j, 2™, M) (5.24)
( AT j L
E[R(Z" N Z;8S)] XCSO XZSOVb<t<M, t#£i

S
) J J J J )
= ERZVNZ,ZON7Z;S)] XCSINSH b<i<t<M

0 otherwise

\

A proof by induction is provided in Appendix A.8.
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5.4 Search-While-Tracking (SWT) Multi-Sensor Control

This section presents a joint multi-sensor multi-object information gain function
and multi-sensor control policy that accounts for both discovered and undiscovered
objects. The information gain function proposed in Section 5.4.1 balances the
competing objects of maintaining existing track estimates and discovering new
objects without introducing heuristics. The discovered object and undiscovered
object components of the joint multi-sensor information gain function are derived
in Sections 5.4.2 and 5.4.3. Section 5.4.4 presents a greedy approach to multi-sensor

FoV optimization under the joint information-theoretic control objective.

5.4.1 Joint Information Gain Function

As shown in Section 4.4.1, separate density parameterizations for discovered and
undiscovered objects enable efficient computation of the joint information gain.
This section lifts the joint information gain approach to the multi-sensor setting.
Denote by X, € F(X) the undiscovered multi-object state, defined here as the
state of objects that were not detected during steps 0,...,k —1. Let X, € F(X)
be the discovered state, defined as the state of objects detected prior to k. Then,
sensor ¢’s measurement is composed by Zq(ﬁc, Z(gf), and Zc(fz;, which denote the
detections generated by X, 1, Xq, and clutter, respectively. Let Vk(i) = C(ll;g uz (EZ,)C

and Wk(i) = Zl% U~z (Z,)C Then, the multi-sensor control policy is defined in terms

of the joint information gain as

1 Fosit (Xl Z8M), Fuioor (X))

= argmax {E[Rm“zM%sS:M>>1+E[RZ<W,§LM);8,£LM>>1} (5.25)

u](cl:l\/l) G]U](Cl:M)
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where

Ri(5) = Ri(5 -, Dagin-) (5.26)

Ri(5) = Ra(s5 5 Dukjr—1) (5.27)

are used for brevity, and Dg -1 and D, jx—1 are the prior PHDs of discovered and
undiscovered objects, respectively. The multi-sensor control policy is a function
of the predicted distribution of discovered objects and the predicted distribution
of undiscovered objects. Furthermore, the proposed iterated-corrector based KLD
information gain functions are described completely in terms of the PHDs of the
underlying distributions, and thus are written explicitly as functions of Dy x—1
and Dy gx—1. The individual information gain expectations for discovered and

undiscovered objects are derived in the following subsections.

5.4.2 Expected Information Gain of Discovered Objects

If f(Vk(M)) is cell-MB with parameters {r}, p]}!_, f(Vk(i)|Vk(i+1:M)) is conditionally

A 1. J . g J
cell-MB with parameters {r4(V,'™™ 0 Z), pi (2| V™M 0 Z) 11, and no cell is
covered by more than two sensors, then it follows from Theorem 4 that

P
Ev(l:M) [72'd(‘/'(1M)7 S(lM))] _ Z gd(j7 V(LM), S(lM)) (528)

j=1
where the time subscripts have been omitted for brevity and, as a slight abuse of

notation,

J J

T A
VM a7 8 ylit) 7yt Az (5.29)
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and

g4(j, v, 1Ay (5.30)
( . . . .
E[Rd(vwmié)] SjggS(i),SjggS(t)Wgth,t;éi
J J J )
=4 E[RYV® mz VONZ:8)] XCSONSW 1<i<t<M

0 otherwise
\

The first case of (5.30) is given by (4.29). The second case corresponds to two

sensors overlapping a given cell and is given by
E[RY(VY N %, %400 %; fé)] (5.31)
— (L= 1) (1 - HO)RY0,0:8)
+ (1 — )i () [/Rd {7}, Q)S) 7 (2'|0)d }
o | R0 a0 - fz<{z}>>pz<z>dz}

N
i {/ ({=}) {/Rd {7} {2} S)p (’|{z})dz} ()dz}

5.4.3 Expected Information Gain of Undiscovered Objects

If f(W(M ) is cell-MB with parameters {77, p/, }] u f (W(i)\W(iH:M)) is condition-
ally cell-MB with parameters {rJ (W, ZH e Z) ) (z ]W (M) Z) =1, and no

cell is covered by more than two sensors, then it follows from Theorem 4 that

Ew(I:M) [Ru<W(1:M); S(I:M Z gd ], 1 M) 7 1 M)) (532>
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where the time subscripts have been omitted for brevity, and

