UNIVERSITA
DEGLI STUDI

FIRENZE

UNIVERSITA DEGLI STUDI DI FIRENZE
Facolta di Ingegneria

CORSO DI LAUREA IN

INGEGNERIA ELETTRICA E DELL’AUTOMAZIONE

Tracciamento multi-oggetto
distribuito su reti di sensori

Distributed multitarget tracking over
sensor networks

TESI DI LAUREA DI

Nicola Forti
RELATORI:

Prof. Luigi Chisci
Prof. Giorgio Battistelli
CO-RELATORE:

Ing. Claudio Fantacci

APRILE 2013
ANNO AccADEMICO 2011/2012



Contents

1 Introduction
1.1 Multitarget Tracking Overview . . . . . ... ... ... ...
1.2 Thesis Organization . . . . . . . . .. ... ... ... .....

2 Recursive Bayesian Estimation

2.1 Kalman Filter . . . . . . . . . .

3 Nonlinear Estimation
3.1 Extended Kalman Filter . . . . .. .. ... ... ... ....
3.2 Unscented Kalman Filter . . . . . . ... ... ... ... ...
3.2.1 Unscented Transformation . . . . . ... .. ... ...

3.2.2  Unscented Kalman Filter Algorithm . . . . .. ... ..

4 Target Kinematic Models
4.1 White Noise Acceleration . . . . . . . . . . . .. ... . ...
4.2 Wiener Process Acceleration . . . . . . . . . . . .. ... ...

4.3 Exponentially Correlated Acceleration . . . .. ... ... ..

5 Tracking sensors
51 RADAR . . . . .
5.2 Time Of Arrival (TOA) . . . .. .. ... . ... ...
5.3 Direction Of Arrival (DOA) . . . . ... ... ... ... ...
5.4 Doppler . . . ..



9.5

Clutter Model . . . . . . . . . . .

Data Association

6.1

6.2
6.3

6.4

Track Initialization . . . . . .. .. ... ... ... ... ...
6.1.1 Two-Point Differencing Gating . . . .. ... .. ...
6.1.2 M/N Logic . ... ... ... ... ... .. ... ..
Measurement Validation . . . . .. ... .. ... ... ....
Single Target Data Association . . . . . ... ... ... ...
6.3.1 Nearest Neighbor . . . . ... ... ... ... .. ...
6.3.2 Probabilistic Data Association . . . . . . ... .. ...
Multitarget Data Association . . . . . . ... ... ... ...
6.4.1 Global Nearest Neighbor . . . . . . ... .. ... ...
6.4.2 Joint Probabilistic Data Association . . .. . .. ...
6.4.3 Cheap Joint Probabilistic Data Association . . . . . . .

Centralized Multitarget Tracking

7.1
7.2
7.3
7.4

Parallel Centralized Fusion . . . . . . . ... .. .. ... ...
Sequential Centralized Fusion . . . .. ... ... ... ....
Parallel CJPDAF . . . . . . ... .. ... ...
Sequential CJPDAF . . . . . . .. .. ...

Distributed Multitarget Tracking

8.1
8.2

8.3

Sensor Networks . . . . . . . . . .. ... L
Track-to-Track Association . . . . . . .. ... ... ... ...
8.2.1 Distance Metric . . . . . . . ... oL
8.2.2 The Track-to-Track Assignment Problem . . . . . . ..
8.2.3 Hungarian Algorithm . . . . . . . ... ... ... ...
CONSensusS . . . . . . v v vt
8.3.1 Information Filter . . . . . . . . .. ... ... .. ...

8.3.2 Consensus on Information . . . .. .. ... ... ...

i

41
42
43
44
49
o1
51
52
62
63
65
70

73
74
76
7
80



8.3.3 Gaussian Mixture Implementation . . . . . . . . . . .. 103

8.4 Consensus CJPDAF . . .. ... ... ... . 106
8.4.1 Consensus CJPDAF with Track-to-Track Association
(C-CIJPDAF) . . . . . 108
8.4.2 Consensus CJPDAF with Gaussian Mixture implemen-
tation (CGM-CJPDAF) . ... .. ... .. ... ... 112
8.4.3 Distributed Track Initialization for Incomplete Mea-
surements . . .. o.o.L L Lo L L0 Lo 115
9 Simulation Experiments 119

10 Conclusions 133

il



List of Figures

1.1

3.1
3.2

4.1
4.2

5.1
5.2

6.1
6.2
6.3

6.4
6.5
6.6

7.1
7.2

8.1
8.2

Basic elements of a conventional MTT system. . . . . . . . . . .. 4
The principle behind the unscented transformation. . . . . . . . . 17
The approximation of mean and covariance via the unscented

transformation. . . . . . . . . . ... 17
Model of the target acceleration probability density. . . . . . . . . 29
Correlation function of target acceleration. . . . . . . . . . . . .. 30
Observability with three TOA sensors. . . . . . . . . . . . .. .. 36
Observability with two DOA sensors. . . . . . . . . . ... ... 37
State diagram of M/N logic. . . . . . . . .. ... .. ... ... 45
Data association priorities. . . . . . . . . . . .. ... ... ... 46

Block diagram of track initialization, maintenance and deletion

throughout data association and filtering. . . . . . . . . . . ... 47
One cycle of the PDAF. . . . . . . . ... ... ... ... ... 61
A measurement falls in the intersection of two validation regions. . 62
Data association in NN (a) and GNN (b). . . . .. .. ... ... 64
Parallel Filter. . . . . . . . . . . . . ... 76
Sequential Filter. . . . . . . . . . . . ... ... 77
Network model. . . . . . . . . . . ..o 83
Geometric link model. . . . . . . .. ..o 84

v



8.3 Shadow fading link model. . . . . . . . . ... ... ... 85
8.4 A bipartite graph. . . . . .. ... 90
9.1 Target trajectories in Scenario 1. . . . . . . . . . . .. ... ... 123
9.2 Comparison between CGM-CJPDAF and C-CJPDAF-T2TA: Posi-
tion RMSE. . . . . . . . . o 125
9.3 Comparison between CGM-CJPDAF and C-CJPDAF-T2TA: Ve-
locity RMSE. . . . . . . . . ... 126
9.4 Comparison between CGM-CJPDAF, S-CJPDAF and L-CJPDAF:
Position RMSE. Pp =0.9. . . . . . . . . .. ... ... ..... 127
9.5 Comparison between CGM-CJPDAF, S-CJPDAF and L-CJPDAF:
Velocity RMSE. Pp =0.9. . . . . . . ... .. ... ..... 127
9.6 Comparison between CGM-CJPDAF, S-CJPDAF and L-CJPDAF:
Position RMSE. Pp =0.8. . . . . . . . . .. ... ... ..... 129
9.7 Comparison between CGM-CJPDAF, S-CJPDAF and L-CJPDAF:
Velocity RMSE. Pp =0.8. . . . . . . .. ... ... ..... 129
9.8 Target trajectories in Scenario 2. . . . . . . . . . ... ... ... 130
9.9 Probability Grid Initialization: Position RMSE. . . . . . . . . .. 132
9.10 Probability Grid Initialization: Velocity RMSE. . . . . . . .. .. 132



List of Tables

8.1
8.2

9.1
9.2

9.3

9.4
9.5

9.6

General Track-to-Track Assignment Matrix . . . . . . . .. .. 88
Cost Form of Track-to-Track Assignment Matrix . . . . . .. 89
Parameters adopted in Scenario 1 simulations. . . . . . . . .. 124
CGM-CJPDAF vs C-CJPDAF-T2TA: Track continuity and

ATCT. . . .o 125
CGM-CJPDAF vs C-CJPDAF-T2TA: Track continuity and

ATCT. . .o 128
Parameters adopted in Scenario 1 simulations, Pp = 0.8. . . . 128
CGM-CJPDAF vs C-CJPDAF-T2TA: Track continuity and

ATCT. Pp=0.8. . . . . . 129
Parameters adopted in Scenario 2 simulations. . . . . . . . .. 131

vi



Acknowledgements

It gives me great pleasure in acknowledging the support and help of those
who provided me with guidance and who, in one way or another contributed
and extended their valuable assistance in the preparation and completion of
this study.

First and foremost, my utmost gratitude goes to Prof. Luigi Chisci for pro-
viding me with direct supervision, encouragement and assistance throughout
this study.

I must extend my gratitude to Claudio Fantacci, who spent many hours
providing me with side-by-side assistance in the laboratory.

Last but not least, I would also like to thank my family and those who offered

their support throughout the completion of my studies.



Chapter 1

Introduction

1.1 Multitarget Tracking Overview

Multitarget tracking (MTT) can be defined as the problem of tracking a
number of targets through an area monitored by a single or multiple sensor
nodes with embedded computing capabilities. Every sensor acquires noisy
measurements of each target, and then computes estimates of the state of each
target. Each target estimate is referred to as a track. Multitarget tracking is
a challenging estimation problem of great practical relevance in an increasing

number of civilian and military surveillance applications, including:
e air traffic control;

coastal and maritime surveillance;

e traffic monitoring;

border surveillance;

localization of unmanned and automatic guided vehicles.

The widespread use and increasing sophistication of surveillance systems has

stimulated great interest in algorithms capable of solving the multitarget



multisensor tracking problem. This is due to the fact that several critical

issues are often encountered in practice when dealing with MT'T, such as:

e missed detections, i.e. some targets may not be detected by a given

Sensor;

e false alarms (clutter), i.e. some measurements might not be provided

by targets of interest;

e noisy measurements, i.e. all available measurements are subject to

measurement noise;

e unknown origin of measurements, i.e. it is not known which target (if

any) produced a given measurement;

e unknown and time-varying number of targets, i.e. new targets con-
tinuously appear in the scene and/or old targets disappear from the

scene;
e possibly high density of targets and/or clutter;

e multiple sensors, i.e. a target can produce multiple measurements

provided by different sensors;

e lack of observability from a single sensor, i.e. a single sensor may be

unable to observe the full target state.

A combination of the aforementioned conditions can easily make the multi-
target tracking task so critical that advanced techniques are required to solve

the MTT problem.

A classical multitarget tracking system recursion can be schematized as in
Figure 1.1. The tracker consists of four blocks, namely gating, data association,

track maintenance and filtering-prediction. Track formation is responsible for



detecting new targets and initializing their tracks (initialization), as well as
for recognizing disappeared targets and terminating their tracks (termination).
Furthermore, it manages the confirmation logic that promotes tracks which
will be displayed on screen. Unassociated measurements are used for track
initialization, while associated observations are passed to the filtering and
prediction block which, in turn, consists of a bank of filters, one for each track.
They provide track predictions, used for gating and data association, as well
as target estimates for track display. Moreover, the data association block,
which aims at finding out the unknown source, either a target or clutter, of the
available measurements, assigns measurements to the existing tracks. Finally,
a gating block is cascaded at the input of data association in order to exclude
measurements which are unlikely and thus reduce the overall computational

burden.

measurements ) data track
- gating association maintenance
(initialization, confirmation,
termination)

filtering &
prediction

TRACK
DISPLAY

Figure 1.1: Basic elements of a conventional MTT system.

Recent advances in wireless sensor technology have opened up the possibility

to develop efficient surveillance systems formed by the radio interconnection
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of different low cost and low energy consumption devices with sensing, com-
munication and processing capabilities. The availability of low-cost sensors
have made it possible to create large-scale sensing that enables acquisition of
massive data from spatially-distributed sources of information. This emerg-
ing technology introduces the following additional challenges in multitarget

tracking:

e the single node has limited sensing and computational capabilities;
in addition, also data transmission is limited, since it is the main

responsible for energy consumption

e processing must be carried out in a distributed fashion, i.e. with no
coordination of a central unit, and in a scalable way with respect to the

network size;
e cach node is unaware of the network topology.

The above considerations requires some sort of information fusion between
multiple sensors, in order to counteract the multisensor tracking problem
of incomplete measurements, that do not guarantee full state observability
from a single node. Moreover, in order to solve large-scale information
processing problems for sensor networks, development of novel algorithms
that are scalable is required. In particular, decentralized approaches have
been derived in order to solve estimation problems over sensor networks.
They are preferable with respect to centralized architectures for the following
reasons: first, the central processing node must run all the association and
the estimation routines. Second, a massive amount of data is transmitted to
the central node. Third, measurements may be arriving in an arbitrary order

which further complicates the association performed by the central node.

In this thesis we address distributed multitarget tracking problem for sensor

networks with a connected topology. The proposed distributed multitarget



tracking framework heavily relies on the consensus approach, which carries
out a global fusion over the whole network, by iterating local fusion steps

among neighboring sensors. This method ensures scalability.

1.2 Thesis Organization
The outline of the present thesis is as follows:

e Chapters 2 and 3 present basic concepts of recursive Bayesian estimation,

with a particular emphasis on the nonlinear filter UKF.

e Chapters 4 and 5 describe the most commonly used target motion

models and sensors, employed in tracking problems.

e Chapters 6 provides an overview on single target and multitarget data
association problem, the focus is on single-scan Bayesian approaches.
In addition, track initialization techniques and measurement validation

are discussed.

e Chapter 7 introduces the multitarget multisensor problem. In particular,

centralized architectures for multisensor data fusion are described.

e Chapter 8 proposes two solutions to distributed multitarget tracking

problem over a sensor network.

e In Chapter 9 the performance of the proposed distributed algorithms
will be assessed by means of simulation experiments on multisensor

multitarget tracking scenarios.



Chapter 2

Recursive Bayesian Estimation

2.1 Kalman Filter

This chapter provides a practical introduction to the well-known Kalman
filter. The Kalman filter addresses the problem of estimating the state x
of a discrete-time dynamical system. In 1960, R.E. Kalman published his
famous paper [21] presenting an efficient recursive solution to the discrete
filtering and prediction problem, in particular their optimal solution in terms
of Minimum Mean Square Error (MMSE). Consider a discrete-time linear
system:

x(k+1) = A(k)x(k) + B(k)u(k) + Dw(k)
z(k) = C(k)x(k) + v(k)

(2.1)

where: z(k) is the state; z(k) is the measurement; u(k) is a known deter-
ministic input; w(k) and v(k) represent the process and measurement noise,

respectively. Both noises are assumed zero-mean, Gaussian and white i.e.

w(k) ~ wn(0, Q(k))
v(k) ~ wn(0, R(k))

(2.2)

where

Q(k) = Elw(k)w(k)] (2.3)



is the process noise covariance and
R(k) = E [o(k)v(k)'] (2.4)

is the measurement noise covariance. The matrices A, B, C, D, () and R are
assumed known and possibly time-varying. The initial state 2(0) is modeled
as a random variable, Gaussian distributed with known mean and covariance.
In addition, the two noise sequences and the initial state are assumed mutually
independent. The aforementioned assumptions constitute the linear Gaussian
assumption. Note that the linearity of (2.1) preserves the Gaussian property

of the state and measurements (Gauss-Markov process).

The notation adopted throughout this thesis is the following: let Z* denote

the set of observations available at time k, i.e.
78 & {2(s),s <k} (2.5)
then, the conditional mean
i(tlk) 2 E [:v(t)|Zk] (2.6)
depending on the values of t and k, is referred to as
o filtered estimate, if t = k
e smoothed estimate, if t < k

e predicted estimate, if t > k

The conditional covariance matrix of x(t), given the data Z*, is
P(tlk) £ B [[x(t) — 2(t|k)] [(t) — 2(t|k)]' | Z"] (2.7)
and represents the covariance of the estimation error.

The initial estimate of x(0), £(0]0), and the associated initial covariance P(0]0),

assumed to be available, are used to initialize the estimation algorithm. The



conditioning argument stands for Z°, the initial (a priori) information. The
algorithm consists of propagating the estimate #(k—1|k—1) and its covariance
matrix P(k — 1]k — 1), into the corresponding variables at the next time
step, specifically #(k|k) and P(k|k). This is due to the fact that the first two
moments fully characterize a Gaussian random variable. The state estimation

cycle is performed in two stages:
e prediction (or time update)
e correction (or measurement update)

The prediction equations are responsible for projecting forward in time the
current state and error covariance estimates to obtain the a priori estimates
for the next time step. The correction equations include a new measurement
into the a prior: estimate to obtain an improved a posterior: estimate and
relative covariance. In each recursion, the process is repeated with the previous
a posteriort estimate used to predict the new a priori estimate. This recursive
nature is the key feature of the Kalman filter and gives the algorithm an
essentially cyclic structure in which the same computations are performed at

each time-step.

The estimation algorithm can be obtained in consequence of the above dis-
cussion. The predicted state z(k + 1|k) follows by applying the operator of

expectation conditioned on Z*
E [2(k+1)|2%] = E[A(k)z(k) + B(k)u(k) +w(k)|Z"] (2.8)
since the process noise is white and zero-mean, it yields
z(k + 1|k) = A(k)z(k|k) + B(k)u(k) (2.9)
subtracting the above from (2.1), the state prediction error is obtained
F(k+1k) = ok +1) — 2(k + 1|k) = A(k)z(k|k) + D(k)w(k) (2.10)

9



The state prediction covariance is

E[2(k + 1]k)2(k + 1|k)|2¥] =

(2.11)
= A(k)E [Z(k|k)Z(k|k)'| 2] A(K) + D(k)E [w(k)w(k)'] D(k)’
that can be rewritten as
P(k+1|k) = A(k)P(k|k)A(k)" + D(k)Q(k)D(k)’ (2.12)

where the cross-terms in (2.11) are zero because the process noise is zero-
mean and white, hence orthogonal to Z(k|k). The predicted measurement is

obtained as follows
Ez2(k+1)|Z"] = E[C(k+ Dx(k +1) + v(k +1)|Z¥] (2.13)
since the measurement noise is zero-mean and white, one has
2(k+1k) = C(k+ 1)z (k + 1|k). (2.14)

Then, subtracting (2.14) from the measurement equation (2.1), the measure-

ment prediction error turns out to be
FHk+1k) 2 2(k+1) = 2(k+1|k) = O(k + Di(k + 1|k) +v(k +1) (2.15)
from which the resulting measurement prediction covariance is
Sk+1)=Ck+1)P(k+1k)C(k+1)+ R(k+1) (2.16)
Using (2.15), the covariance between state and measurement is

E [2(k + 1|k)Z(k + 1|k)'| Z"]
= E [2(k + 1|k) [C(k + 1)E(k + 1|k) + v(k + 1)] |Z¥] (2.17)
= P(k+ 1|k)C(k + 1)

Combining the above expression and (2.16), the filter gain at time k is
K(k) 2 P(klk — 1)C(k)'S(k)™" (2.18)

10



Therefore, the updated state estimate can be written as
z(k|k) = z(klk — 1) + K(k)v(k) (2.19)

where v(k) is the so called innovation defined as follows
v(k) £ z(k) — 2(k|k — 1) = Z(k|k — 1) (2.20)

As a consequence, S(k) is called the innovation covariance. Finally, the

updated state covariance at time k is

P(k|k) = P(k|k — 1) — P(k|k — 1)C(k)S(k)"C (k) P(k|k — 1)

(2.21)
=[I = K(k)C(k)] P(klk —1)
P(klk) = P(klk — 1) — K(k)S(k)K(k)’ (2.22)
There is also a recursion for the inverse covariance
P(klk)™ = P(klk — 1)+ C(k)R(k)'C(k) (2.23)

If the filter uses (2.23) instead of (2.21), it is called information filter. The

filter gain can be rewritten as
K(k) = P(k|k)C(k)'R(k)™ (2.24)

The pseudo code in Algorithm 1 summarizes the Kalman filter equations.

11



Algorithm 1 KF
1: function KF(z(0| — 1), P(0| — 1))

2: for all time £ =0,1,2,... do

Correction

3: S(k) <— R(k) + C(k)P(k|k — 1)C (k)

4: K(k) <— P(k|k — 1)C(k)' S(k)™!

5: v(k) «— z(k) — C(k)2(k|k — 1)

6: &(k|k) «— @(k|k — 1) + K(k)v(k)

7: P(klk) +— P(klk — 1) — K(k)S(k)K (k)
Prediction

8: &k + 1|k) «— A(k)Z(k|k) + B(k)u(k)

9: P(k + 1|k) +— A(k)P(K|k)A (k) + D(k)Q(k)D(k)

10: end for
11: return prediction and correction sequence of [z, P|

12: end function

It is important to point out that the covariance computations are independent
of the state and measurements (and control, assumed known). Therefore,
these calculations can be performed offline. To conclude, it is important to
note that under the Gaussian assumption for the initial state and all the
noises entering into the system, the Kalman filter is the optimal Minimum
Mean Square Error (MMSE) state estimator. If the aforementioned random
variables are not Gaussian, and only the first two moments are available, then

the KF' is the best linear unbiased MMSE estimator.

12



Chapter 3
Nonlinear Estimation

Unfortunately, in the vast majority of practical applications, the optimal linear
Kalman filter, discussed in Chapter 2, cannot be applied. As a result, several
approximations and suboptimal solutions have been proposed over the years.
In this chapter the focus is on the estimation of the state of discrete-time
nonlinear dynamical systems, observed via nonlinear measurements. More
precisely, two different approaches will be discussed. Section 3.1 describes
the extended Kalman filter (EKF), which exploits analytic approximations
of nonlinear functions. In Section 3.2, another widely used nonlinear filter,
called unscented Kalman filter, is presented. The latter belongs to the class
of sampling methods, which approximate the posterior density by means of a

set of samples.

3.1 Extended Kalman Filter

The Extended Kalman Filter [2, 16, 17| extends, through a linearization

procedure, the use of the Kalman filter when the model of the dynamical

13



system is nonlinear. Consider the nonlinear state-space model:

x(k+1) = f(k,z(k))+ w(k)
2(k) = h(k,z(k)) + v(k)

where w(k) and v(k) are independent zero-mean white Gaussian noise pro-
cesses with covariance matrices ) and R, respectively. Notice that the noises
are assumed additive. The basic idea of EKF is to approximate the nonlin-
ear functions f(-) and A(-) via a first-order Taylor series expansion, at each
time instant, around the most recent state estimate. Once a linear model
is obtained, under the assumption that the conditional probability density
function (pdf) is Gaussian, the standard Kalman filter can be applied to
calculate the mean and the covariance of such a pdf. The resulting estimate
turns out to be good only if the approximations (linearization and Gaussian

distribution) are reasonable.
The approximation operates in two stages:

1. First, the following Jacobians are defined

oz

C(k) = |24

Alk) = [M] o=a(k|k)

L:f(m_n

2. Once the above matrices A(k) and C(k) are evaluated, then a first-
order Taylor approximation of the nonlinear functions f(k,z(k)) and

h(k,z(k)) is performed around Z(k|k) and Z(k|k — 1), respectively:

2

fk, x(k)) = f(k, 2(k[k)) + A(k)[z(k) — 2(k[k)]
h(k, z(k)) = h(k, 2(k|k — 1)) + C(k)[z(k) — 2(k|k — 1)]

Using these approximations the model obtained is now linear, consequently
the Kalman filter can be applied to derive the following extended Kalman

filter recursions:

14



e Update

S(k) = C(k)P(k|k — 1)C(k) + R(k)
K(k) = P(k|k = 1)C(k) S (k)™

v(k) = z(k) — h(k, 2(k|k — 1))
z(klk) = 2(k|k — 1) + K(k)v(k)
P(k|k) = P(k|k — 1) — K (k)S(k)K (k)

e Prediction

ik +1lk) = f(k, &(k|k))
P(k+ 1|k) = A(k)P(k|k)A(k) + Q(k)

Algorithm 2 EKF

1: function EKF(£(0] — 1), P(0| — 1), f, &, h, 2%)

2:

9:
10:
11:
12:

13:

for all time £ =0,1,2,... do

Correction

C(k) «— F(2(klk — 1))

S(k) «+— R(k)+ C(k)P(k|k — 1)C(k)
K (k) «— P(klk —1)C(k) S(k)~
v(k) «— z(k) — h(k, 2(k|k — 1))

&(k|k) «— @(k|k — 1) + K(k)v(k)

P(k|k) «— P(k|k) — K(k)S(k)K (k)

Prediction

A(k) «— SL(2(k|k))

(k4 1|k) «— f(k, z(k|k))

P(k + 1|k) +— A(k)P(k|k)A (k) + D(k)Q(k)D(k)

1

end for

return prediction and correction sequence of [z, P|

14: end function

15



The EKF recursion is summerized in Algorithm 2. The basic difference
between EKF and KF is the evaluation of the Jacobians of the state transition
and measurement equations. For the above reason, in the EKF the covariance
calculations are no longer decoupled from the state estimate computations;
hence, they cannot be carried out offline as in the Kalman filter. Note that
since the Jacobians are evaluated at the estimated state rather than the true
state, and higher order terms are neglected, the use of the series expansion
introduces unmodeled errors. There is no certainty that even the second-order
terms can compensate for such errors. These biases cannot be quantified and
the resulting covariance matrix is not always accurate. As a consequence, the
quality of the estimates is not guaranteed and the EKF is very sensitive to

the accuracy of the initial conditions and of the available state space model.

3.2 Unscented Kalman Filter

In this section an alternative filter used for recursive nonlinear estimation is
presented. This algorithm, referred to as the Unscented Kalman Filter (UKF),
first proposed by Julier et al.[18], provides, in general, superior performance
compared to EKF. The basic difference between the two approaches is the
representation of Gaussian random variables for propagating through system
dynamics. In the EKF, the state is approximated by a Gaussian distribution
and the recursion is carried out by linearization of the nonlinear system. This
can lead to large errors in the posterior mean and covariance of the transformed
Gaussian random variable and consequently to suboptimal performance. In
the UKF this problem is addressed by using a deterministic sampling approach.
As in the EKF, the state distribution is approximated by a Gaussian random
variable, but is now represented by a minimal set of sample points. These
points must be selected so as to capture the mean and covariance of the

Gaussian density and, when propagated through a nonlinear transformation,

16



they capture the posterior mean and covariance up to the second order of

nonlinearity.

Figure 3.1: The principle behind the unscented transformation.

On the contrary, the EKF only provides first-order accuracy. Although no
explicit Jacobian or Hessian calculations are necessary for the UKF, the
computational complexity of the UKF is the same order as that of the EKF.
The unscented Kalman filter technique approximates the distribution instead

of the nonlinear system, by using the unscented transformation.

transformed sigma points

. int
i?a pOl\rg l \O UT covariance
o

true covariance

unscented UT mean

transformation

o o

covariance mean

true mean o

Figure 3.2: The approximation of mean and covariance via the unscented transfor-

mation.

3.2.1 Unscented Transformation

The Unscented Transformation (UT) [20, 30] is a method for calculating

the statistics of a random variable which undergoes a nonlinear transforma-
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tion. The basic idea is to approximate a probability distribution instead
of a nonlinear function or transformation, which is more complicated. The
approach is illustrated in Figure 3.1. A set of points called sigma points
are chosen so that they have a certain mean and covariance. The nonlinear
function is applied to each point to yield transformed points. The statistics
of the transformed points can then be calculated to form an estimate of the
nonlinearly transformed mean and covariance.

Consider propagating a random variable a through a nonlinear function

g : R" — R™_ to produce a random variable b:

b=g(a) (3.1)

Denote the mean and covariance of a as a and P, respectively. In order to
compute the statistics of b = g(a), first the 2n 4+ 1 sigma points (n is the

dimension of a) are first obtained as follows

a® =g 1=20
aV =a+ (x/(n+)\)Pa>' 1=1,...,n (3.2)
ﬁﬂza—@ﬂn+MRJ, i=n+1,....2n

where A = o?(n + k) — n is a scaling parameter. In particular, the constant «
represents the spread of the sigma points around a and is usually set equal to
a small positive value, e.g. 1 < a < 107*. The constant & is another design
parameter, that is usually set equal to 3 —n. Note that (/(n + \)F,); is the
1th column of a matrix square root, obtained by Cholesky factorization or
singular value decomposition of (n+ \)P,. The sigma points in (3.2) are then

propagated through the nonlinear function
b = g(a?) i=0,...,2n.

The mean and covariance for b are finally approximated using a weighted
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sample mean and covariance of the posterior sigma points, by means of

)
S

(3.3)

el
I
]
S
=
<

Il
=)

7

[\~

n

Sp=Y_ wl (B — b)) —b)',

1=0

and the cross-covariance between a® and b® is

where the weights w') and wgi), for the mean and, respectively covariance,

are defined as follows:

A
0 _
Um = )
. 1
(@) _ _
) = —— i=1,....2n
2(n+ \) (3.4)
\ .
0) _ 1 — o2
V= ey T
, 1
w) = ——— i=1,...,2n
2(n+\)

The parameter [ contains prior knowledge on the distribution of x and for
Gaussian distributions is usually set equal to 2. Note that the Unscented
Transformation approach results in approximations that are accurate to the
third order for Gaussian inputs for all nonlinearities. For non-Gaussian inputs,
approximations are accurate to at least the second order, and the accuracy of

third and higher-order moments is influenced by the choice of a and £.
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Furthermore, the UT can be rewritten in a convenient matrix form as follows:

A=T[a ... a]+\/5[0,\/7a,—\/7a]
B =g(A)
b= Bw,,
Sy, =BWB
Cy, = AWB

where A is the matrix of sigma points (placed as columns) and the function g(+)
is separately applied to each column of the matrix. Moreover ¢ = a?(n + k),

while the vector w,, and the matrix W are defined as folllows:

0)

Wy, = W) W]

W= (I = [wn .. wy) x diag (W .. wP) x (I = [w ... wy))

3.2.2 Unscented Kalman Filter Algorithm

The Unscented Kalman Filter (UKF) is a simple extension of the UT to
recursive state estimation for the following stochastic dynamical system

(assumed for simplicity with additive noise)
z(k+1) = f(k,z(k)) + w(k)
z(k) = h(k,z(k)) + v(k)

where z(k) € R™ is the state, z(k) € R™ is the measurement, w(k) ~
wn(0,Q(k)) is the process noise and v(k) ~ wn(0, R(k)) is the measurement

noise.

Exploiting the unscented transformation in the previously presented matrix

form, the Prediction and the Correction steps are carried out as follows:

e Prediction:
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Starting from the sigma points, the mean #(k|k — 1) and the covariance

P(k|k — 1) are calculated:

X(k—1)=[#(k 1)k —1) ... 2k — 1k —1)] +
\/E[O,\/P( 1k —1),—/PE -1k —1)

X(klk—1)=f(k—1,X(k—1))
E(k|k — 1) = X(k|k — Dwy,
Plklk—1) = X(klk = DWX(klk — 1) + Q(k — 1)
(Rl = 1) = [#(klk = 1) .. &(klk = D] + v [0, v/PRE = 1), —/P(]k — 1)]
Z(klk — 1) = h(k, X (k|k — 1))
2(klk — 1) = Z(k|k — Dwy,

e Correction:
the innovation covariance S(k) and the cross-covariance between state

and measurement 7'(k) are obtained:

+ R(k)

S(k) = Z(klk — )W Z(k|k —1)
T(k) = X(k|k — YW Z(k|k — 1)

Finally, the filter gain K(k), the updated state Z(k|k) and its covariance

matrix P(k|k) are calculated by:

T(k)S(k)™

K(k)
2(klk) = 2(klk = 1) + K(k) [2(F) = 2(k[k = 1)]

P(klk) = P(klk — 1) — K (k)S(k)K (k)
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Algorithm 3 UKF

1: function UKF(z(0|0), P(0]0), f, h, a, B, K)

Weights computation

2: n <— size(Zo))

3: A— a*(n+k)—n
1wl — CEmy

5: w2 m

6w «— A5+ (1-a+p)
7 wh? m

8: Wy — [wg) . .wﬁf")}

’

9: W — (I = [y, ... wy]) X diag (wgo) . .wéQn)> X (I = (W ... wp))

10: c+— a*(n+k)
11: for all time ¢t =1,2,... do

Sigma points computation

12: U, 3| «— svd(P(k— 1|k —1))
13: T(k—1k—1) «— UVZ
14:

X(k=1) — [s(—1k—1) ... a(k—1lk—1)|+

+ \/E[o Tk — 1k —1),~T(k — 1|k — 1)}

15: X(klk—1) «— f(k—1,X(k—1))
Prediction
16: i(klk = 1) «— X(k|k — Dwp,
17: P(klk —1) «— X(klk — D)WX(klk—1) +Q(k —1)
18: [U, %] «— svd(P(k|k —1))
19: T(klk —1) «+— UVE
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20:

X(k|k—1) «— [:?:(k\k 1) L d(klk— 1)}+

+ \/E[o JT(k|E — 1), ~T(k|k — 1)]

21: Z(k|k — 1) «— h(k, X (k|k — 1))
Correction
22: S(k) «— Z(k|k — YW Z(k|k — 1) + R(k)
23: T(k) +— X(k|k — )W Z(k|k — 1)’
24: K(k) «— T(k)S(k)~!
25: i(k|k) «— @(klk — 1) + K(k) [2(k) — 2(k|k — 1)]
26: P(k|k) <— P(klk — 1) — K(k)S(k)K (k)

27: end for
28: return prediction and correction sequence of [z, P|

29: end function
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Chapter 4

Target Kinematic Models

This chapter presents some of the most commonly used target motion models.
White noise acceleration (WNA) models are defined by setting the second-
order derivative of the position to zero and modeling the disturbances as
random inputs, so that acceleration becomes a white process noise. Moreover,
we consider the Wiener process acceleration model, in which the third-order
derivative of the position is modeled as a white noise. Finally, Section 4.3
discusses the exponentially correlated acceleration model. Although the
discussion deals with one-dimensional motion, for 2- or 3-dimensional motions,

one can consider independent 1-dimensional models for each coordinate.

4.1 White Noise Acceleration

The white noise acceleration model is 2-nd order for each coordinate. Consider
an object moving with constant velocity in a coordinate £&. Then, in the

absence of noise, the equation of motion is

Et)=0 (4.1)

if process noise is included to take into account, the (4.1) becomes
E(t) = w(t) (4.2)
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where 0 is a continuous time zero-mean white noise with
E[w(t)] =0 (4.3)

Elw(t)w(r)] = q)o(t —7) (4.4)

where ¢ is the intensity of w. To express (4.2) in state-space form, the 2-
dimensional state vector of the continuous white noise acceleration (CWNA)

model becomes:
v=1[¢ ¢ (4.5)
Note that the velocity is a Wiener process, i.e. the integral of white noise.