8u(j, W(lM), S(lM)) (533)
( Jog

E[R*(W® N 7Z;S)] c S® EJQgS(”VlgtSM,t#i

J J

) ] Jj J
=ER*WONZWONZS)] XCSONSW 1<i<t<M

0 otherwise
\

The first case of (5.33) is given by (4.44). The second case corresponds to two

sensors overlapping a given cell and is given by

E[R*(W® N 2 w®n i; fé)] (5.34)
=(1—7r)(1 - (@))R“(@,@;é)
(1= L)) [/R ({2}, 0, 8)7%,(|0)d }
o | R0 421 8)0 = ot e

[ Atah | R (280 2 ez | v aa |

As discussed in Section 4.4.3, if the prior PHD of undiscovered objects is taken to
be partially piecewise homogeneous with a position-marginal PHD given by (4.37),
then it can be shown that (5.34) is a function only of the prior expected number
of undiscovered objects in each cell, Aj—1. Thus, for a one-time computational
cost, (5.34) can be computed at the outset for a range of values A;r—1 € [0,1],

and then simply interpolated at each time k.
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5.4.4 Field-of-View Optimization and Multi-Sensor Con-

trol

Because exhaustive search over the complete space of multi-sensor actions UM) ig
NP-hard [104, 126], suboptimal solutions of (5.7) are needed. The constraint on the
maximum cell overlap reduces the search space considerably. The computational
burden can be further reduced by considering a greedy optimization algorithm
[58]. To avoid computing the expected two-sensor reward for every cell, a greedy
optimization strategy can be applied as follows:

u®™* « argmin {Ez0 [R(ZM. (S(M)(u)))}} (5.35)

ucUM)

u™* « argmin {Ez(an,zam [R(Z(Mfl)v ZM; (S(Mfl)(u)a S(M)*>)]} (5.36)

ucyM-1

M2 o arg min {E jeaan [R(ZM2), 205D 700, (SM72) () SMD= g0y

uelM-2)

u

uY* « argmin {Ezam R(ZW, ..., ZzM (SO (u), 8@~ ... ,S(M)*))]} (5.38)
uel®

where S* & SO (u®*) and, for sensors i = 1,...,M — 2, the restricted space of

admissible control actions
U9 2 {fu:ucU? SOu)NnSPNSM =Vvi<j<h<M} (5.39)

ensures that no cell is covered by more than two sensors simultaneously. The
greedy strategy begins by determining the sensor input u™* according to (4.51).
Then, for sensor M — 1, evaluation of the more computationally expensive two-
sensor information gain expectation is required only for the subset of cells within

SM* N TM=1) “and so forth for the remaining sensors.
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5.5 Application to Remote Multi-Vehicle SWT

In this section, the efficacy of the cell-MB multi-sensor information driven control
is demonstrated on an SWT problem involving multiple ground vehicles and real
video data. A detailed description of the experiment can be found in Section 4.5,
which is summarized here for convenience. The experiment consists of discovering
and tracking an unknown and time-varying number of vehicles which are observed
by a camera system approximately five kilometers away. Vehicle motion is mod-
eled using the nonlinear nearly coordinated turn model. Each sensor’s single-object
measurement, likelihood is linear-Gaussian as described in Section 4.5.2. One key
difference in the multi-sensor experiment is that synthetic noisy measurements
are generated from the ground truth in place of the image processing-based mea-
surements. This ensures that the measurement noise is independent across the

simulated sensors since the dataset was collected from a single physical sensor.

At each time step, sensor decisions are determined by the greedy optimization
program (5.38). The noisy measurements are incorporated to update the infor-
mation state using the multi-sensor data-driven GLMB filter [65]. State estimates
are computed from the posterior multi-object distribution. The GOSPA metric
measures the error between the ground truth and the state estimates and is used
to assess the overall SWT performance. GOSPA values for simulations involving

M = 2,3, and 4 sensors are shown in Fig. 5.3.

Unsurprisingly, the best SWT performance is achieved by the four-sensor sys-
tem. The most significant performance differences occur at the early time steps
due to the larger networks’ ability to more quickly discover all objects in the scene.
These differences are less pronounced at the later time steps, when control deci-

sions are less influenced by discovering objects and more driven by the information
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Figure 5.3: GOSPA metric and component errors over time using cutoff distance
¢ = 20 [pixel], order p = 2, and o = 2.

gain associated with maintaining tracks of discovered objects.