The state equation is

x(t) = Az(t) + Dw(t) (4.6)
where
A= 01 D = 0 (4.7)
00 1

Since, in general, the observations are performed in discrete time, the corre-

sponding discrete-time state equations are considered:

z(k+1) = Agz(k) + w(k) (4.8)
where
Ad = BAT = b (49)
0 1

and the discrete-time process noise is
T
w(k) :/ AT Do (KT + 7) dr (4.10)
0

Thus, assuming ¢ to be constant, from (4.4) the covariance of w(k) is obtained

as follows
T I
Q = Elw(k)w(k)] = / A DQD N dr = [173 17212 TG (a11)
0
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where ¢ is a design parameter that, if small enough, leads to a nearly constant
velocity (NCV) model. For this model, the process noise intensity ¢ is chosen
so that v/ Q22 = v/ ¢1" quantifies the fluctuations of velocity within a sampling

interval.

In some cases, it is convenient to define a direct discrete-time model rather
than a discretized version of a continuous-time model. In such cases the
process noise, also modeled as white, enters through a noise gain, denoted as

D. The discrete-time process noise w(k) is a scalar zero-mean white sequence
B fu(k)w(j)] = 020 (4.12)
where dy; is the Kronecker delta. The dynamic equation is the following
x(k+1) = Az(k) + Dw(k) (4.13)
where D is the noise gain. Moreover, in second-order models one has
w(t) = w(k) te kT, (k+1)T] (4.14)

with accelerations uncorrelated from one period to another. The signal defined
in (4.14) represents a piecewise constant acceleration, which is the approx-
imation used to model uncertainties in the DWNA model. The transition
matrix in (4.13) is

1 T

A= (4.15)
0 1

Since the velocity increment during the k-th sampling period is w(k)T and
the acceleration effect on the position is w(k)%Tz, the vector multiplying w(k)
in (4.13) is

T2

1
D=2 (4.16)
T
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Hence, the covariance of Dw(k) is

o n __ 2 __ %T4 %Ts 2
Q = E[Dw(k)(Dw(k))] = Do’ D' = o2 (4.17)
1T3 T2

Usually o, is chosen in the range 0.5ay; < o0, < ay, where ays is the
maximum acceleration magnitude. This model becomes a nearly constant
velocity (NCV) model if the changes in velocity over a sampling period, which

are the same order of ¢, T, are small with respect to the actual velocity.

4.2 Wiener Process Acceleration

The Wiener process acceleration model is 3-rd order for each motion coordinate.
The equation of motion of a constant acceleration object with disturbances

modeled by a continuous-time zero-mean white noise for coordinate & is

S(t) =uw(t) (4.18)

the continuous-time state equation is

&(t) = Az(t) + Dw(t) (4.19)
where
010 0
A=10 0 1 D= |0 (4.20)
000 1
and
r=[e ¢ ¢ (4:21)

Since the acceleration is a Wiener process, the model is called continuous
Wiener process acceleration (CWPA) or white noise jerk model (jerk is the

derivative of the acceleration).
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The resulting discrete-time state equation is
z(k+1) = Agz(k) + w(k) (4.22)

with the transition matrix

17 L7
Ag=10 1 T (4.23)
00 1

PUAEE VRNV
Q= Efw(Ryu(t)) = | 170 41% 112| 4 (424)
ips lp2

For this model, the process noise intensity ¢ is chosen so that /@33 = /qT’,

quantifies the fluctuations of acceleration within a sampling interval.

4.3 Exponentially Correlated Acceleration

The exponentially correlated acceleration model is one of the most widely
used to track maneuvering targets. This model, first introduced by Singer
[29], is based on the fact that vehicles under consideration generally follow
constant velocity trajectories, but they can also deviate from this straight line
trajectories. To this end, the model also accounts for this target maneuver

capability.

Consider a target that normally moves at constant velocity, with perturbations
on the constant velocity trajectory due to turns, evasive maneuvers and
atmospheric turbulence. In a single coordinate, the equation of motion of

such a target can be represented by
x(t) = Azx(t) + Gal(t) (4.25)
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where the components of z(t) are the target position at time ¢ and its speed,
a(t) is the acceleration at time ¢, also referred to as the target maneuver

variable. Moreover

01
A= G = (4.26)

The target acceleration is correlated in time. Specifically, a target accelerating
at time ¢, is likely to be accelerating also at time ¢ 4 7 for sufficiently small 7.
For example, lazy turns cause correlated acceleration inputs up to one minute,
atmospheric turbulence for one or two seconds, and evasive maneuvers can
provide correlated acceleration inputs for intervals between ten and thirty
seconds. The correlation function associated with the target acceleration is

typically modeled as

r(1) = E [a(t)a(t + 7)) = o2, e /] ,a>0 (4.27)

2

where o,

computed using the model in figure 4.1, is the instantaneous
variance of the acceleration and « is the reciprocal of the maneuver time

constant. Typical values are:

1
e o~ — for a lazy turn

60

o o~ 20 for an evasive maneuver

e o ~ 1 for atmospheric turbulence

p(a)
Po

PMAX 1-(Po +2Pmax)  PMAX
[ 2AMAX

-AMAX [ AMAX

Figure 4.1: Model of the target acceleration probability density.
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The correlation function is shown in figure 4.2.

r(7)
1

r(‘r)=e_air|

-3/a -2/a -1/a o] 1/a 2/a 3/a

Figure 4.2: Correlation function of target acceleration.

Due to the acceleration being correlated in time, the maneuvers are neither
additive nor Gaussian. Singer’s probability density function for target ma-
neuvers is shown in figure 4.1. As illustrated in the figure, the maximum
target acceleration rate iS Gmae(—@maez) With probability pi.., whereas the
target has no acceleration with probability py and accelerates between —a,,qz
and a,,,., according to the uniform distribution. In order to use this model
in an optimal filter such as a Kalman filter, the maneuver noise needs to
be whitened. Singer uses a method analogous to the Wiener-Kolmogorov
whitening procedure. The state vector is augmented to include the maneuver
variables.

Using the correlation function r(7) in (4.27), the acceleration a(t) can be

expressed in terms of white noise by the first-order Markov process
a(t) = —aa(t) + w(t) (4.28)
driven by the white noise w(t), with
E[wt)w(r)] = 2a02,6(t — 7) (4.29)

Note that as « increases, the process a(t) becomes uncorrelated faster. For

a — oo and g, — 00, the acceleration becomes white noise. This corresponds
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to the white noise acceleration model (WNA), which is second order. For
a — 0, a(t) becomes the integral of white noise, i.e. the acceleration becomes

a Wiener process. This case corresponds to the Wiener process acceleration

(WPA) model, which is third order.

The target equation of motion can be rewritten in terms of the white noise
w(t) as
z(t) = Az(t) + Gw(t) (4.30)

where the components of z(t) are the target position, speed and acceleration

at time ¢, and

01 O 0
A=10 0 1 G=10 (4.31)
0 0 —« 1

The discrete-time equation corresponding to (4.30) for sampling period T is
r(k+1) = Age(k) + w(k) (4.32)
where
1 T (T —1+e°T)/a?
Ag=e =10 1 (1—e°T)/a (4.33)
0 0 el

Assuming T sufficiently small, so that a1 < 1, the covariance matrix of the

discrete-time process noise w(k) turns out to be:

T5/20 T*/8 T3/6
Q =2a0, | T*/8 T3/3 T2/2 (4.34)
/6 T?/2 T
The above equation is adequate under the assumption that the sampling inter-
val T is much less than the time constant 1/« of the maneuver autocorrelation.

The exact expression of () has the following elements

2 33

o
qu=—"|1- e 2T +2aT +
a

—2a*T? — 4aTe (4.35)
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2
G2 = 0—7;; [e_QaT +1—2eT 4 2aTe T — 20T + 042T2]
o

= ﬁ [1 — e 2T _ 204Te’aT]
¢13 = o2

g

2
Qoo = —’; [46_aT —3—¢ 2T 4 QOJT}
o

2
(a3 = Im [efZaT L1 2efaT}
a

33 = 0, [1 — 672QT]
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Chapter 5

Tracking sensors

In this chapter, different sensors commonly employed in target tracking are
briefly reviewed. The focus is on the basic concepts of sensor operational char-
acteristics, and on the measurement equations. Sensor models are discussed
from the perspective of a designer of tracking systems rather than a sensor
designer. Kinematic measurements are of particular interest, because they
give information about the existence and location of the target, usually rela-
tive to the sensor. Typical measurements include range, range rate, bearing
(azimuth) and elevation angles. They are the output of the signal processing,
provided by the sensor, usually referred to as measurements, observations,
hits or plots. In tracking problems, several kinematic sensors are used, but

each one can be generally described by the following measurement equation

z(k) = h(k,z(k)) + v(k)
v(k) ~wn(0, R)

(5.1)

where z(k) is the kinematic state, z(k) is the measurement provided by the
sensor, v(k) is the measurement noise and h(-) is the measurement function.
In order to track the targets of interest and achieve good performance, the

concept of observability of the kinematic state provided by a given sensor is
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crucial. A discrete-time system

ok +1) = f(k,z(k)) + w(k)
(k) = h(k, 2(k)) + v(k)

(5.2)

is observable whenever in the absence of noise i.e. for w(k) =0 and v(k) =0,
it is possible to uniquely determine z(0) given y(0),y(1),.... In the sequel,

observability will be described for each presented sensor.

5.1 RADAR

RADAR is a sensor for the detection and location of reflecting objects with

the following operating principle

e The radar transmits a pulse of Radio Frequency (RF) energy from an

antenna that propagates in space.

e A part of the transmitted energy is intercepted by a reflecting object,

the target, located at a certain distance from the radar.
e The energy intercepted by the target is reflected in many directions.

e Some of the reflected energy, called echo, returns to the radar, At

seconds later.

e The returning pulse is amplified by a receiver that decides whether or

not a target echo is present.
o [f the target has been detected, its information is acquired.

Modern tracking radars are capable of measuring target angle (azimuth and
elevation), range and range rate. The range to a target is calculated by
measuring the time it takes for the radar pulse to propagate at the speed of

light, intercept the target and return back to the radar. Among all types of
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sensors, the radar provides the most accurate measurement of the distance to
a target at long range. At short ranges, the precision can be a few centimeters.
The range measurement accuracy depends on the radar signal bandwidth,
and is determined as follows

c At

R=" (5.3)

where ¢ is the speed of light. In addition, the radar measures the azimuth
angle. It can be determined as the angle where the magnitude of the reflected
signal from a scanning antenna is at the maximum. Air-surveillance radars
with rotating antenna beams, determine the direction to a target in this

manner. This usually requires an antenna with a narrow beamwidth.

Range and angle measurements provide a 2D relative position of the target
from the radar location. The corresponding measurement equation for sensor

1, used in tracking algorithms, is

(k) = (k) v'(k) =h'(z v’
Z'(k) = 5 (k) +u'(k) = h'(x(k)) + v (k) (5.4)
where the range is
r= /(e =00 + (b — 1))’ (5.5)

and p’ = (p, p,) is the position of sensor i in Cartesian coordinates. The

angle component of the measurement is obtained as
0" = Z[(ps — p) + J(py — 1})] (5.6)

Usually, both range and azimuth errors are assumed independent, so that
R = diag{c?, 02} where o, and oy are the standard deviations which depend
on the characteristics of the employed sensor. It is of interest to note that
a single RADAR can exactly locate the position of a target in absence of
noise and, hence, the observability of the kinematic state of the target is

guaranteed.
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5.2 Time Of Arrival (TOA)

The Time Of Arrival (TOA) sensor measures the distance between the target
and the sensor as the time it takes for the electromagnetic or acoustic signal
to cover that distance. Denoted the known position of sensor i as p* = (pl, p}),

then the measurement function for a TOA sensor is
B(w) = /(0 = PL)2 + (py — })? (5.7)

To achieve observability of the kinematic state, at least three TOA sensors

are necessary in a two-dimensional space, four in a three-dimensional space.

TOA SENSOR 3

TOA SENSOR 1

TOA SENSOR 2

Figure 5.1: Observability with three TOA sensors.
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5.3 Direction Of Arrival (DOA)

The Direction Of Arrival (DOA) sensor, also called Angle Of Arrival (AOA),
measures the angular direction of the signal returning from the target of

interest. The measurement function for a DOA sensor 7 is
h(x) = Z{(pe — pL) + j(py — D)) (5.8)

Observability of the kinematic state in a two-dimensional space is guaranteed

with at least two DOA sensors.

’

’

TARGET

AN

DOA SENSOR 2

01

AR
DOA SENSOR 1

Figure 5.2: Observability with two DOA sensors.

5.4 Doppler

Doppler sensors rely on the Doppler effect to enhance target detection. The
Doppler effect causes a frequency shift when there is a relative range rate, or
radial velocity, between the target and the sensor. As the transmitter signal is

reflected from a target, the carrier frequency of the returning signal is shifted.
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Consider a monostatic radar (both transmitter and receiver are co-located)
so that the round-trip distance is twice the distance between the transmitter
and the target. The Doppler frequency shift, denoted as f;, is a function of
the carrier wavelength A and the relative radial velocity (range rate) between
the radar and the target , r, and is given by

2r

fa= -3

(5.9)

where A = ¢/ f is the wavelength, ¢ is the light speed and f is the carrier
frequency. Note that a negative sign is included in (5.9) to account for the
fact that, whenever the target is moving away from the radar, the relative
radial velocity is defined to be positive and results in a negative frequency
shift. For a Doppler sensor 7, the measurement equation (5.1) can be written

as

(k) = 7'(k) +v' (k) (5.10)

As a consequence of (5.9), the frequency shift, that can be easily be measured,
is proportional to the range rate

# = (o= n P+ g~ 1) + (e 1 (5.11)

Assuming the position of the sensor i (p, pi, p) and its velocity, if the sensor

is moving, (pk, pl, pl), the expression becomes the following

i e =P =B+ By Py =)+ P — )

\/(px —pi)?2+ (py — pb)?* + (p. — pl)?

Note that, among all the different sensors mentioned in this section, only
the measurement provided by the Doppler sensor depends on the velocity
components (P, Py, p») as well as the position components (p,, py, p,) of the
target of interest. Observability analysis on Doppler sensors has shown that
the kinematic state of a target in a two-dimensional space can be estimated
using at least three not aligned sensors. In three dimensions, at least four

Sensors, not Coplanar, are necessary.
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5.5 Clutter Model

Clutter is a term that refers to unwanted echoes returning to the radar
(or another active sensor) from different sources e.g. ground, sea, weather,
buildings, etc. These spurious reflectors and the sensor noise cause false
alarms. As a matter of fact, a sensor with N resolution cells, declares a
detection in a cell if the reflected amplitude of the signal exceeds a given
threshold. For this reason, false alarm detections can occur when the sensor
points to a region where there is no target, but receives a signal due to sensor

noise or clutter.

Under the following assumptions:

e the detection events in each cell are mutually independent;

e the probability of false alarm detection is Pr4 in each cell;

the probability mass function (pmf) of the number of false alarms, in these
Nge cells, can be obtained as the probability of the number of successes in
a sequence of Nrc independent Bernoulli experiments, each of which yields

success with probability Pry (binomial distribution). Then
N
Prob{nps =m} = upa(m) = ( ﬂio) (Ppa)™(1 — Ppy)Nre™™  (5.13)

Consequently, the spatial density of the false alarms is

E [npal _ NrcPra

A= 5.14
Vv %4 ( )

where V is the volume of the cells. Under the condition
Prax1 (5.15)

(5.13) can be approximated by the Poisson distribution, for Ngc large enough
so that NgcPra is the same order of magnitude of 1. Then, the pmf ppa(m)

becomes
m
“NpePps (NrRCPrRA)
m)

pra(m) =e (5.16)
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Combining (5.14) and (5.16), the probability mass function of the number of

false alarms in the volume V', with respect to their spatial density, is

pipa(m) = e‘”’% (5.17)

Under the aforementioned two assumptions, the spatial distribution of the
false alarms is uniform. Hence, the probability density function of a false mea-
surement in the volume V', denoting the subspace in which the measurement

is known to fall, is given by

p(z|z is a false measurement) = v (5.18)

The above model is used for random clutter only, whereas persistent clutter

can be easily recognized and, then, eliminated.
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Chapter 6
Data Association

This chapter addresses the data association problem in target tracking. Data
association is fundamental in the presence of measurements whose origin is
uncertain. This occurs when remote sensing devices acquire observations
which can originate from true targets or clutter, and when multiple targets
are present in the same surveillance region, especially if their trajectories are
close to each other. The overall data association is the combination of the

following different problems:
e track initialization (measurement-to-measurement association).

e measurement-to-track association (always preceded by a gating proce-

dure).
e track-to-track association (for multisensor systems).

In this chapter track-to-track association is ignored, the focus being on track
formation, measurement validation and, above all, measurement-to-track
association. First, track initialization determines the presence of a target,
in order to initiate the corresponding track and start the state estimation.
Gating is a screening procedure, useful to determine which observations are

better for updating existing tracks. Moreover, it is performed in order to avoid

41



unnecessary computations in the association procedure. In fact, association
collects the measurement-to-track pairings that passed through the first gating,
and establishes which are the best observation-to-track assignments to make.