Snapshots of the sensor FoV positions and the multi-object state uncertainty
are shown at three time steps for each of the experiments in Fig. 5.4. When
considering the added complexity associated with allowing sensor FoV overlap, a
natural question that arises is “Is it worth it?”. A related question is “Given the
opportunity to overlap, how often does an overlapping FoV configuration corre-
spond to a higher expected information gain?”. If overlapping configurations are
rarely optimal, it is then reasonable to consider constraining FoV geometries to
be disjoint to lessen the computational complexity of the control objective. The
snapshots in Fig. 5.4 alone, however, suggest that the optimal sensor configurations
often involve overlapping FoVs and that the extent of overlap increases with larger

numbers of sensors. These trends are explored more thoroughly by computing the
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Figure 5.4: FoV positions and tracker estimates for M = 2 (a)-(c), M = 3 (d)-(f),
and M = 4 (g)-(i), where the columns correspond to k = 5, 30,45 from left to right.

ratio of unique coverage area to total FoV area, as shown over time in Fig. 5.5. In
Fig. 5.5, values of 100% correspond to disjoint FoVs, and lower values correspond
to increased overlap region areas. The results shown in Fig. 5.5 confirm that, in
all three experiments, the optimal configuration frequently involved overlapping
FoVs. The FoV overlap extent also appears to increase with the number of sensors
considered. This observation suggests that, even if enough sensors are available
to simultaneously cover the entire ROI, it is often better, from an information-
theoretic perspective, to allow regions to go briefly uncovered in favor of doubling

coverage in an area characterized by high concentrations of objects of interest.
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Figure 5.5: The ratio of unique area coverage to total FoV area, expressed as a
percentage and smoothed by a five step rolling average filter for legibility.

5.6 Conclusion

This chapter presents an information-theoretic control policy for multi-sensor
multi-object search-while-tracking (SWT) that is demonstrated in a multi-vehicle
tracking problem using real video data from a remote sensor. The proposed policy
is made tractable by a novel approximation of the expected information gain using
cell multi-Bernoulli (cell-MB) distribution approximations, while accounting for a
variety of sensing outcomes, including spurious detections, missed detections, and
overlapping sensor fields-of-view (FoVs). An analysis of the experimental results
reveals that optimal sensing configurations often involve overlapping sensor FoV,
suggesting that other policies that require disjoint sensor coverage are subopti-

mal in an information-theoretic sense. Finally, the information-theoretic approach
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presented in this chapter is not restricted to the chosen sensor phenomenology
or object dynamics and has been developed to be extensible to a wide variety of

multi-sensor multi-object sensing applications.
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APPENDIX A
APPENDIX

A.1 Proof of Proposition 3

Equation (2.25) can be rewritten as
N r )) N
M
FXO)=[(1=r)]™ > [ 1_r,<> } (A.1)
IU)L*JIJ
where (Z,) denotes the (ordered) sequence (i1,...,0,) = (X (1),---; Qo(n)), Where the

n-tuple index set {aq,..., @, } WZ3 = Ny and o is a permutation of N,,.
Substituting (A.1) into (3.68),
N ()1 Nm
ps(n) = [(1—r)]

Zmu/ S 6] {rij)(i())rm

I )UIg

Y s = LY dx - dx (A.2)

XnCX

The last sum can be written in terms of label index sets 7y W Z, = 7, as

pst) = [(1 =)™ s
oo (x4
S i [
. Z 5n(|I1’)[13(X(,))]{j:i1621}[1 _ 13(X(.)>]{j:ij612}dX1 coedx,,
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Distributing terms from the second summation,

ps(n) = [(1—rO)]™ (A4)
Mo
Zm./xm RRACAIND DERACA
=n ZG)H'JI3 ThWis=1,

Lslx))riopo (x) |V
1—7"Z(>

[ 1 — 13 )p )(X(.))] (1 €12}

dxq - --dx,,
1—7"

Because Z; N7y = 0, then {x; : i; € Z;} N {x; : i; € Io} = () and the integral on
X™ becomes a product of integrals on X, such that

Ny

ps(m) = [(1—r0)] (A5)
|
DS DA (=2 B DR A (A1)
m=n (Zo5)WIs Th\Wls=T1,
<1S T’Z() i) > {j:i;€L1} <1 _ 13,7’i(')pi(')> {j1i;€l2}
. 1-— 7“ 1— ri(-)

Now note that the result of the innermost sum does not depend on the permutation
order of (Z,). Thus the property [113, Lemma 12] that for an arbitrary symmetric
function h

Z h({i1, ... im}) = Z h({ix, ... im}) (A.6)

( ﬂm ----- 1m}

is applied, yielding

ps(m) = [(1 =)™ Y S (T W T (T)

m=n Z1WIsWl3

, [<1S,7‘(.)p(‘)>]L [<1 - 1S7T(,)p(,)>r

1—7r0 1—70
The term 0,,(|Z; W Zy|) is non-zero only when the combined cardinality of Z; and

7T, is equal to m—the index of the outermost sum. Thus, the outermost sum is

absorbed by the second sum to give (3.77). [
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A.2 Cell-MB Parameter Optimization