There are two basic different approaches in associating data.

e Non-Bayesian data association: statistical tools, such as maximum
likelihood or hypothesis testing, are used in order to come to a binary
(hard) decision. It is made for each measurement on whether it originates

from a particular target or is a false alarm due to random clutter.

e Probabilistic or Bayesian data association: association probabilities are
evaluated for each measurement and for all possible sources so as to
take a soft decision. Subsequently, such association probabilities are

used throughout the estimation process.

Data association approaches can also be categorized with respect to the way

in which they process measurements, into

e single-scan: the estimation of the state of targets is based on the set of

measurements at the current scan only.

e multi-scan: the association decisions take into account also measure-

ments at previous scans.

6.1 Track Initialization

Track formation is a crucial issue in target tracking, especially because some
data association techniques work under the assumption that the track has
already been initialized. In these cases, track formation has to be implemented
in order to start the tracking process. For radar tracking problems the process

of track initialization is essentially carried out in two phases:
1. generation of the initial estimate using two observations;
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2. track confirmation logic, used to reduce the amount of false tracks

initialized.

Note that the first stage must assure the consistency of the estimation filter,
i.e. the covariance of the initial estimate must reflect realistically its accuracy
so that estimation errors are consistent with the evaluated covariances. In
the next sections, first the simple and common two-point difference (TPD)
track initialization algorithm will be first illustrated. Subsequently, the M /N

logic, used for track confirmation, will be described.

6.1.1 Two-Point Differencing Gating

The TPD [3] algorithm approximates the initial track state using the first two
position observations. Any consecutive pair of detections within a maximum
distance, depending on the maximum speed and measurement noise variances
of the target of interest, initiates a preliminary track. This preliminary
track, consisting of the initial state and the corresponding covariance, can
initialize the filter. In order to initialize the tracking filter for a target moving
with nearly constant velocity when position-only measurements are available,
consider two components of the state, position ¢ and velocity € in a given

coordinate. The measurement is modeled as
2(k) = €(k) + v(k) (6.1)
so one generates the measurement noises for the true values £(k), k= 1,2
v(k) ~ wn(0, R) (6.2)
then position and velocity estimates at scan k = 2 can be obtained as follows

£(212) = =(2)

: z -z (6-3)
o) = 2B A0
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and the corresponding initial covariance matrix, assuming there is no process
noise, is
R R/T
P(2]2) = / (6.4)
R/T 2R/T?
This method guarantees consistency of the initialization of the tracking filter,

that starts updating the state at time k£ = 2.

6.1.2 M/N Logic

Once a tentative track becomes a preliminary track, in order to reduce
the amount of false tracks in a dense clutter environment, a M /N logic is
implemented. This is a straightforward procedure used for track confirmation.
The idea of this logic is that a preliminary track needs a minimum of M
detections, during the first N scans (1 < M < N), to become a confirmed
track. Tracks assume a different role throughout the confirmation and deletion

processes.

e New tracks are not proper tracks, but simply consist of measurements
rejected by the data association, for which a new TPD gate will be set

up in the subsequent scan.

e Preliminary tracks are initiated by any consecutive pair of detections,
within a maximum distance. Such tracks are created by the two-point
differencing technique. A track remains preliminary until it is either

confirmed or deleted, the decision relying on the M /N logic.

e Confirmed tracks are obtained from preliminary tracks after M out of

N scans.

e Deleted tracks are either preliminary tracks that do not reach the M /N
required detections or confirmed tracks that are terminated by the

tracker.
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The state diagram of the M/N logic is illustrated in figure 6.1

detections < M

age< N

detections > M

11

PRELIMINARY CONFIRMED

Ny/N,

12 detections < M non detections

age > N

DELETED

A 4

Figure 6.1: State diagram of M/N logic.

Note that a confirmed track is terminated if one of the following two

conditions occurs:

e there are no validated measurements during N, consecutive scans, i.e.

there are Ny consecutive misdetections.
e the estimated target speed exceeds a maximum threshold.

Notice that not only confirmed tracks are processed in the filtering and in
the data association blocks; preliminary tracks are processed as well. This is
due to the necessity of updating these tracks in order to evaluate a validation
region at subsequent scans and therefore continue the M/N procedure. This

is possible only if the state predicted estimate and its covariance are available.
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Although both preliminary and confirmed tracks are updated, only the latter

will be displayed on the radar screen.

SENSOR

Z(k)

\/

CONFIRMED
TRACK
ASSOCIATION

Znc(k)
\

PRELIMINARY
TRACK
ASSOCIATION

Znp(k)

\

TWO-POINT
DIFFERENCING
GATE

NEW TRACKS
k+1

Figure 6.2: Data association priorities.

In data association there is a different priority given to new, preliminary
and confirmed tracks, as shown in figure 6.2. As a matter of fact, the whole
set of measurements Z (k) provided by a sensor at time k is available only
for the data association of confirmed tracks. The subset of measurements
Znc(k), rejected by the confirmed track association, will then be available

for preliminary tracks. Lastly, the remaining subset of measurements Zyp(k),
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discarded by both confirmed and preliminary tracks, will initiate new tracks

at the following scan.

The track initialization procedure for multitarget tracking, implemented in the
simulations described later, follows the logic illustrated in the block diagram

of figure 6.3.

Z DELETED
CYCLE k l
; CONFIRMED
confirmed | - TRACK
preliminary PREDICTION ASSOCIATION
LA
ZNne
new /
PRELIMINARY >0
> TRACK
ASSOCIATION
y Zr |
CYCLE TWO-POINT
kE+1 DIFFERENCING UPDATE
GATING —I

DISPLAY

Figure 6.3: Block diagram of track initialization, maintenance and deletion through-

out data association and filtering.

As shown in figure 6.3, at current time k, confirmed, preliminary and new
tracks are available in the filter. The first two sets of tracks enter the prediction
block, where the predicted state estimate, the corresponding covariance, the

predicted measurement and its covariance are computed. Then, the set of
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measurements are validated, through a measurement-to-track association,
which at first involves only confirmed tracks. Subsequently, preliminary
tracks validate measurements among the ones left in the subset Zys. The
remaining Zyp observations are collected in the TPD block, where they are
possibly associated to new tracks found at scan k — 1. After this three-level
measurement-to-track association step, confirmed and preliminary tracks,
whose measurements have been detected at the current time, are updated.
Note that the data entering the association block as preliminary, and exiting
the same block as confirmed, represents preliminary tracks that reach the
M-th detection out of N, and hence are promoted to confirmed tracks. Only
confirmed tracks are shown on the Plan Position Indicator (PPI) after the
update. The preliminary tracks, at the end of the processing cycle at time k,

will be the combination of the following tracks:
e updated preliminary tracks

e preliminary tracks which have been associated to no measurements, and

thus their state estimates and covariances have only been predicted.

e tracks that have been created in the TPD block, after two detections in

two consecutive scans

The new tracks, available at time k£ + 1, will be given by the unassociated
measurements at scan k. Deleted tracks, denoted by green lines in Figure 6.3,
originate from confirmed, preliminary and new tracks for which termination

conditions hold.

The choice of M and N depends on both probability of target detection Pp
and probability of false alarm Pr4. As a matter of fact, for a given N, the
product PpN represents the number of expected detections for a true track

in N scans. Therefore, in order to confirm true tracks, a reasonable value
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should provide
M < PpN (6.5)

On the other hand, the initialization logic should also prevent false tracks
from being confirmed. This additional requirement suggests to choose M and
N so that

AvprPpaN <M (6.6)

where Ay g is the average area of the validation region. In conclusion, com-
bining (6.5) and (6.6), the integers M and N should satisfy the following
condition:

M
AvpPra < N < Pp (6.7)

The choice of N should also take into account the fact that only confirmed
tracks are shown on the display. Thus the number of scans, necessary for

track confirmation, cannot be too high.

6.2 Measurement Validation

In target tracking, measurements detected by sensors are first selected so that
only the most likely to be target-originated are preserved for the subsequent
data association. For each scan a validation gate is set up, so that only the
observations which fall into that limited region will be valid candidates to
update the existing tracks, while the remaining ones are assumed to be new
targets or clutter. This selection ensures reduction of the computational
burden and is mainly performed to avoid searching for observations in the
entire measurement space. The validation region guarantees that the target

observation falls in it with high probability, namely the gate probability FPg.

Once a track has been initialized, the filter can evaluate a predicted measure-

ment expressed by its mean Z(k|k — 1) and its corresponding covariance S(k).
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Under the basic assumption that the measurement conditioned on the past is

normally distributed with probability density function
ple(k)|Z"1] = Nz(k); 2(klk — 1), S(k)] (6.8)
the true measurement will fall in the validation or gate region
Y(k,7) = {2 [z — 2(klk — 1)]'S(k)~'[2 — 2(k[k — 1)] <~} (6.9)

where 7y is the gate threshold that defines the confidence region, chi-square
distributed, with n, (dimension of the measurement vector) degrees of freedom.
S(k) is the covariance of the innovation. The validation region, for Gaussian
multivariate distributions, is the ellipsoid of minimum volume containing the
probability mass Pg, centered at the mean, with semiaxes the square roots of

the eigenvalues of the matrix vS. The gate probability is
Pg = Prob{z(k) € T(k,v)} (6.10)

The threshold v can be evaluated given Pg and the dimension n, from the
table of the chi-square distribution. Sometimes, instead of ~, the number of
sigmas (sigma is the standard deviation) of the gate g = /7 is used. The

volume of the validation region T corresponding to v = ¢g* (g-sigma gate) is

N[

V(k) = . |yS(k)| = g™ [S(K)] (6.11)

where ¢,,_ is the volume of the n,-dimensional unit hypersphere, e.g. co = 7.

As a conclusion, the actual gating process accepts only observations whose
statistical distance d? of the measurement-to-track assignment satisfies the

following relationship:
d*(k) = v(k)' S(k) 'v(k) < v (6.12)

where v(k) is the innovation vector, given by the difference between the
actual and the expected measurement. The above distance is often referred

as Normalized Innovation Squared (NIS), which is, as mentioned before,

chi-square distributed if v(k) ~ N (0, S(k)).
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6.3 Single Target Data Association

When tracking a single target in clutter, one encounters a data association
problem. This is due to the fact that there are possibly several measurements
in the validation region of the target, discussed in Section 6.2. As a matter of

fact, the validated measurements consist of:

e The target-originated measurement. This occurs if the correct observa-

tion is first detected and then validated.
e Clutter or false alarms

In this section, only single-scan data association approaches are discussed.
First, the Nearest Neighbor (NN) method, which assigns to the target the
closest observation to the predicted measurement, is revised. This approach,
described in Section 6.3.1, is obviously non-Bayesian. An alternative is to
use a Bayesian approach, called Probabilistic Data Association (PDA) and
discussed in Section 6.3.2, which associates with a certain probability, each

measurement to the target of interest.

6.3.1 Nearest Neighbor

The simplest approach to data association is the Nearest Neighbor (NN),
which considers only one measurement-to-track hypothesis, choosing the most
likely measurement for track update, according to a certain distance measure
between the track and the measurement. The NN method is a typical single-
scan algorithm, since it considers only the set of measurements received in
the current scan to make a data association hard decision. Due to the fact
that the Nearest Neighbor approach allows each track to be associated with
the closest measurement, several tracks can have, as their nearest neighbor,
the same single observation. Therefore, the same measurement may be

used to update more than one track. This leads to measurement-to-track
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misassignments which can cause the filter to converge slowly or even fail to
converge. Consequently, the NN method is a straightforward algorithm whose
implementation is recommended in a low-clutter environment. Furthermore,
due to the aforementioned reasons, in multitarget tracking scenarios, the NN
approach is not optimal, but another version called Global Nearest Neighbor
(GNN), which prohibits multiple assignments of a single observation, can be

used as described later.

6.3.2 Probabilistic Data Association

Probabilistic data association (PDA), first introduced by Bar-Shalom and Tse
[1, 4], is a Bayesian approach to solve the problem of assigning measurements
to tracks, significantly effective in dense clutter. This method associates
validated measurements in the current scan with existing tracks by calculating
the probability for each observation of being target-originated. Subsequently
the association probabilities are used as weights for the track update. PDA

is valid under the following assumptions
e A single target being tracked;
e The track has been already initialized;

e A validation region, calculated as in Section 6.2, is set up at each scan
so that only a part of the set of measurements is considered for the

association to the target;
e A single validated measurement can originate from the target;

e The other measurements are considered false alarms. They are modeled
as independent and identically distributed (i.i.d.) with uniform spatial

distribution, as shown in Section 5.5

e For each scan, the probability of target detection is Pp.
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e The probability density function of the current state conditioned on the
past is Gaussian, with mean given by the predicted state and covariance
P(k|k —1). Hence the past information about the target is summarized

approximately by the following sufficient statistics
pla(k)| 28] = Nla(k); @ (k[k — 1), P(k|k — 1)]. (6.13)
The set of m(k) validated observations at the current time is
Z(k) = {z ()} (6.14)
and the possible association events are

0.(0) {zi(k) is the target-originated measurement} ¢ =1,...,m(k)

{all the measurements are false alarms} i=0
(6.15)
As a consequence of the aforementioned assumptions, for m(k) > 1, these
events turn out to be mutually exclusive and collectively exhaustive i.e. they
cannot occur together, but at least one of the events must happen so that
their probabilities sum up to unity. The association probability corresponds
to the conditional probability of the i-th association event being the correct

one, defined as

Bi(k) = Prob{6;(k)|Z*} (6.16)
where
2 {2 (6.17)

is the cumulative sequence of observations up to time k. The conditioning in
(6.16) can be divided into the past set of measurements Z*~1 and the current
one Z(k). In particular, considering that a Bayesian inference can be used on
both the number of validated observations m(k), and on their set of values

Z(k), (6.16) becomes
Bi(k) = Prob{0;(k)|Z(k),m(k), "'} (6.18)
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The application of Bayes’ theorem leads to the explicit formula

Bi(k) = %p [Z(k)|6:(k), m(k), Z*'] Prob{6;(k)|m(k),Zz*'} i=0,1,.., m(k)

(6.19)
where: ¢ is a normalization constant; Prob{6;(k)|m(k), Z*~} is the prior
probability of measurement i being the correct one; p [Z(k)|6;(k), m(k), Z¥7]
is the joint density of the validated observations conditioned on measurement ¢
being target-originated. Specifically, p [Z(k)|0;(k), m(k), Z*~'] is the product
of the assumed Gaussian pdf of the correct measurement p [z;(k)|0;(k), m(k), Z*~!]
and the pdf [V (k)]~! of the false measurements, which is assumed uniform in
the validation region volume. In particular, the pdf of the correct observation

18

p [(R)16,(k), m(K), 2] = Pg"Nz:(k); 2(k|k—1), S(8)] = PG N Tui(k); 0, S(k)]
(6.20)

i.e. it is Gaussian with mean equal to the predicted measurement Z(k|k — 1)

and the innovation covariance S(k) limited to the gate (indeed it is divided by

the gate probability Py, which is the probability that the correct observation

is inside the validation region). Thus, the pdf from (6.19) is

V (k)= =0 PN [1,(k); 0, S(B)] i = 1, ..., m(k)

V (k)~mk) i=0
(6.21)
where V' (k), defined in (6.11), is the volume of the validation region. The

p [Z(k)|0i(k), m(k), Z"7] =

probabilities of the association events conditioned only on the number of

validated measurements are denoted as
vilm(k)] £ Prob{0;(k)|m(k), Z"*'} = Prob{6;(k)|m(k)}

The parametric approach uses a Poisson model for the probability mass

function (pmf) of the number of false measurements in the validation region,
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with spatial density A, so that

v V) (6.22)

pr(m) =e ml

It can been demonstrated that

- PpPg [PoPem(k) + (1 — PoP)AV(E)]™ i=1,...,m(k)
i =
(1 — PoPe)AV (k) [PpPem(k) + (1 — PpP)AV (k)" i=0

(6.23)
Then, the application of (6.21) and (6.23) to the pdf in (6.19) yields the

following final expressions for the association probabilities:

50 %v(k)wmn P5 "W Twi(k); 0, S(k)| P Pe i=1,..,m(k)
%V(k)m(% — PpFa)AV (k) i=0
(6.24)
where the common terms of (6.23) [PpPem(k) + (1 — PpPg)AV (k)] are

inside ¢, which is given by

c=Y Ailh) (6.25)
i=0
After some cancellations and dividing by Pp, the following expression is
obtained .
SNk 0,S(R)] i = 1m(k)
Bi(k) =9 { (1— PpPg) (6.26)
A 1 =0
C PD
that can be finally rewritten as
64
. , i=1,..,m(k)
. 1 —PDPG—FZ;’L:U;) €j
Bz(k> - 1— PDPG P20 (627)
l_PDPG+Z?1:(’f)€j’
where
(k); 2 -1 P
. o N L(0); 2(klk = 1), S(®)] Po 629

A
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is the likelihood ratio of the measurement z;(k) originating from the target
rather than from clutter, i.e. the ratio of the pdf of the measurement z;(k)
being the correct one over the pdf of being clutter, divided by the sum of all
likelihood ratios. Note that A in (6.28) plays the role of the uniform pdf of
the location of a false measurement. Moreover, 1 — Pp P is the probability
that no measurement is correct (i = 0). The innovation Gaussian in (6.27) is

1 1 ’ —1
N [zi(k); 2(k|k — 1), S(k)] = ———— e~ 20 RSk wilk) 6.29
[2i(k); 2 (K| ), S (k)] 2SI (6.29)

The association probabilities can be used in the tracking algorithm known as
Probabilistic Data Association Filter (PDAF). If the state and measurement
equations are linear it is based on the Kalman Filter, otherwise it uses EKF
(Section 3.1) or UKF (Section 3.2). The prediction of the state, its covariance
and the measurement is identical to the one in the standard Kalman Filter.
For this reason, the next section is focused on the state and covariance update.

The conditional mean of the state at scan k is given by

&(k|k) = E[z(k)|Z"]  where Z% = {2(1),i < k} (6.30)

Due to the association events being mutually exclusive and collectively ex-
haustive, the total probability theorem can be used with respect to 0;(k),
thus providing:

(k)
#(k|k) = Prob{6:(k)|Z*} Y Elw(k)[6:(k), Z"]
=0 (6.31)

3

~

(k

= Bi(k) ) &i(k[k)

i

Il
o

where Z;(k|k) is the updated state conditioned on the event {z;(k) is the

correct (target- originated) validated measurement} that can be written as
zi(klk) = 2(klk = 1)+ K(k)v;(k) i=1,...,m(k) (6.32)
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where the innovation for the i-th measurement v;(k) is
vi(k) = zi(k) — 2(k|k — 1) (6.33)
and the gain is the same as the one in the standard Kalman Filter
K(k) = P(klk — 1)H(k)'S(k)™! (6.34)

Hence the state update equation of PDAF can be obtained by combining
(6.32) into (6.31)
T(klk) = z(klk — 1) + K(k)v(k) (6.35)

where v(k) is the combined innovation defined as follows:

= Z Bi(k)vi(k) (6.36)

Notice that, for i = 0 there is no contribution to the combined innovation,
because either no measurement is inside the gate or the validated ones are

clutter, i.e.

Zo(k|k) = &(k|k — 1) (6.37)

Similarly the covariance update is

P(klk) = E(z(k) — 2(k|k))(x (k) — 2(k[k))'| Z"]
(k)
El(x(k) — 2(k|k))(z(k) — 2(k|k))'|6:(k), 2%|8;(k)  (6.38)

1=0

P(k|k) + P(k)

3

where

P(k|k) = Zﬁl P, (k|k)

Zﬁz i (k)2 (k[k)" — 2(k|k)2(k|k)

(6.39)

Notice that, for i = 0,
Py(k|k) = P(k|lk — 1) (6.40)
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whereas, for i # 0, the covariance of the state updated with the correct

measurement is

Pi(k|k) = Po(k|k) = P(klk — 1) — K(&)S(k)EK (k) i=1,..,m(k) (6.41)

Therefore
P(klk) = Bo(k)P(klk — 1) + [1 — Bo (k)] P*(k[k) (6.42)
where we have used the identity
m(k)
B)=1-Y_ Bi(k) (6.43)
i=0
The spread of the means P(k|k) in (6.39) can be written as
m(k)
= > Bik)&i(k|k)&:(k[k) — &(k|k)a(k[k)
=0
Tlk) (6.44)

= 3 ALa(HE = 1) + KO (ENa(klk = 1) + K (0]

— [2(kl[k = 1) + K(k)v(R)][2(klk — 1) + K(k)v (k)]

Using
m(k)
Z Bi(k (6.45)
and
m(k) m(k)
> Abn) = 3 A (4) = (0, (6.46)
i=1
since by definition
(k) =0, (6.47)

(6.44) becomes
P(k) =i(k|k — 1) (klk — 1) + 2(k|k — )[K (k)v(k)] + K (k)v(k)z(k|k — 1)
+ > Bik) K (R)va(R)[K (k)i (k)] = &(k|k — 1)&(k[k — 1)

— 2(k|k — DK (k)v(k)] — [K(k)v(k)2(klk — 1) — K(k)v(k)[K (k)v (k)]
(6.48)
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and after cancellations

P(k) = K(k)[ Z Bi(k)vi(k)vi(k) — v(k)v (k)| K (k) (6.49)

This term, the spread of the innovations, accounts for the uncertainty caused
by the unknown origin of the measurements. As a consequence, it is a positive
semidefinite matrix which increases the covariance of the updated state that

lastly becomes
P(k[k) = Bo(k)P(klk — 1) + [L = Bo(k)| P*(k|k) + P(k) (6.50)

From the above expression, it is clear that with probability Sy (k) the covariance
is the prediction one and there is no update because none of the observations
are target originated. On the other hand 1— (y(k) is the weight of the updated
covariance P°(k|k) when the correct measurement is available.

In Algorithm 4 the pseudo-code summarizes the PDAF. In Figure 6.4 one

single cycle of the filter is shown.
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Algorithm 4 PDAF

1: function PDAF(z(0| — 1), P(0| — 1))
2: for all time £ =0,1,2,... do

Correction
3: S(k) «— R(k) + C(k)P(k|k — 1)C(k)
4: K(k) <— P(k|k — 1)C(k)' S(k)™!
5: Z(klk — 1) «— C(k)z(klk — 1)
6: for all measurements z; = 0,1,2,...,m(k) do
7: vi(k) «— zi(k) — 2(k|k — 1)

€;
1= PpPe+ 57 We;’ =0
9: end for )
10: ) — Z Bi(k
11: z(k|k) — x(k:|k — 1)+ K(k)v(k)
12: Pe(k|k) «— P(k|k —1) — K(k)S(k)K (k)
m(k

3 Bk KRS SRk — vk kY] K (k)
W P(kIE) e Ao(k)P(RIE — 1)+ [1 — Bo(R)P(KR) + P(k)

Prediction
15: Tk + 1|k) +— A(k)z(k|k)
16: P(k + 1|k) +— A(k)P(k|k)A (k) + D(k)Q(k)D(k)
17: end for
18:  return prediction and correction sequence of [z, P|

19: end function
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Figure 6.4: One cycle of the PDAF.
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6.4 Multitarget Data Association

Data association in a multiple target scenario is more complicated. Several
targets as well as clutter create uncertainty on the origin of measurements.
In Figure 6.5 a multitarget situation is illustrated at a given time instant.
The predicted measurements for the two targets are denoted as 2z; and 2.
The measurement z; can be originated from target 1 or clutter, z3 and z4
from target 2 or clutter, while zo from either target 1 or target 2 or clutter.
When a measurement may have originated from more than one target (e.g.
measurement 2,), it will be shown that these targets cannot be considered
separately in the association problem.

This section focuses on Bayesian approaches in a multitarget environment, in
which the association of measurements is performed by considering simultane-
ously all the targets. Nevertheless, a hard decision approach to this problem

(Global Nearest Neighbor), is first discussed.

* ~1

Figure 6.5: A measurement falls in the intersection of two validation regions.
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6.4.1 Global Nearest Neighbor

Global Nearest Neighbor (GNN) is an extension of the NN approach to the
multitarget case, with the difference that each validated measurement can
be assigned only to a single track. The association problem is formulated
as the well-known 2-D assignment problem, which makes a hard decision on
the measurement-to-track association and can hence be solved by algorithms
commonly used for this purpose, such as the auction or the Hungarian meth-
ods. These algorithms provide optimal and computationally less demanding

suboptimal solutions to the assignment problem.

Let Nt be the number of tracks and m the number of measurements. The
classical assignment problem consists in finding a one-to-one matching between
N7 tracks and m measurements. The objective is to minimize the total cost of
the assignments. The mathematical formulation for the assignment problem

can be given in terms of the following discrete constrained optimization

problem:
Nr m
Minimize Z Z Cjiaj; (6.51)
j=1 I=1
Nr
Subject to : Zaﬂgl l=1,...m,
~ (6.52)
ap<1l  j=1,...Np,
=1
ay €0,1 (6.53)

where aj; = 1 if track j is assigned to measurement [, a;; = 0 otherwise. The
quantity c;; is the cost of assigning observation [ to track j. The first set
of constraints ensures that each measurement can be assigned at most to a
single track. The second set of constraints, on the other hand, imposes that
each track is assigned to at most a single measurement. An optimal solution

to this problem is described in Section 8.2.3.
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In the GNN problem, for each possible assignment of a measurement [ to a

track j, a Mahalanobis distance dj; is defined by:

dj = [zl(k) — 2i(klk = 1)) S; (k) a(k) — 2(k|k — 1)} (6.54)

As mentioned in Section 6.3.1, the NN assigns to each track the closest
measurement, according to (6.54). On the other hand, the GNN algorithm
solves the assignment problem via minimization of the cost ¢;; in (6.51), which

is related to the distance in (6.54) as follows

Cj1 = —log(djl/PFA) (655)

where Pp 4 is the probability of false alarm. In conclusion, the Global Nearest
Neighbor technique seeks for the globally optimal solution with respect to
the measurement-to-track assignment costs. A practical comparison between
NN and GNN assignment decisions is shown in Figure 6.6. As illustrated
in the figure, GNN, unlike NN, finds the optimal solution to the assignment

problem, preventing associations of a measurement to multiple tracks.

z1(k) z1(k)
* *
21 (klk —1) Z1(k|k —1)
® ®
22 (k) 22 (k)
* *
z4(k) z4(k)
® e
Zo(klk — 1) * Zo(klk —1) *
Z3(klk — 1) Z3(klk —1)
L @
w w
23(k) z3(k)

(@)

Figure 6.6: Data association in NN (a) and GNN (b).

(b)




6.4.2 Joint Probabilistic Data Association

Joint Probabilistic Data Association [1, 2] is the direct extension, for multiple
target scenarios in clutter, of PDA introduced in section 6.3.2. Specifically,
JPDA takes also into account the possibility that a measurement inside the
validation region of a certain track, may originate from a different target,
that has the same measurement in its gate. As a consequence, the basic
difference with PDA is that the measurement-to-track association probabilities
are calculated jointly across the targets, so that every measurement falling
inside the surveillance region is used for the evaluation of the association
probabilities. On the other hand, in the PDA filter the weights are calculated
independently track by track. For each track, PDA computes the association
probability of each measurement in the validation region of the track, using
the Bayes rule. PDA does not consider any other observation in the track gate
to be originated from another target. Conversely, the probability calculations
of the JPDA filter do consider other measurements coming from other targets.
For this reason, JPDA computations are quite complex and computationally
intensive. Note that, if there is no intersection between validation regions
of different tracks, JPDA and PDA are equivalent. Differences arise when
trajectories of multiple targets are close to each other. First, the probability
of all possible feasible joint events is calculated. A feasible joint event is a
non-conflicting association of current tracks with measurements, based on
the requirement that two tracks cannot be associated to the same track.
The remaining unassociated observations are assumed clutter points. JPDA
evaluates the conditional probabilities of the joint association events at the

current time as follows:

0(0) = (03,8 (6.5

where 6;;(k) is the event that at time k& measurement j originated from target

t, j=1,...,m,and ¢+ = 0,1,..., Ny. ¢; denotes that measurement j is

65



associated to target 7 in the specific event, and Ny is the known number of
established targets. Validation gates are only used to select the feasible joint
events, i.e. events whose probabilities cannot be neglected and hence affect
the other probabilities. In particular, a joint association event 0 is represented

by its event matrix

A

Q(0) = [w;:(0)] (6.57)
where
1, ith; €0
&5(6) = (6.58)
0, otherwise

For a feasible association event, the following conditions are accomplished:

e a measurement can have only one source, either a target or clutter, i.e.
Nt
Y @u0) =1 j=1,....m (6.59)
i=0

e at most a single measurement can originate from a target i.e.

j=1

where 0;(0) is the target detection indicator. The variable which indicates
if measurement j is associated with a target in event 6 is the measurement

association indicator:

7(0) ) @;(0) (6.61)

Thus, the number of false measurements in event 6 is

¢(0) =Y 11 —7(0)] (6.62)
j=1
In order to evaluate the joint probabilities, consider the probability of an

event conditioned on the past measurements Z* up to time k
Prob{0(k)|Z*} = Prob{0(k)|Z(k), m(k), 2"} (6.63)
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the application of Bayes’ formula yields

Prob{f(k)|Z*} = %p [Z(k)|0(k), m(k), Z*] Prob{0(k)| 2" ', m(k)}

_ %p [Z(k)[6(k), m(k), 28] Prob{6(k)|m(k)}

(6.64)

where ¢ is a normalization constant. Under the assumption that the states of
the targets conditioned on the past observations are mutually independent,

the likelihood function of the measurements is

m(k)

p [Z(K)|6(k), m(k), Z*"] = sz] )10, (k), Z*] (6.65)

where ; is the index of the target to which measurement j is associated in
the event under consideration; since m(k) are the measurements in the union
of the validation regions at time k, the above product form is used.
The conditional pdf of a measurement given its origin is

fiylz(R)], i [0(k)] = 1

p [2;(k)|0;,(k), 2] = (6.66)
V-1 if 75 [0(k)] =0

where

fi [z (k)] = N [ (k); 29 (k|k — 1), 8% (k)] (6.67)
and 2% (k|k—1) is the predicted measurement for target i;, with corresponding
innovation covariance S%(k). The presence of V! in (6.66) is due to the
assumption that unassociated measurements are uniformly distributed over
the surveillance region of volume V. Hence, the pdf in (6.65) can be rewritten

as

p [Z(k)|0(K), m(k), Z"] WH{ft] z(k)]} (6.68)

where ¢(0) is the total number of false measurements in the event 6(k) and
7; are the indicators that select the single measurement densities according

to their associations in event (k).
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The last term to be determined in (6.64) is the prior probability

Prob{0(k)|m(k)} = Prob{0(k),5(0), 6(0)|m(k)} (6.69)

where §(0) is the vector of target detection indicators corresponding to event
0(k). Note that the above expression follows from the fact that, given 6, both
d(#) and the number of false measurements ¢() are known. Then, the joint

probability can be rewritten as

Prob{0(k)|m(k)} = Prob{0(k)|0(0), ¢(0), m(k)} Prob{s(9), p(0)|m(k)}
(6.70)

The factor follows from a combinatorial reasoning;:
e The number of targets assumed detected in event (k) is m(k) — ¢

e The set of measurement-to-target assignment events 0(k) in which the
same number of targets is detected, can be computed as the permutations

of the m(k) measurements taken as m(k) — ¢.

Hence, if each association is equally likely i.e.
m(k)\
Prob{6(k)|6(0), ¢(6), m(k)} = o (6.71)

assuming ¢ and ¢ independent, the second factor in (6.70) can be written as
Prob{5(0), p(0)|m(k)} = H (P’ (1 — PLY'"% g (9) (6.72)

where P}, is the detection probability of target i, up(¢) is the probability
mass function of the number of false measurements and §; indicates that a
measurement has been assigned to track i in the joint event (k). Combining
(6.71) and (6.72) into the joint probability (6.70), the prior probability of a
joint association event #(k) is obtained as

Prob{b(i)im()} = @) [LPH 0= Pp) " (673

7
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Finally, combining (6.68) and (6.73) into (6.64), the posterior probability of

a joint association event (k) turns out to be:

Prob{6(k)| 2"} % m¢ yo H{fzj (k)7 H( %)% (1 — Ph)™
(6.74)
where ¢, d; and 7; depend on the considered event 0(k).
Assuming that the probability mass function of the number of false measure-
ments pp(¢) is a Poisson distribution, one has
o!

where A is the spatial density of false measurements. Using (6.75) in (6.74),

pr(d) = (6.75)

V=¢ and ¢! cancel. Moreover, each term contains eV and m(k)!, which also
cancel, since they appear in the denominator ¢ of (6.74), which is the sum
of all the numerators. The joint association probabilities of the parametric

JPDA are, therefore,
Prob{0(k) \Zk}— H{f“ zi(k }”H( )" (1 — Pp)t™" (6.76)

where ¢; is the appropriate normalization constant. Since m(k) is a fixed

number, a new normalization constant can be defined as
ey 2 e A7) (6.77)

Using ¢y in (6.76), the parametric joint association probabilities can be finally

rewritten as
Prob{6(k) IZ’“}— H{A i L (R) Y H( 5)" (1= Pp)t=%  (6.78)

After computing the joint probabilities (6.78), the association probability
Bji(k) of track ¢ to measurement j at scan k, is the sum of the probabilities

of all joint events in which the marginal event of interest occurs. According
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to the law of total probability:

Bji & Prob{0; 2"} = " Prob{6|Z*} &;:(9) (6.79)
0

where @;;(0) was defined in (6.58). The state estimation equations are exactly

the same as in the PDAF, discussed in Section 6.3.2

6.4.3 Cheap Joint Probabilistic Data Association

Since every possible hypothesis of association between measurements and
existing tracks has to be considered, the computation of the association
probabilities in the standard JPDA approach becomes quite complicated. For
this reason, in [14] Fitzgerald proposed a computationally cheap version of the
JPDA filter, called Cheap Joint Probabilistic Data Association (CJPDA). The
basic idea of this method is to provide an approximation of the association
probabilities to alleviate the computational burden. At the same time, this

technique aims to limit association performance degradation.