The minimization of the KLD between f and f can be equivalently expressed as

the maximization problem

max l / FOV)los(F )53/} (A7)

{ripi}_,

Equation (4.9) can be equivalently written as

F0) = A [T (1-+7) (Hzipi W) (A.8)

i=1 j=1

where it is noted that for each ¢ in the rightmost product, the sum has only one

-/

nonzero term at j = j' where Y 3 y;. Thus, (A.8) can be factored as

_ P o P1(vi) n P
o= a0 [T (12555 ) (TS o) o

According to (2.26), the rightmost sum of (A.9) is equal to the PHD of f(Y), such

that

_ P n 1, (vi) n
o - a0 TLo =) (125 (Toeo) @

Now, taking the logarithm of (A.10),

log(f(Y)) = log(A(Y,Y)) + logH (1- rj) (A.11)
n ]-3 n
+log<1_[z:1Y )—I—log(HDy,)
=log(A(Y,Y)) + Zlog (1—r7) (A.12)
n P 1,(yi) n _
£3 s (z 4 ) +3log (D)
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The third term in (A.13) can be modified by recognizing that the inner sum has

only one nonzero term, and thus

2n:l (EP: 1{{(yi)> B 2"21 1 (A13
i=1 i j=1 L=r ) i=1 ° 1= Zle 1{((}’1')7“3' '

- _ ilog (1 — Z 1{{()’1’)”) (A.14)

which, by substitution of into (A.13), yields

log(f(Y)) = log(A(Y,Y)) + Y log (1 — 1) (A.15)

j=1
n P . n ~
-2 _log (1 2N mw) + > log (D(y.)
i=1 =1 ¥ i=1
Now taking the set integral of the product
[ ootz

= [ 1oAY + [ 37 F) 1o (1 ) oY
- /Zf(Y) log (1 — Z 1{{()’1)”) oY

+ /Z F(Y)log (D(y:)) oY (A.16)

P

:/Zf(Y)log(l—rj) 5Y
— /Zf(Y) log (1 — Zlg»{(yi)rj) oYy

+ /Z f(Y)log (D(y:)) 6Y (A.17)

where in the last equation, the first term vanished due to the observation that

f(Y) = 0 everywhere that A(Y,Y) = 0 and by application of the identity
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lim, o xlogx = 0. By applying Proposition 2a of [72], which states that

[ 5o Z pvdov = [ Diy)nty)ay (A15)
equation (A.17) can be rewrit‘:en in terms of the PHD as
[ oy os(vyy
- Z;log (1—r7) - /D(y) log <1 — i 1<{(y)rj) dy
+ / D(y)log (D(y)) dy (A.19)

+ /D(y) log (D(y)) dy (A.20)

+ / D(y)log (D(y)) dy (A.21)

Equation (A.21) consists of the sum of two terms and is maximized when both

terms are simultaneously maximized. The first term is maximized by

P = / 1, (y)D(y)dy

Y

and the second term is maximized when D(y) = D(y). By (2.26),

P P
D(y) =) "/ (y)=)_1,%)D() (A.22)
7j=1 7=1
By equating like-terms,
P(y) = =1, )D() (A.23)
y)= 5L )D(y .
completing the proof. [ |
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A.3 Cell-MB Expectation

Let z1., £ 24,...,2, and dz;.,, = dz, - - - dz,. Substitution of the cell-MB density

(4.9) and cell-additive information gain (4.17) into (4.7) gives

ORI R P
E[R] = [—()} (R(@;S) + Z %1#(71;8)) (A.24)

1—r -
where
. P i " ripi () o
Y(n;S) 2 / A({z1:},Z) - ;R({zm}mz;a ;ﬁ] dzy., (A.25)

We wish to simplify the set integral into combinations of vector integrals [ -dz
such that the expected information gain is computationally feasible. Integrals on

7. are equivalent to

/h(z)dz - /ih(%)d% toe ot /3 h(z)dz (A.26)

Z

i J
where z € Z, as shown in [75, Eqn. 3.50]. First, note that the rightmost sum

P .
r'p’ (i)

A A.27
Z 11— ( )

7j=1

j/
has only one nonzero term: namely, when j = 5/ where z; € Z. Then, the integral
can be written as a sum of integrals, each wherein z; is integrated over a different
11
subset Z C Z, 11 € Np as follows:

bS) =Y / A({22:0}, Z0n)

i1=1

.[R<{%};f§)+ > Rz} N2:8)

j=1.j#i1
. .07 P P Nn\Nl
,,,.’Llpll(z) rjp](z()> il
| —= —_ dz dz,., A28
S=lRC ) LS
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where

Zlit,rin) 22\ (Zw--- WD) (A.29)