The CJPDA formula calculates the probability of track j being associated

with measurement [ as

Blj - Nt m
ZG“_{—ZGU —G1j+B
=1 =1

where G;; is proportional to the Gaussian likelihood function and indicates

Gy

(6.80)

the closeness of fit of track j with the [-th measurement. It is given by:

1 1y 571y,
Gy = St ! (6.:81)

where Sj; is the covariance matrix of the innovations ;. B is a constant
which depends on clutter density and detection probability, it can be set to
zero when the clutter is not significant. Specifically, the parameter B can be

computed as follows
_ Ppa 1—PpPg

Arc Pq

B (6.82)
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where Agc is the area of the radar cell and Pr4 is the false alarm probability.
Note that the formula (6.80) reduces the association probability when there
are overlapping gates and a measurement falls inside regions of different tracks.
In this case, the weight is lowered by a large Zf\g Gy;. In addition, if the
track has several measurements to choose from, also Y. G;; will be large
and the probability will be smaller. In conclusion, this calculation gives higher
weights to those measurements closer to the predicted position and which are
validated by the a smaller number of tracks. The expression reduces to the

correct form when there is only a single target and several observations.

There are few useful remarks to this formulation. First, Fitzgerald states that
only the three measurements with the highest probabilities for each track
should be considered in the subsequent combined innovation. This accounts
for processor loading considerations. Furthermore, probabilities below a given

threshold can be set to zero, so that low-probability updates are prevented.
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Algorithm 5 CJPDAF

1: function CJPDAF(z(0| — 1), P(0] — 1))

2:

3:

10:

11:

12:

13:

14:

15:

16:
17:
18:
19:

20:

for all time £ =0,1,2,... do
for all tracks j =0,1,2,..., Nr do

Correction

Si(k) «— R(k) + C(k)P;(k[k = 1)C(k)

K;(k) <— Pi(klk — 1)C(k)'S;(k) ™!

5(klk — 1) «— C(k)a;(k|k — 1)

for all measurements validated overall z; € m(k) do
v (k) «— z(k) — 2;(k|k — 1)
Bij(k) = o Glj(k)

Z Glz + Z Gzy Gl] ) B
i=1

end for

<_ Z /Bljyl]

5 (klk) — %(k‘Vf — 1) + Kj(k)v;(k)

Pi(k|k) «— Pi(klk — 1) — K;(k)S;(k) K;(k)'

Py(k) «— K;(k )[Zﬂla( Jvi (kg (k) — vy (k) (k) K (k)
Pi(k|k) <— 50,j(k)Pj(/f|/f — 1) + [1 = Boy (k)] Pe(k|k) + P(k)

Prediction

25k + 1)k) +— A(k)2;(k|k)
Py(k + 1]k) «— A(k)P;(k[k) A’ (k) + D(k)Q(k) D(k)

end for
end for

return prediction and correction sequence of [z, P|

21: end function
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Chapter 7

Centralized Multitarget
Tracking

In this chapter the multisensor problem is addressed. Specifically, two tech-
niques for centralized update, described in [2, 27, 31], are discussed first, for
a single target, under the assumption that the system is linear, and subse-
quently, the Parallel CJPDA filter and the Sequential CJPDAF are described
for a multitarget scenario. The term centralized states that a central data

processor receives all the measurements for filtering.

The multisensor problem is to track a target in clutter with Ng sensors.
Assuming that the sensors are synchronized, at every sampling interval the

measurements received by the Ng sensors are collected in a central processor.

The target dynamics and the measurements are assumed to obey the following
linear equations:
x(k+1) = A(k)x(k) + w(k) 1)
S(k) = CU(k)a(k) +vi(k)  i=1,...,Ng '

The measurement noise sequences are zero-mean, white, independent of the

process noise w(k) and independent from sensor to sensor. For this reason,
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the covariances are

E [v'(k)0’(1)'] = R'(k)6;0k (7.2)
Notice that, for linear systems, parallel and sequential Kalman filtering of
measurements from multiple sensors are equivalent and optimum [31]. When
multiple sensors are used for tracking the states of multiple objects in a
cluttered environment, a data association is necessary in order to assign
measurements to the objects. When probabilistic data association algorithms
are used, even in the case of linear systems, since association probabilities
Bji depend in a nonlinear way on measurements, the equivalence of parallel
and sequential implementations no longer hold and it is not obvious which
method would yield better tracking performance. Simulations results with
both parallel and sequential implementation of a multisensor JPDA algorithm,

suggest that the sequential method yields better tracking performance [27].

7.1 Parallel Centralized Fusion

In the parallel updating approach, all the measurements from all the sensors
form a stacked vector and the state is updated simultaneously using this

vector containing the whole set of validated measurements . This vector is

(k)
z(k) = : = C(k)x(k) + v(k) (7.3)
2N (k)
where )
Cl(k)
Clk)=1 (7.4)
s (k)
[ 0'(k)
v(k) = | (7.5)
o™ (k)




In addition, if the measurement noise for different sensors are uncorrelated,

the covariance matrix of the stacked noise vector z(k) is

E[v(k)v(k)] = R(k) = diag [R'(k)] = (7.6)
RY(k) O ... 0 |
oo :
; 0o . 0
| 0 ... 0 RMs(k)]

The state update equation is

#(k|k) = @ (k|k — 1) + K (k) (k)

— i (klk — 1) + P(k|k)C (k) R(k) v (k) 7
where the following Kalman filter gain expression has been used
K(k) = P(k|k)C (k) R(k)™ (7.8)
and the stacked innovation is
[ 2U(k) — 2 (k|k — 1)
v(k) = :
:ZNS(k) — ENs(klk — 1) 79)

(k) — CV (k)2 (kk — 1)

Vs (k) — ONs (k)2 (k|k — 1)

where 2°(k|k — 1) denotes the predicted measurement for sensor i. Using the
block-diagonal form of the matrix R(k), the updated state can be rewritten

as

2(k|k) = 2(klk — 1)+ > K'(k)v' (k)
=t s (7.10)
= @(k[k — 1) + P(k|k) Y C'(k) R (k)v' (k)

i=1
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with
Vi(k) £ 2'(k) — C'(k)z(k|k — 1) (7.11)

Similarly, the inverse covariance is

P(k|k)™' = P(k|k — 1)~ +ZC1 Ri(k)] " Ci(k) (7.12)
L(k) .
20
23(k) .
. #(klk)
FILTER >
® P(k|k)
®
[ J
®
Moy ]

#(klk — 1)
P(k|k — 1)

Figure 7.1: Parallel Filter.

7.2 Sequential Centralized Fusion

Under the assumption that measurements across time and sensors are uncor-
related, as expressed in (7.2), the update can be carried out sequentially with
the measurement of one sensor at a time, so that the measurement of each

sensor is used to further improve the intermediate state estimate.

The predicted state at time k and its covariance are
i%(klk) = 2(k|k — 1
(k[k) = Z(k|k — 1) (7.13)
P°(k|k) & P(k|k — 1)
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Then the sequential state updates using the measurements 2*(k) from (7.1),
are
&' (k|k) = 21 (k|k) + K'(k)v'(k)  i=1,...,Ng (7.14)
where
Vi(k) = 24 (k) — C' (k)2 (k|k — 1) (7.15)
and the intermediate covariance updates are

Pi(k|k) = P (klk — 1) — K'(k)S"(k)K'(k)  i=1,...,Ns  (7.16)

where

1

S'(k) = C'(k) P (k|k)C" (k) + R'(k) K (k) = P'~* (k[ k)C" (k)" [S'(k)] -

(7.17)
The final updated estimate and covariance at time k are
i(k|k) = @™ (k[k)
(7.18)
P(k|k) = PNs (k|k)
24 (k) 2*(k) 25 (k)
#(klk— 1) J J &N (|k)
= $9(klk) i (k[k) Pklk) YT (k) = a(klk)
— | FILTER1 »f FLTER2 | o | FLTERNs |—
P(klk—1) P! (k|k) PX(k[k)  PNsTl(k|k) Pl
= PO(k|k) = P(k|k)

Figure 7.2: Sequential Filter.

7.3 Parallel CJPDAF

In the next two sections parallel and sequential implementations of the
multisensor Cheap Joint Probabilistic Data Association Filter (CJPDAF)

tracking algorithm are described.
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The parallel CJPDAF uses the parallel multisensor update, mentioned in
Section 7.1. Assuming a multitarget scenario, the update is preceded by
the multisensor data association. The method chosen is CJPDA, presented
in Section 6.4.3, which is carried out with all the measurements taken into
account, so that the targets are associated with the measurements provided

by each node.

The target dynamics and the measurements from sensor ¢ are modeled as

zj(k+1) = f(k,z;(k)) +w,;(k) j=1,...,Nr
Zi(k) = h'(k,z;(k)) +vi(k)  i=1,...,Ng j=1,...,Ny

(7.19)
where x;(k) denotes the state vector of target j at the kth scan, and 2}(k)
denotes the target-originated measurement from sensor ¢. The functions
f(k,z;(k)) and h'(k,z;(k)) and the noise covariances are assumed to be
known. After a gating process, let m‘(k) denote the number of validated
measurements from sensor ¢ at time k. Note that for a given target j and a
sensor ¢, it is not known which measurement [ (1 <1 < m'(k)) originates from
the target. This is the reason why data association is necessary to associate

the N targets with the m’(k) measurements for each of the Ng sensors.

The algorithm is described by the following steps:

e Initialization The tracks are initialized via M/N logic.

e Prediction The predicted state 2, (k|k—1) and its covariance P;(k|k—1)
are computed using Z;(k—1|k—1) and P;(k—1|k—1) for each track j. In
this algorithm the Unscented Kalman Filter described in Section 3.2 is
applied for filtering. In addition, also the filter gain K;(k), the predicted
measurements, zjl(k]k — 1), and the corresponding covariances S]’(k:) are

calculated for each sensor.
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Measurement validation Once computed z}(k|k — 1) and S}(k), the
measurements can be validated for ¢ = 1,..., Ng. The number of

validated measurements will be m‘(k) for each sensor.

CJPDA The validated measurements are associated with a certain
probability to the targets, as illustrated in Section 6.4.3. In particular

using equation (6.80), at current time k one has:

| Gi.
B = —— (7.20)

Nt
> G+ G —Gi+ B
k=1 k=1

Using the association probabilities Bl’](kz), for each sensor the combined

innovation is obtained as:

Zﬁm Y (k j=1,...,Ny i=1,...,Ng (7.21)

The combined innovation is computed for each track as a weighted sum,

with the association probabilities, computed by the CJPDA, as weights.

Parallel update The updated states of each track are then calculated
in parallel, using (7.10):

Ng
i(klk) = @;(klk — 1)+ Y Ki(k)wi(k)  j=1,...,Np (7.22)
i=1
where (k) is the filter gain for measurements from the ith sensor and

vi(k) is the combined innovation for track j, calculated with measure-

ments from sensor i. The corresponding updated covariance is
Pj(k|k) = Boj (k) Py (k|k — 1) + [1 — Bo; (k)] Py (k[k) + P (k) (7.23)

where

P¢(k|k) = P;(k|k — 1) Z Ki(k)Si(k)Ki(k) (7.24)
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is the covariance of the state updated with the correct measurement

given by (6.41), and
Bk =Y ik (7.25)

where
m' (k)

PiR) = Ki(K) | S 8, (0 (Y — viBwi(hY | Kby (720
=1

is the spread of the innovations corresponding to target j and sensor
i, already calculated in (6.49). Note that this term will be zero only if
one of the m’(k) association probabilities §};(k) is unity, i.e. there is no

uncertainty on the measurement origin.

7.4 Sequential CJPDAF

This multisensor multitarget tracker is implemented with the same steps
described in the previous section, but using a different update approach,
which is performed as in Section 7.2, so that at each time instant, every sensor
corrects the state estimate sequentially. The order of updating is chosen

randomly at each scan.

The sequential CJPDAF is described by the following processes:

e Initialization The tracks are initialized through a M /N logic, which

after M detections out of N scans, confirms a track.

e Prediction At scan k the predicted state Z;(k|k — 1)and its covariance
P;(k|k — 1) are calculated for each track, using the UKF prediction step
with #;(k — 1|k — 1) and P;(k — 1|k — 1) known. Then, according to
(7.13), one has

29(k|k) £ 2;(k|k — 1)

PP(klk) 2 Py(k{k 1)

J

(7.27)
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Subsequently, the remaining steps are carried out sequentially for
i=1,..., Ng. The predicted measurements z}(k|k — 1) and the corre-
sponding covariances S;(k:) are calculated for each track j. Note that

the predicted measurement is given by:
Zi(k|k — 1) = h'(k, 2% ' (k|k)) (7.28)

The above expression shows that the state estimate corrected by sensor

1 — 1 is used as predicted state estimate by sensor .

Measurement validation Using 2(k|k — 1) and S’(k), the measure-

ments from sensor ¢ are validated.

CJPDA The data association is performed for sensor ¢ and the com-

bined innovations are calculated using the association probabilities.

Sequential update The state update is performed sequentially by

correcting the state estimate computed with the previous sensor:
&% (k|k) = &5 (k|k) + Ki(k)vj(k)  i=1,...,Ng (7.29)
The covariance update yields
P;(k:|k:) = ]3;_1(1{:|k) - K;(k)S;(k:)K;(k‘)' i=1,...,Ng (7.30)

After the last sensor update at time k, the final estimate and covariance

are obtained as:
&5(k|k) = 23 (k|k)

(7.31)
Pi(k|k) = P (k|k)
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Chapter 8

Distributed Multitarget
Tracking

8.1 Sensor Networks

Sensor networks have received significant attention in recent years because of
their huge potential in applications, and the considerable technical challenges
they present. The network model considered in the present work consists of
heterogeneous and geographically dispersed tracking agents (nodes) which
have processing, communication and sensing capabilities. Specifically, each
node not only can acquire measurements of kinematic variables of targets
crossing the surrounding area, but it can also process local information as
well as exchange data with neighbors. The network under consideration has

the following features:
e there is no central fusion node;
e nodes are unaware of the total number of agents and the connections
between them.
The network can be described in terms of a direct graph G = (N, A) where

N is the set of nodes and A C N x N is the set of arcs, representing links.
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In particular, (4, j) belongs to A if node j can receive data from node i. For
each node j € N, N7 £ {i € N': (i,j) € A} denotes its set of neighbors, i.e.
the set of nodes from which node j can receive data. By definition, (j,j) € A,
for any node j € N and, hence, j € N7, Vj. The total number of nodes in
the network will be denoted by ||, the cardinality of N.

Node Types

Node functions

¥ Sensing

Information
<>  exchange

Local information
Processing

Figure 8.1: Network model.

Let us now describe how wireless links are established between nodes ([6],[7],[8]).
Consider two nodes; the first transmits a signal with power p; and the other
receives this signal with power p,.. The signal is received properly if p, is
larger than or equal to a certain threshold power p, ., namely the receiver

sensitivity. Thus, the sender establishes a wireless link to the receiver if

— bt

Dr > Drun. The signal attenuation from the sender to the receiver, g oL

can be expressed, in decibel, as
B = 10logy, <ﬂ> (8.1)
DPr
Given p; and p; ¢, two nodes can communicate via a direct link (i.e. they are

neighbors) if the attenuation between them satisfies § < f;;,, where

Bin = 101logy, ( b ) (8.2)

r,th
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is the threshold attenuation. The attenuation [ arises as a consequence of

two losses of the wireless channel:

e Path loss caused by distance;

e Shadow fading.

A simple model to describe the wireless channel assumes that the attenuation

is only proportional to the distance d from the sending node, so that

pr = (%) N P (8.3)

where C' is a constant that represents the attenuation at a unit distance and
a is the path loss exponent of the environment (e.g. a ~ 2 in free space and
a ~ 3 in an urban outdoor environment). The attenuation in dB is, therefore,
modeled as

Bo = 10 alogyq (g) (8.4)
Using omnidirectional antennas, a node communicates to all nodes that are
located within a circle of radius

i = ( P )i frn] (8.5)

Drith

around its position. This purely geometric model, in which two nodes are
linked together if they are not further apart than a given threshold distance,

the transmission range d,,qz, is shown in Figure 8.2.

Figure 8.2: Geometric link model.
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In environments with buildings, cars, walls, etc. there are other factors, apart
from the distance, that contribute to the signal attenuation. This is due to the
fact that several objects "shadow” the signal in different ways. Hence, receivers
located at the same distance d from the sender may experience different values
for p.. The received power is then approximated by a probability density
around a mean given by (8.3). Converting this probability density to dB, a
Gaussian PDF is obtained as follows
1 53

f5.(Bs) = e 2 (8.6)

2ro

Typical values are up to 10 dB. Combining path loss and shadowing, the

overall attenuation is given by

where [ is a geometric, purely deterministic, component and £, a purely
random component. This link model is called shadow fading; an example is

shown in Figure 8.3.

Figure 8.3: Shadow fading link model.

8.2 Track-to-Track Association

In distributed systems, once the state estimates and the corresponding co-

variances of the tracks in each node of the network are updated, a data
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exchange between communicating nodes is carried out. As a consequence, an
association process is needed to recognize tracks related to the same target,
in order to perform the subsequent data fusion. As shown in [10], a typical
track-to-track association technique first computes a distance metric between
all the potential pairings, at the current time. Thereafter, the statistical
distance is used in gating tests in order to select only the likely potential
pairings and, finally, a track-to-track assignment matrix is formed to find the

best matching solution.

8.2.1 Distance Metric

As mentioned before, the first step is to define a distance measure using
directly Cartesian position and velocity estimates. Using the state estimates
and the covariance matrices of two tracks (i, 7), at the same time instant, the

state difference vector is calculated as follows
Tij = Ti — T (8.8)

the above difference vector usually containing both position and velocity
components. Thus, the statistical distance between track ¢ and track j is

defined as

d;, £ %, [P+ Pj— Py — P!

ij J ij

17 &y = #,57%, (8.9)

1§y

where P; and P; are the state estimation covariance matrices for track ¢ and
track j respectively, whereas P;; is the cross-covariance matrix between track
1 and track j estimation errors. Note that, in our case, the cross-covariance
matrix is unknown. P;; accounts for the correlation in the track errors caused
by the common process noise, e.g. in a maneuvering target the two sensors

can present similar lag errors.

86



8.2.2 The Track-to-Track Assignment Problem

In this section, the track-to-track association problem for two sensors is
addressed, under the assumption that each node has only one single track
per target. The followed approach is the same used for a general assignment
matrix with supplementary conditions that are the existence of false tracks
and missing tracks (one sensor is tracking a target that the other one has
not yet detected). According to that, there is an additional row for sensor B
assignment and an additional column for sensor A assignment, both accounting
for the likelihood that there is no matching between a track from a sensor

and tracks from the other sensor.

Consider d?.

+;» the normalized squared distance between track i from sensor A

and track j from sensor B, defined in (8.9). The corresponding covariance

matrix is denoted by S;;. Then the following quantities are defined:

Br = target density i.e. expected number of true targets divided by the

volume of the field of view;

Pra, Prg = probability that sensors A, B have a track on a given target

in the common field of view;
Brra, Brrp = false track density for sensors A, B .

In addition, n is defined as the dimension used to calculate the statistical

distance dZ,

e.g. if two Cartesian components of position and velocity are
used, then n = 4.
The assignment matrix, shown in Table 8.1, is formed with the following

elements: ,
_ BrPraPrpe%i/?

P 8.10

T (2m)M2/|S] (810

Pyra = BrPrg(1 — Pra) + Brrs (8.11)
Pyt = BrPra(l — Prg) + Brra (8.12)
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P;; represents the probability density function corresponding to targets with a
track in both sensors, where dfj is the normalized distance between the tracks.
Pyt is the density of tracks from sensor B with no matching track from
sensor A. Note that it is the sum of the density of true target tracks from
sensor B with no corresponding track from sensor A, plus the density of false
target track from sensor B. The interpretation is identical for Pyrpg. If the
assumed number of false tracks for both sensors are available, then dividing

by the volume of the field of view, Pyra4 and Pyrp are computed. The

Sensor B Tracks
1 2 . Np No Track
Sensor A Tracks
1 Py Py, ... Ping Pyt
2 Py, Py ... Py Pyt
Na Pya Pnye .. Pn,ng Pnrp
No Track PNTA PNTA PNTA

Table 8.1: General Track-to-Track Assignment Matrix

assignment matrix can be solved if the following operations are performed:
e Calculate the logarithm and multiply all terms by 2.

Subtract the last row value 21In Pyr4, no track element, from all terms

Change the sign of all elements so that the problem turns into a cost

minimization.

Add 21n [W%} to all non-zero elements left.

Define the no assignment cost values:

BrPraPrp
(2m)M/2 Pypa Pnri

Cy =2In [ (8.13)
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Finally, the reduced assignment matrix is obtained, where the elements are

the costs Cj; of assigning track ¢ from sensor A to track j from sensor B:

Cij = dfj + 2111\/ |SZJ| (814)

Sensor A Sensor B Tracks No Track
Tracks 1 2 Npg 1 2 ... Ny
1 Ci1 Cia Cing Cn X X X
2 Coy Co Cong x Cy X X

: : : X X X
Ny CNAI CNA2 CNANB X X x Cn

Table 8.2: Cost Form of Track-to-Track Assignment Matrix

In Table 8.2, C'y is the cost of assigning no track of sensor B to a track of
sensor A and x denotes an assignment that is not permitted. Furthermore, a
threshold on the normalized distance between tracks can be chosen, so that if
the threshold is exceeded, then the tracks are not associated, but rather the
no assignment cost is chosen. So the assignment of track ¢ from sensor A to

track j from sensor B can occur only if C;; < Cy:

BrPraPrp
(27)M/2 Py aPnra/ 1S

G; is the gate for the assignment matrix, which, if the false track densities

d?, < 2In [ £ Gy (8.15)

Brra and Brrp are negligible, becomes

1
Gu =2 [(%)Mm P PTBWT\/\SMI] (810

since Pyra = BrPrp(1 — Pra), Pvre = BrPra(1 — Prg) when fppa = 0
and Sprp = 0. Note that the gate becomes very large as Prs and/or Prg

approach unity; this accounts for the fact that the maximum number of
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assignments can be done when at least a sensor has a track for each target

and there are no false tracks in both nodes.

Once determined the cost form of the assignment matrix, track-to-track
association is equivalent to the classical assignment problem, defined in
Section 6.4.1, and can be solved with polynomial-time solutions, e.g. the

Hungarian algorithm, described in Section 8.2.3.

8.2.3 Hungarian Algorithm

The assignment problem, also known as the maximum weighted bipartite
matching problem, is a widely-studied problem applicable to many domains.
It can be stated as follows: given a bipartite graph made up of two partitions
V and U, and a set of weighted edges E between the two partitions, the
problem requires the selection of a subset of the edges with a maximum sum
of weights such that each node v; € V or u; € U is connected to at most
one edge. The problem may also be phrased as a minimization problem by
considering, instead of edge weights w;;, a set of non-negative edge costs,
c;j = Ww;;, where W is at least as large as the maximum of all the edge

weights. Here we consider the minimization formulation of the problem.

Figure 8.4: A bipartite graph.
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The classical solution to the assignment problem is given by the Hungarian
or Kuhn-Munkres algorithm, originally proposed by H. W. Kuhn in [22] and
refined by J. Munkres in [26]. The Hungarian algorithm solves the assignment
problem in O(n?) time, where n is the size of one partition of the bipartite
graph. This and other existing algorithms for solving the assignment problem
assume the a priori existence of a matrix of edge weights, w;;, or costs, ¢;;,

and the problem is solved with respect to these values.

The Hungarian algorithm assumes the existence of a bipartite graph, G =
{V,U, E} where V and U are the sets of nodes in each partition of the graph,
and E is the set of edges. Missing edges are assumed to have zero weight. The
minimization form of the problem assumes a matrix of edge costs, ¢;; = W w;;
where W > max(w;;). Missing edges may be given a large cost (> W). Each
node in the graph may be matched (assigned) or unmatched (unassigned).

Unmatched nodes are also called exposed.

The algorithm assigns dual variables «; to each node v; and dual variables 3;
to each node v; . It exploits the fact that the dual of the minimization version
of the assignment problem is feasible when «; + 8; < ¢;; [28]. The Hungarian
algorithm maintains feasible values for all the o; and §; from initialization
through termination. An edge in the bipartite graph is called admissible
when «; 4+ 3; = ¢;;. The subgraph consisting of only the currently admissible
edges is called the equality subgraph. Starting with an empty matching, the
basic strategy employed by the Hungarian algorithm is to repeatedly search
for augmenting paths in the equality subgraph. If an augmenting path is
found, the current set of matches is augmented by flipping the matched and
unmatched edges along this path. Because there is one more unmatched
than matched edge, this flipping increases the cardinality of the matching
by one, completing a single stage of the algorithm. If an augmenting path is

not found, the dual variables are adjusted to bring additional edges into the
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equality subgraph by making them admissible, and the search continues. n
such stages of the algorithm are performed to determine n matches, at which

point the algorithm terminates.

If the size of the two partitions of the graph are not equal, a typical strategy is
to insert into the relevant partition, dummy nodes with zero-weight edges to
all nodes in the opposite partition. As such, the Hungarian algorithm always
returns a complete matching, but this matching may include some zero-weight
edges, representing “no assignment”. Each stage of the Hungarian algorithm
takes O(n?) arithmetic operations (if implemented with the appropriate data
structures, and the computational complexity of the entire algorithm involving
n stages is thus O(n3). The Hungarian algorithm is provably complete and

optimal [28].

8.3 Consensus

In distributed algorithms, there is no central fusion center and the nodes of
the sensor network do not have any global knowledge of the network topology.
Consider the network model mentioned in Section 8.1 and suppose that, in
each node of the network, after local processing, a PDF representing the local
information is available. For example, such PDF's can be the result of some
recursive Bayesian estimation algorithm (as in our case). The local information
on the vector of interest is exchanged with neighbors in order to eventually
reach an agreement on a good estimate. The objective is to implement a
distributed fusion which guarantees scalability, i.e. the computational load
in each node is independent of the size of the sensor network. Due to this
requirement, Bayesian approaches are not suitable. As a matter of fact, they
need to know, for each pair of neighbors, the quantity of interest conditioned
to the common information. This is impossible to achieve in a scalable way.

Hence, a robust suboptimal fusion technique, namely consensus, [5],[12] is used
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for distributed averaging over a sensor network. The basic idea is that each
node can compute the collective average of a given quantity by calculating
iterative regional averages. The collective average takes into account all the
nodes of the network, whereas the regional averages are evaluated between
neighboring nodes only.

A consensus problem can be defined as follows. Consider node ¢ € N and the
estimate 6 of a given quantity 0 available at node i. The average consensus
problem consists of finding an algorithm such that

lim 0'(0) =0, VieN (8.17)

f—o00

In other words, the objective of consensus algorithms is the convergence of

regional averages to the following collective average

|N| > o (8.18)

ieN

starting from the initialization éZ(O) — ", then a simple consensus algorithm

has the following iterative form
O(+1) =Y 70(l) VieN, (8.19)
JENT

that is the regional average computed in node ¢, where the consensus weights

must fulfill the conditions

7 > () Vi, 7 €N

. 8.20
wazl Vie N (8.20)
JEN?

It can be noted from (8.19) and (8.70) that for each node the estimate at
a given consensus step ¢ + 1 is computed as a convex combination of the

estimates of the neighbors at the previous consensus step £.
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8.3.1 Information Filter

In distributed state estimation algorithms, usually it is convenient to use the
information filter (IF') instead of the standard Kalman filter, discussed in
Chapter 1. The conventional (covariance) Kalman filter propagates in time
the state estimate (k|k — 1) and the corresponding covariance P(k|k — 1).
While the information filter updates the inverse of the covariance matrix,

called information matrix, defined as:

Qklk —1) = P(klk — 1)

(8.21)
Q(k|k) £ P(k|k)™
and the so called information vectors defined as follows:
qlklk —1) & P(klk — 1) '2(k|lk — 1
(K| ) = P(k| ) 2 (k| ) (8.22)

q(klk) £ P(k|k)~" 2 (k|k)

Under the assumption that the covariance matrix of the process noise @) is
nonsingular, i.e. det(Q) # 0, recursive equations for the information state
vector and the information matrix, can be derived directly from the Kalman
filter equations. The resulting information filter is mathematically equivalent
to the standard Kalman filter. The correction equation for the information

matrix 1s
Q(k\k) = Q(k]k — 1) +C'R7C

= Qklk — 1)+ ) _(CY(R)™'C!
ieN

(8.23)

where N is the set of sensors, i.e.nodes that get measurements of the state
of the system. A similar expression can be found for the information state

vector
q(k|k) = q(k|k — 1) + C'R™2(k)
= q(k|k — 1)+ > _(C")(R) 2 (k)

iEN

(8.24)
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initialized by Q(0| — 1) = P(0] — 1)~* and ¢(0] — 1) = Q(0] — 1)2(0] — 1),
respectively. Note that, due to the independence of measurements, the filter

update has the following form

Qklk) = Q(k|k — 1) + > 60
q(klk) = q(klk — 1) + géqi(b
where
5;(Z> . Egi g; Z(k) 2

represent the additive corrections for the information matrix and the infor-
mation vector provided by node 1.
The information matrix prediction can be found by applying the matrix

inversion lemma
(A+ BCD) ' =A"1 - A'B(C' +DA'B)"'DA™! (8.26)
to the Kalman filter covariance prediction in (2.12), which yields
Qk+1k)=Q ' -Q'A (Q(k\k) + A'Q1A>_1 AQ (8.27)
Similarly, the information state vector prediction can be obtained as
gk +1k)=Q'A (Q(k\k) + A'QlA)_l q(k|k) (8.28)

Algorithm 4 summarizes the information filter recursion.
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Algorithm 6 IF
1: function IF(z(0] — 1), P(0| — 1), 69", §¢'(k)) i=1,...,Ng

2: for all time £ =0,1,2,... do

Correction
3: 60 +— C'R™'C
4: Qk|k) «— Q(klk — 1) + > 60

iENg
5: q(klk) «— q(klk — 1)+ ) 6¢'(k)
ieNg

6: P(k|k) +— Q(klk)™!
7: z(k|k) «+— P(k|k) q(k|k)

Prediction
s: Ok +1|k) «— Q' — QA (Qk|k) + AQ1A)  A'Q!
9. gk + 1)k) +— QA (Qk|k) + A'Q~A) " q(klk)
10: Pk +1]k) «— Qk + 1[k)"
11: z(k + 1|k) «— P(k + 11k)q(k + 1|k)
12: end for
13: return prediction and correction sequence of [z, P|

14: end function

8.3.2 Consensus on Information

Recalling the definition of information matrix and information vector, the
consensus problem (8.17) can be solved by updating the local data via convex
combination with the data received by the neighbors. This choice leads to

the following algorithm for consensus on information

QU+1)=> a7QI() VieN=01,... (8.29)
jEN

qU+1)=> mg(t) VieN [=01,... (8.30)
JEN?
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where the recursion is initialized by Q°(0) = Q' and ¢'(0) = ¢', Vi € N.

Let IT denote the consensus matrix whose (i,j)-element is the consensus
weight 7% (if j ¢ N then 7%/ is taken as 0). The non-negative square
consensus matrix Il is primitive if there exists an integer m such that all the
elements of II"™ are strictly positive. Furthermore II is doubly stochastic if all

its rows and columns sum up to unity, i.e.

Yori=1 VjieN (8.31)
ieN
doa=1 VieN (8.32)
JEN

Let the consensus matrix II be primitive and doubly stochastic. Then,

the consensus algorithm (8.29)-(8.30) leads asymptotically to the following

convergence
lim () = Q, VieN (8.33)
—00
lim ¢'({) =¢q, Yie N (8.34)
£—00

where 2 and § are the collective averages of the information matrices and,
respectively, vectors. As discussed in [11], a necessary condition for the matrix
IT to be primitive is that the graph G associated with the sensor network is
strongly connected. Under this assumption, a possible choice for the consensus

weights (8.70) is given by the Metropolis weights [23, 11]:

i = Vi,jeN,i#j
max{|N;|, [N}
Tt =1 — Z i Vie N
JENT j#i

The consensus on information is then applied to distributed state estimation.

A linear-Gaussian case is first considered, which can later be extended to the
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nonlinear case. Consider a discrete-time linear system
z(k+1) = Az(k) + w(k) (8.35)
whose state is measured by N linear sensors
(k) =C'z(k) +v(k) ieN (8.36)

Let the initial state, the process disturbance and all the measurement noises
be normally distributed. It is convenient to use the information filter recursion,
dicussed in Section 8.3.1. Assuming that at time k, in each node i € N, the
local information pair (Q(k|k — 1), ¢ (k|k — 1)) is available, the correction

can be written as
Qi(klk) = Qiklk—1)+ (CY) (R) ¢
(8.37)
¢ (klk) = q'(klk—1)+(C) (R) ™" (k)
and the prediction is
Ok+1k) = Q' —Q  A[Qi(klk, L)+ AQ 1Al AQ?
(8.38)
¢(k+1k) = QA (k|k, L)+ AQ Al ¢'(klk, L)

Note that the matrix @) has to be invertible so that equations in (8.38) make
sense. Using the above information filter as well as consensus (8.29)-(8.30),
the algorithm for distributed state estimation (Algorithm 7) at each time
k=0,1,..., and for each node i € N, performs the following steps

1. The local set of measurements 2*(k) is collected and the local information
pair (Q'(k|k —1),q"(k|k — 1)) is updated using equation (8.37), in order
to obtain the local posterior information pair (Q'(k|k,0), ¢'(k|k, 0)).