Repeating the same procedure for zg, ..., z,

=Y Y [ Al Fv i)

i1=1149=1,i27#11

. . P ..
i1 11 io 12 7 7
R({2}:8) + R{Z}:S) + > R({zsm} N Z; 8)
‘7:1’]¢{7‘1712}
N2 Np\N2

i i) P .

z(-)pl()<z) ij7(z(.)) A

T | Z A A% d% dzs.,  (A.30)
J=1,5¢{i1,i2}

= X [[RERS RO

1<iy##in <P

i, 1N
— ) Z()pm( ) i in
—r
where
S(in,..in) 28\ (Sw---w8) (A.32)

Moving the existence probability terms outside the integral and exploiting sym-

metry over order permutations of (iy,...,1,) gives

7,1'(4) Nn,
s =t Y]

1<iy <--<#in <P

/[R({%};f§‘>+~~+R({’£};f§)+7z(@ S(i1, .. .in))

. Nn . .
: [pi<~>( (Z))l dz---d% (A.33)

,r.i(.) N”
= nl Z :
1 =70

1<i1 < <#ipn <P

A\ R(O; Sy, . . in)) + Z/R )dz] (A.34)
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where the last line is obtained by using the pdf property f pi (zzé)dzzl = 1. Substi-

tution of (A.34) into (A.24) gives

S VRNt

n=1 1<i; <-<in <P

E[R] = [1—r0]" R(0;S) +

.<R(®;3<¢1,...¢n))+i7€3>] A3

The above equation can be expressed in a more convenient form using disjoint

index sets as

ER] =) V(-)fl [1- r<~>]fo [Z R(@;é) +> RE] (A.36)

ZoWZ1=Np i€Z1y eIy

Through the introduction of indicator functions, the summation hierarchy can be

changed as follows:
P

BRI =Y R0:5) Y O 10 10)

7=1 ZoWZ;=Np
P
3R O anG) (A
7=1 ToWI1=Np

Consider the first line of (A.37). The inner summand is only nonzero when j € Zy,
so all nonzero terms share the common factor (1 — r7). Similarly, in the second
line, all nonzero terms in the inner summation share a common factor of r/. Thus
these terms are factored out, reducing the inner summation to one over disjoint

subsets of Np \ j as
P

BRI= RO:H (1-r) S [0 [1-r0]"

j=1 ZoWI=Np\j
P
+Y ®Ri Y O] 0] (A.38)
7=1 Io&)Ilsz\j

A manipulation of the inner sum yields
7”()

Z [T(')}II [1 _ 7n(.)]Io _ [1 _ r(.)]NP\j Z {1 — r(.):| (A39)

ToWI1=Np\j TowI1=Np\j
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By the binomial theorem [74, p. 369],

) ya) X 0 Np\j
> |50l T |“trioe
TowZ1=Np\j
Thus,

S O [=r0]" = {(1 _0) <1 N %)]NP\j

ToWI1=Np\j

:p_rm+ﬂqmvzl
With this, (A.38) simplifies to
P i P
B[R] =Y R®:8) (1—r)+ > Ri-1
j=1 j=1

from which (4.19) follows, completing the proof.

(A.40)

(A.41)

(A.42)

(A.43)

A.4 Cell-Additivity of PHD-Based KLD Information Gain

By (4.24), the pseudo-likelihood can be written in terms of a sum of cell pseudo-

likelihood functions

SPLELY(x8) ses

Lz(x;8) = $
1 s¢S
where
Z -y L
G d 1 —ppi(x;S) +ppi(x:8)0,) (Z]x) seS
Ly (x;S) = ;
1 s¢S
G4) o gr(2]x)
o) (Zx) = >

J
e Ki(z) + f};g Dk‘k,l(x’)p[)yk(x’;S)gk(z|x’)dx’
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. J ) J
Substituting (A.44) into (4.21) and noting that L(ZZ) (x;8) = LY (x8),
Zn.

ZNZ ZNZ ZNZ

Ri(Z;8) = Z/Dk|k_1(x){1 — L(j)].(x; ng') + L(j)j(x; gJS) 1og[L(j)].(x; ‘JS')]}dx
(A.47)

A comparison of (A.47) to the form of (4.21) reveals that the information gain is,

in fact, a sum of information gains over the cells:

Ri(Z:8) = S Ru(ZNZ:5) (A.48)

A.5 Quadrature of Single-Measurement Conditioned Infor-

mation Gain Expectation

The quadrature approximation in (4.36) is most accurate when all measurement
points within a given region yield a similar information gain. However, perform-
ing excessive information gain computations to determine the quadrature regions
on the basis of information gain similarity would be counterproductive. Instead,
the regions {(]21} and their representative quadrature points z;; are selected using

discrete samples of the predicted measurement PHD.

Let {z; [E]}?:l be an array of () > R; uniformly spaced measurement samples
J
on Z and

D;ll] £ Dy yip-1(%;[0]; S) (A.49)

As illustrated in Fig. 4.2, the quadrature regions can be represented by sets of
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measurement points with similar log-PHD values; i.e.,

- z;[0] 1 1<0<Q, Dy[l] < e =1
b _ {z;[(] - 1<0<Q, Dy[f] < e} i (A50)

{z;[0) - 1<0<Q, e <Dj[f] < e} i>1

where the discrete logarithmic bin edges are obtained as

€ji=¢€0+ %(ERJ. —¢&0), 0<i<R; (A.51)
j

€0 = MaxX |Emin, 1I<n€i<nQ (log{Dj [E]}) (A.52)

€k, = MAX (log{D;(]}) (A.53)

In (A.52), the tunable parameter e, represents the lowest log-PHD that should
be considered, so as to reduce unnecessary information gain computations in areas
of extremely low probability. Then, a representative measurement is chosen from

each region as

2;; = arg min [|Dj 0] — Dyl (A.54)
Z[K]Eéi
where, in (A.54), |- | represents the absolute value operator, and DH is the average

PHD value in region ¢ of measurement cell j:

A 1 _

bi=— Y Dl (A.55)
jod 1§£§Q,zj[z]esjzi

The volumes can be approximated by the proportion of discrete measurement

samples that fall within each region as

A, =24 (A.56)
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A.6 Proof of Theorem 2

By the law of iterated expectations [7, p. 82],
Ez0 20[R(ZW,Z2%;8)] = Ee [Ezo [R(ZD,29;8)2P]] (A.57)
= / Ezo [R(20,2%),8)|29] f(2#;8)62®
z(2)
(A.58)

where f(Z®);8) is the predicted density of Z® and
Ezo [R(ZV,2%);8)|2%)] = / Rz, 2%;8)f(2V2%;8)52V  (A.59)
Z)

where f(Z(M|Z2);8) is the predicted density of the first sensor’s measurement

conditioned on Z®?). By Theorem 1,
Ez0 z0[R(ZW, 2%;8)] = / Ezo [R(ZW,2%:8)|29] f(2%;8)62®
Z(2)
(A.60)
P
=Y Ezw [R(ZD,0;4(8,1)[0] (1 —r')
i=1

+ 7' /% Ezm [R(Z(1)7 {z}; 1(S,1)){z}] p'(z)dz

(A.61)

where the shorthand é has been replaced with its explicit function definition (4.15)

for careful bookkeeping. The conditional density f(ZM|Z®);8) is cell-MB and

thus

P . .
By [R(Z0,22;8)|22] = 3" R(0, 22 8)(1 — #(2? 1 2))

j=1
L H(Z2® N7 [ RU{#}, 22 8)p (2|2 N Z)dz
Z

(A.62)
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The information gain expectation over Z(), conditioned on Z® = () is, by Theo-

rem 1,
Eza) [R(ZW,0; (S, 1)) 0]
= S R0 (.1, )1~ #On )
FPON2) [ RUY.0:u(0(S, 1), (210 1 2)dz

= STRO,0:8)(1 - #(0)) + 7(0) /Z R({),0; 8)(20)de

— R0, 0:8)(1 — 7 (0)) + #(0) / R({z'}.0:8)5 (|0)dz

/[:7j
where the abbreviation & denotes the nested FoV intersections

.

E 1=

0 i#y

i’j

Sp 2 (S, ),i) = SNK,NX, =

118

(A.63)

(A.64)

(A.65)

(A.66)



Similarly, the information gain expectation taken over Z() conditioned on

7% = {z} is

Ezo [R(ZY {2} (S, 1)) {2}]

= SR, {2} w(p(8,1),7))(1 — ({2} N 2)

¢

LA ({2} nZ) / RUZY. {2} (S, i), )P (@ |{z} N Z)dz (A67)

RO, {z}: $)(1 - #({z} N 2))

Il
'M“U

1

J

+ fj({z} N i) /%R({z’}, {z}; ij)p’ (z/|{z} N %)dz’ (A.68)
= R0, {z}: S)(1 — 7 ({z} N 2)
+F({z} N2) /i.m{z'}, (2}:8)7 (2/|{z} N Z)dz’ (A.69)

Substitution of the simplified terms (A.65) and (A.69) into (A.61) gives (5.12),

completing the proof. [

A.7 Proof of Theorem 3

By the stated assumptions, the decomposition
=79 ---WZ, X=Xw---uX (A.70)
is such that (4.16) and (4.24) hold. It follows then that

D(x12: 8)gu(21x) = L) (%: 8. Dyjpr) Daes () g (2]) (A71)

j J’
=0 VxeX ze€Zj#] (A.72)
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Next note that, for s ¢ S, Ly (x; Sk, D,(Cl)(~]Z(1));Sk)LZ<1> (%; Sk, Dijie—1) = 1,

and thus the integral in (5.19) can be restricted to Sy X X,:

Ri(ZD,ZP: Sy, Dyppy) = / Dije—1(x)-
SkXXU

1 — Ly (x; Sk, D;(Cl)('|Z(1); S)) - Ly (x; Sky Dyjie—1)

+ Ly (x; Sk, D/(fl)('|Z(1); S)) - L0y (X; Skey Digje—1)

log (L 4 (x; Sk, DV (12D 8)) - Ly (%; Sk, Diges)) | dx

Furthermore, the integral can be re-expressed as a sum of integrals

P

1 — Ly (% Sk, DV (120:84)) - Ly (x; S, Dyji—1)

+ Ly (x; Sk, D/(gl)('|Z(1); Sk)) - Lz (x5 Sk, Dygjie—1)

108 (L 50 (x; Sty D (120 81)) + Ly (5 Sy D)) | dx

(A.73)

(A.74)

As shown in Appendix (A.4), the pseudo-likelihood can be written terms of a

sum of cell pseudo-likelihood functions

. J
S L, ()L, (x:8) seSy

=1
L 70)(%; Sk, Dijp—1) = !
1 s ¢ Sk
where by (A.44),

: 1— $ $)09 (70 $
) j ok (%, Sk) + ppi(x,S) P (ZW]x) s € S
Lz(l) (X7Sk> = j
1 S ¢ Sk

: g (2]x)

o (20x) = Y

j
wezd, fk(2) + f}a‘g D1 (X")pp x(X'; Sk) gr (z|x')dx!

120

(A.75)
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where the implicit dependence on Dy;—; is omitted from the functions’ arguments

for brevity. Similarly,

ZP 1 13j (s)L Z(2)(X Sk: ('|Z(1)3Sk)> s €Sk

)=

Ly (x; Sy, D ( 1ZW; 8y)) =
1 S ¢ Sk

(A.78)

J J
Y1y ()L (a8, D (1Z20:5,) s € 8,
1 S ¢ Sk
(A.79)

where by (A.44),

19, (x: 8, DV (120; 5,)

Z(2)

— oY) (72 (1). L
1 pDk(xS)+pDk(xS) (Z \XD (\Z Sk)) s € Sk

_ ; (A.80)
1 s ¢ Sk
. : e(z]x)
O (20 DY (12080 = : j
sezor (2) + [ DY (1 20; Sipp () gz
(A.81)

and where the equivalence of (A.78) to (A.79) is due to the equivalence
, . J
CIDIEJ)(Z(QHX; D,(Cl)(-|Z(1);Sk)) = @;CJ)(Z(ZHX; D,(Cl)(-|Z(1);Sk)). Also note that the in-

j
tegral in the denominator of (A.81) is restricted to X as a result of (A.72).
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The product of (A.44) and (A.79) gives

LZ(2 (X Sk, ( ‘Z(l)) Sk)LZ(l)(X SkraDk\k 1) (A82)
- DD P 1§k(s)1§k(s) O (x; Sk)Lg<2)(x; S, DV (1Z21:8,)) se S,
1 S ¢ Sk
(A.83)
S 1, ()L (86 D120 S0 LY, (:80) s € S
= Sk (A.84)
1 s ¢ Sk
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Substituting this product into (A.74),
Rk(Z(l), Z(2)3 Sk, Dk\k—l)

— Z ﬁ Dyje—1(x) (A.85)

/ Dijp—1(x) (A.86)
—1 Y SpxXy

| [1 ) (Z 1 ()L 0 Sk DY (1205 8L, <x;ék>)

Zlé <S)ng2)(X; ‘gk? ( |Z(1 Sk)) Z(l)(X Sk)

-log (lik(S)L(Z@) (x; Sk, (1)( AR ))L(é<1> (x; Sk)) )] dx

J
j . Dk|k—1(x> ’ [1 -1, (S) Z(2)(X Skv ("Z(l);s )) Z(l)(x Sk)
k XXy

=179 S
. J
+ 1 (8150 (6 8, DV (1205 80)) LY (x: 55)
k
og (1, ()29 (x84, DL (120; 8,)) L9, (x:84) ) |d A.87
og Z (S> Z(2)(X7 ks P <| k)) Z<1>(X7 k) X ( . )
k

From (A.87), the final result of (5.21) is obtained by noting that L(Z()l)() =
LY ;(+) and LZ‘7()2)(~) =LY ; (), completing the proof. |
ZMNZ AQlav/
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A.8 Proof of Theorem 4

The result is proven by induction. The base case of b = M follows directly from

Theorem 1 as follows:

P .
B0 [R(Z0D;8M0)] = ST R(0:8)(1 = 17) + RJ - 17 (A.88)
j=1
P .
J
=Y E__ [R(Z™MNZS) (A.89)
i ZM)nz,
P
=Y &3, 2™, 8™) (A.90)

1

.
Il

For the inductive step, assume (5.24) holds for b = £. Now consider the case of

b=/ — 1. By the law of iterated expectation,

E 1 [R(ZETIM SETMN = By {Egen [R(ZETIM; SEIMN] |z
(A.91)

Because the conditional distribution f(Z¢=1|ZM) is cell-MB with parameters

{#(Z®"M N Z) P (2|25 N Z) !~ 1, Theorem 1 can be applied to find

E @1 [R(Z(K_LM);S(K_LM))] (A.92)

P . .
- Z(l — 7 (-))E geean {R((Z), ZEM) i; ‘]S’(élﬁM))}

Jj g
-I—Z/rj 7 (2'))E g [ ({z'}, 2™ ﬂZ;S(&M))] dz’
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B @1 [R(Z(e_LM); S(Z_LM))] (A.93)

ZeMm 7,

+ Z[l — ()]l - 1@(‘%“—”)} ,[R(0, 2 0 Z -1 M)]

— Z<4M>mz
J
J (e— 1) (&:M) (:M)
+§ /r o(SENE . [R(Z mz & )} 7
J J J
g (1) _ / (£:M) . o(l—1:M) /
+ E /r )[1-1p(S )}Ezwmi [R({z | ARAaVAR )}dz

J .
Note that S~V = () = #/(-) = 0, and thus

Ej—1an [R(ZEEM), SE-1M)y) o
= ]2: 1®(§(L1)>Ez</~’=M>m ; [R(ZM %; §(3=M>)]
S § ' i
+ JZ1 [1—1p(8“ 1] [1—7‘3(.)]EZ<Z:M)H% [R(0, M) 1 Z; SE10))]
) j () i
i ; 110 /%W(')p? @1 ; [RUE7Y, 7N 1 7; 51 dg

By reverse application of Theorem 1,

E j¢e-1 [R(Z“—LM)- SNy (A.95)
; (£:M) J . J (¢:M)
= Z 10(S E s [R(Z™ N Z; 8]
- (6—1) (—1:M) ~ . b1
+ z; S ] yAG l:M)ﬁ% [R(Z m Z7 S )j|
]:

J
For S“~1) £ (), Assumption 1 asserts that there is at most one other FoV that
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J
covers Xg, and thus

| [R(2E-130 [ 7, §(e-1:M))] (A.96)
ZU=1M)nZ,
E[R(Z¢DNZ,§¢D)] 500 20 K, ¢ SOVES (—1,t <M

j I j
E[R(Z“ YNz, 20Nz, 8%, SW)] XS CSEINSH >0 —1

J
for all j such that S“Y £ (), and where the expectation subscripts have been

dropped for brevity. By (A.96) it follows that

P
EZ(Z—LM) [R<Z(871:M);S(571:M) ZS ], é 1:M) (éfle)) (A97)
7j=1
where
E(j, 7 1M gU-1:M)) (A.98)
( i j
E[R(Z"MNZ; SEW)] St =9
A joj j i
=1 E[R(Z" YNz, SD)] X, S X, g8V > (—1,t<M
E[R(ZEDNZ, Z0NZ, 8D, 50)] X, € SEV SO, 15— 1

\

By the induction hypothesis,

g(], Z(Zfle),S(Zfle)) (A99)
(
E(j, 21D, D) fg(z n_g
Jj J J J J
= E[R(Z"Ynz,SD)] X, CSEY X, ¢SOVt > (—1,t<M

E[R(ZEDNZ, 20nZ, &, 50)] X, € SEV SO, 10— 1
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which, when expanded gives

E(j, 21, S (A.100)
( NN I J .
E[R(Z9 NZ,80)] 5 =, %, € 59,
J J
X SOVE<t <M, t#i
. J J o3, J J .
E[R(ZONZ,ZONZ,8D,5)] SV =9, X, €8V ns?
(< <M
- i J J
E[R(Z¢D NZ,5¢D)] X, o8,

J J
ngst>w 1<t<M
J J J J
E[R(Z*V Nz, 20 NZ D, SV X c S¢

NSO ¢t >0-1

| 0 otherwise

( .
J

B[R(Z® N Z,850)] X,C80, K, gE0vI 1<t <M t+i

. J JoJ . J
=\E[R(ZVNZ,Z2ON7Z,8D 8] X,C8OINSH (-1<i<t<M

0 otherwise
\

— £(j, 21 Sle-1M) (A.101)

Substitution of this result in (A.97) completes the proof.
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