2. For £ =0,1,...,L — 1 the following consensus steps are performed
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e Information (Q(k|k, (), ¢'(k|k,£)) is exchanged between neighbors.
Node 7 transmits its data to nodes j such that i € N7.

e Node i waits for data to be received from each node j € N".

e Next, the fusion is carried out in node i as follows

Q(klk,0+1) = > 77 Q(klk,0) €£=0,...,L—1

JEN?
g(klk+1) = Y 77 (klkt) (=0, L-1
JEN?
(8.39)
to obtain the fused information pair
(' (klk), ' (k|k)) = (2 (k|k, L), ¢' (Klk, L)). (8.40)

3. Finally, the local prior information pair (Q(k + 1|k), ¢*(k + 1]k)) is cal-
culated from (Q'(k|k, L), ¢'(k|k, L)) via the prediction equations (8.38).
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Algorithm 7 CONSENSUS-IF

1: function CONSENSUS-IF(Q(0] — 1), ¢*(0] — 1))
2: for all time £ =0,1,2,... do

Correction
3: Qi(k|k) «— Qi(k|k — 1)+ (CV) (R) ™' C
" ¢ (klk) <— g (klk — 1)+ (C%) (R") ™" 2 (k)
5 O (k|k, 0) «— Qi (k|k)
6: q'(k|k,0) «— q'(k[k)
7 [Ql(k|k’, L), qi(k:|k;,L)} +— consensusOnInformation
8: 2 (k|k) «— [Q(k|k, L)' ¢ (k|k, L)
Prediction
9: Ok +1|k) +— Q' — QLA[Q(klk, L) + AQ A A Q™
10: G (k+ 1|k) «— QA [Qi(k|k, L) + AQ A ¢ (k|k, L)
11: 2k + k) «— [k + k)] ¢ (k + 1]k)
12: end for
13: return prediction and correction sequence of [z, P|

14: end function
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Algorithm 8 consensusOnlInformation

1: function CONSENSUSONINFORMATION(Q(k|k,0), ¢'(k|k,0))

2:
3:

4:

10:

11:

12:

13:
14:

for all consensus steps ¢ =0,1,2,...,L —1 do
transmit <qi(k\k,€), Qz(k|k,€)>
wait until Vj € N, [qf(kyk,@, Qj(kz|k,€)] is received
for all 7, j E./\/'z';iéj do

end for

for all : € N do

AL — - Z 7l

JENT j#i
end for
O (klk, 0+ 1) «— > QI (k|k, ()
JENI
g'(klk, €+ 1) «— > "7 ¢ (k|k, €)
JjENT
end for

return |Q'(k|k, L), qi(k\k,L)]

15: end function

Note that the fusion of the information received from multiple sensors (8.39),
through a convex combination of the information matrices and vectors, co-
incides with the well-known Covariance Intersection fusion [19]. Therefore,
this fusion rule corresponds to a single step of the consensus algorithm which
computes, in a distributed fashion, the Kullback-Leibler average (KLA) of the
local posterior PDFs (the KLA of Ng Gaussian PDFs can be simply obtained

by averaging their information matrices and information vectors). This is

discussed in [12].

In a distributed nonlinear state estimation, both correction and prediction

steps are performed using a nonlinear filter, such as UKF, instead of the

standard Kalman filter.
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So far, the single-target information fusion problem via consensus has been
addressed. The above discussion can be extended to the multitarget case
through random set theory, as described in [5]. Let f(X') denote the multi-
object (or multitarget) density, which is the multitarget counterpart of the

state PDF in single-target tracking, such that

/ FA)X =1 (8.41)

where X is the state space. Since the multiobject density involves a combina-
torial complexity, simpler, even if incomplete, characterizations are usually
adopted. For this reason, the first-order moment of the multiobject density,
called Probability Hypothesis Density (PHD), can be used instead. The PHD

function of X over X can be defined as
d(z) = ns(x) (8.42)

where 7 is the expected number of targets and s(-) is a single-target PDF,
called location density.

Suppose that a multiobject density fi(X), computed on the basis of the
information collected locally or propagated from other nodes, is available in
each node 7 of the sensor network. Then, in order to combine the information
from all neighboring nodes, a fusion step is carried out. Recalling the consensus
problem (8.17), the average of the local multiobject densities f(XX') can be
defined as the weighted Kullback-Leibler average fxpa(X), which turns out
to be given by [5]

[T

(X) = — ~
/H [F1(x0)] ox

which corresponds to the normalized weighted geometric mean of the node

(8.43)

fKLA

multiobject densities f/(XX'). Note that w; are weights satisfying

w >0, Y w=L (8.44)
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It is important to point out that the above fusion rule coincides with the Gen-
eralized Covariance Intersection (GCI) for multiobject fusion, first presented
by Mahler [24]. The term Generalized Covariance Intersection originates
from the fact that (8.43) is the multitarget counterpart of the fusion rule for
single-target PDF's (8.39), which is also a generalization of the Covariance
Intersection (CI), first devised for Gaussian PDFs [19]. Consider the estimates
2%, of the same quantity z, from multiple estimators and its corresponding

covariance P!, their CI fusion is given by
-1

P=1) w(P)!
i (8.45)
The above fusion is equivalent to
[I @]
(8.46)

pa) = ————
/H [p’(x)] “dx

under the assumption of normally distributed estimates. Moreover, the above
equivalence is valid for any choice of the weights w; satisfying (8.44) and only

if all estimates are consistent, so that, given

Ellz—2")(z—-2")] <P Vi (8.47)
then, also the fused estimates are consistent

Ellx —2)(z—2)] <P (8.48)

In (8.46) p(-) £ (-; 2%, P?) is the Gaussian PDF with mean #* and covariance
P
8.3.3 Gaussian Mixture Implementation

In the present work, the distributed multiobject fusion of the information

is performed adopting the Gaussian Mixture (GM) approach. This choice
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allows the avoidance of random set theory. Using the GM approach, the
location PDF's in (8.42) can be expressed as linear combinations of Gaussian

components, as follows

Za] (x; 25, Pj) (8.49)

Consider two nodes a and b, which provide the two GM location densities

Zo//\/ z;3, P i=a,b (8.50)

I j?

Then, the fused location PDF is obtained as

o) - @) ) 551

[ls@r P i

Note that the above fusion, which involves exponentiation and multiplication

of GMs, is not a Gaussian mixture. This can be demonstrated by the following

observations about basic operations with Gaussian components and mixtures:

e The power of a Gaussian component is a Gaussian component
P
[aN (z; 2, P)]” = o“k(w, P)N (:c; z, —) (8.52)
w

where

[SIE

a [det(2m Pw™1)]

e, P) [det (27 P)]2

(8.53)

e The product of Gaussian components is a Gaussian component, specifi-

cally for two components
ozl./\f(:c; 5%1, Pl) . CYQN(ZU; i’g, Pg) = OéuN(I; 5%12, P12) (854)

where
L

G190 = Pro(P] '3 + Py 'dy) (8.55)
Qg = CY1042/V’(551 — 29,0, P, + P»)
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e From (8.54) and the distributive property, it follows that the product
of GMs is a GM. In particular, if s%(-) and s°(-) have Ng& and N&
components respectively, then the product s%(-)s®(+) will have N&N&

components.
e The exponentiation of a GM does not, in general, return a GM.

As a result of the last observation, the fusion in (8.51) is not a GM. In
order to preserve a GM expression of the location PDF, even after the
fusion, the following approximation can be used, instead of the standard GM
exponentiation

[Za] Ty Lj, )

= N (w525, Py))”
= (8.56)

Note that the above approximation is reasonable if the cross-products of the
different terms in the GM are negligible for all z. As a matter of fact, the
error in the approximation (8.56) decreases with the increase of the distance
between the confidence ellipsoids of the Gaussian components. The conditions
for the validity of (8.56) can be summarized using the Mahalanobis distance

in the following inequalities

(@3 — &) PN (& — 25) > 1

(8.57)
(Z’Z’ — i’j)lp»_l(i'i — .@J) >1

Therefore, the above expression can be used to approximate the fusion (8.51)
as follows s,

ZzaabN T A?Jb,Pab)
=1 j=1

N& N&

/Zzaab/v’ T Ag]b,Pab)d

=1 j5=1

5(x) = (8.58)
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where

P = [w(P) ™ + (1 —w)(PHT] (8.59)

i = P [w(P) Tt + (1 —w)(PH) '] (8.60)
04?;’ = (af)‘”(a?)l’”/s(w, PYk(1 — w, P]l?).

N (:&;‘ b, % . 1]}2) (8.61)

Equations (8.58)-(8.61) perform CI fusion on any pair formed by a Gaussian
component of node a and a Gaussian component of node b. Note that the
coefficient af}’ includes the factor A/ (ff — i;’-; 0, P + ij) which represents the
distance between the two fusing components (&¢, P#*) and (5, P}). Moreover,
it is important to point out that Gaussian components with small coefficients
ai;’ in (8.58), should be neglected. Specifically, fusing components whose

Mahalanobis distance falls below a given threshold, i.e.

\/ -ty (7o 5) (8 — 2t) < (362)

1—w w

can be removed. Clearly, in order to fuse information provided by more than
two sensors, the fusion (8.59) - (8.60) can be sequentially applied to every
possible pair of nodes, for a total of N' — 1 times. The irrelevance of the
chronological order used in the fusion is guaranteed by both associative and

commutative properties of multiplication.

8.4 Consensus CJPDAF

In this section a solution to distributed multitarget tracking over a sensor
network is presented. The architecture of the filter has been developed taking

into account the following issues, already discussed throughout this thesis.

e Several measurements are detected for each track due to the presence

of clutter and each measurement might be validated for multiple tracks.
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Thus, a reliable and appropriate technique for multitarget data associa-

tion in clutter is required.

e Each node has limited computational and sensing (e.g. TOA, DOA
sensors) capabilities. Moreover, data transmission has to be limited

because it is the main responsible for energy consumption.

e Information has to be processed in a distributed fashion, without any

central unit and in a scalable way with respect to the network size.
e The single node is unaware of the network connections.

e The network can be formed by nonlinear sensors, hence a filter for

nonlinear estimation is required.

The idea has been to design a tracker which combines different techniques so
that each sub-problem can be solved. Taking into account the above consider-
ations, first, the Joint Probabilistic Data Association has been implemented
for measurement-to-track association, as it provides good performance in
presence of high clutter and noisy models. Hard decision approaches, such
as Global Nearest Neighbor, lack of robustness, and turn out to be more
appropriate in low-clutter environments. In addition, in order to reduce the
computational burden, the cheap version of JPDA (CJPDA) has been chosen.
The only difference with JPDA is that instead of exactly calculating the
association probabilities, the CJPDA approximates them. Nevertheless, it
provides a satisfactory association performance. Due to the fact that this
association method assumes that the track has been already initialized, also
a track initiator has been implemented. Tracks are created by two-point dif-
ferencing and subsequently confirmed through an M/N logic. The scalability
requirement excludes the centralized fusion from the possible solutions and

calls for a consensus approach in order to achieve global fusion over the whole
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network by iterating local fusion steps among neighboring nodes. Further-
more, the impossibility to single out common information between nodes,
requires robust fusion rules, such as Covariance Intersection (CI). Lastly, due
to the nonlinearity of the employed sensors, the Unscented Kalman Filter is
exploited in each sensor in order to update means and covariances.

Hence, the proposed Consensus CJPDAF approach exploits consensus in order
to provide a distributed, scalable solution and to guarantee computational
efficiency. In particular, two different variants of this approach are proposed.
The first one, simply named C-CJPDAF (Consensus-CJPDA Filter), carries
out a track-to-track association, via the solution of an assignment problem,
before fusion. Due to limited processing-communication capabilities of the
sensor network, parsimonious representations of the multitarget information
transmitted over the radio links, are required. For this reason, the other pro-
posed algorithm, named CGM-CJPDAF, relies on a Gaussian Mixture (GM)
representation of the multitarget information in order to reduce computational

and communication costs.

8.4.1 Consensus CJPDAF with Track-to-Track Associ-
ation (C-CJPDAF)

In this distributed multitarget tracking algorithm all the aforementioned
techniques are implemented. A brief description of the sequence of steps

included in the C-CJPDAF is in order:

1. Local UKF prediction. First, each node i performs a local prediction
of the state estimates and covariances corresponding to each confirmed
and preliminary track, exploiting the single-target dynamics and the

measurement equations.

2. Local measurement validation. The local measurement set Z° is

associated to existing tracks via a gating procedure based on the nor-
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malized squared innovation (6.12) and following the priorities discussed

in Section 6.1.2. In particular, there are two validation steps:

(a) Validation for confirmed tracks. Measurements Z' are asso-
ciated to confirmed tracks. Tracks may be deleted after a given

number of consecutive misdetections.

(b) Validation for preliminary tracks. Measurement validation
for the subset Z4 is then performed. A preliminary track, which
validates at least one measurement, can either be promoted to
confirmed track, or remain preliminary. The decision is taken by
the M/N logic. If no measurement is validated, the track can be

kept or deleted.

3. Local TPD gating. Tentative new tracks, created at the previous
scan, are compared to the subset Z% , of unassociated measurements,
in order to find matchings for the initialization of new tracks. New
preliminary tracks are not updated and they are directly deferred to

the next recursion.

4. Local CJPDA. The measurement-to-track association, which calcu-
lates the association probabilities for each track, is carried out following
the cheap joint probabilistic data association, described in Section 6.4.3.
The data association is performed for both confirmed and preliminary

tracks, whose validated measurements are collected in the same vector.

5. Local UKF correction. State estimates and covariances are cor-
rected through the unscented Kalman filter, exploiting the validated
measurements and the corresponding association probabilities, given,
respectively, by step 2 and 4. Once corrected the state estimates, tracks

exceeding a reasonable velocity limitation are terminated.
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6. Consensus. FEach node i involves the subnetwork A in order to

perform consensus. Specifically, the following operations take place:

(a) Information exchange. Fach node exchanges information with
neighboring nodes. Agent 7 transmits its data to node j € A7 and

receives information from j € N

(b) Track-to-track association. Once the information has been
exchanged between neighbors, each node carries out a pairwise
track-to-track association procedure, which is essentially an assign-
ment problem, as discussed in Section 8.2.2, that can exactly be

solved in polynomial time by the Hungarian method.

(¢) CI fusion. When data originating from the same track have been

associated, the information is fused using equations (8.58)-(8.61).

After the fusion, confirmed tracks after consensus are displayed on screen,
and then they will start the local recursion for the following scan, together
with unassociated tracks in step 6(b), which are kept locally.

The C-CJPDAF steps are summarized in Algorithm 9. Note that, due to the
nonlinearity of the sensors used in Chapter 9 for simulations, local filtering is
carried out by the unscented Kalman filter, whose recursion can be reviewed

in Algorithm 3, Chapter 3.2.

Algorithm 9 C-CJPDAF
1: function C-CJPDAF(z(0[0), P(0|0))

2: for all time £ =1,2,... do

3: (z(k|k — 1), P(k|k — 1)) «— Local UKF Prediction
4: 2z € m(k) «— Local Measurement validation
5: Local M/N logic
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10:
11:

12:

13:
14:
15:
16:
17:

18:

19:

20:

21:

22:

23:
24:

25:
26:
27:
28:
29:

30:

31:

for all unassociated measurements € Zyp do
Local TPD gating

end for

for all validated measurements [ = 1,...,m(k) do
pi(k) «— Local CJPDA
vi(k) «— zi(k) — z2(k|k — 1)

end for

Local UKF Correction

Z(klk —1) «— h(k, X(k|k —1))

S(k) «— Z(klk — YW Z(k|k — 1) + R(k)

T(k) «— X(klk — D)W Z(k|k — 1)

K(k) «— T(k)S(k)™*

Z(klk — 1) % Z(klk — Dw,y,

) «— Z/Bl
2(k|k) <— x(k]k) = 2(klk — 1) + K(k)v(k)
Pe(k|k) «— P(k|k —1) — K(k)S(k)K (k)

P(kz) «— K(k) [ Z Bi(k)v(k)v (k) — u(k)u(k:)’]K(k:)’
P(k[k) «— Bo(k)P(klk — 1) + [1 — Bo(k)|P(k|k) + P(k)

Consensus
for all consensus steps ¢ =0,1,...,L —1 do
transmit (;f;i(kyk,e), Pi(k;|k,€))
wait until Vj € N, [:ﬁj(k\k,ﬁ), Pj(k|k,£)} 18 received
forallzye./\fz#j do
end for
for all i € N do
T — 1 — Z I

JENT j#i
end for
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32:

33:

34:

35:
36:
37:

Track-to-track assoctation

CI fusion
O (klk, 0+ 1) «— > QI (k|k, 0)
JENT
¢ (klk, 0+ 1) «— > 7 ¢ (k|k, )
JEN?
end for
end for

return | (k|k, L), qi(k\k,L)]

38: end function

8.4.2 Consensus CJPDAF with Gaussian Mixture im-

plementation (CGM-CJPDAF)

The only differences between this algorithm and the CGM-CJPDAF are the

following

e A Gaussian Mixture implementation for distributed fusion is used in

order to reduce computational and communication costs. Specifically,
the processed information in each node is expressed as a Gaussian
mixture, defined in (8.49), whose Gaussian components are the posterior
PDF's of each track. All the mixture weights «; get the same value
1/Ng, so that the constraint Z;Vfl a; = 1 is satisfied. Once the data has
been exchanged with neighbors, Gaussian components of neighboring

nodes are fused together.

Track-to-track association is not performed as in Section 8.4.1. Instead,
a gate (8.62) is set up in order to prevent the fusion between Gaussian
components not originating from the same track. This gate simply
compares the statistical distance between two Gaussian components

with a given threshold.

112



CGM-CJPDAF can be also be described by the same steps 1,2,3,4,5 as in
C-CJPDAF. Then consensus takes place as follows:

6. Consensus. Each node i involves the subnetwork A in order to

perform consensus. Specifically, the following operations take place:

(a) Information exchange. Each node exchanges information (GM
representation of the tracks) with neighboring nodes. Agent 4
transmits its data to node j € N7 and receives information from
j e N

(b) GM-GCI fusion. Gaussian components whose Mahalanobis
distance falls inside the gate limited by a given fusion threshold,

are fused together using the equations (8.58)-(8.61).

After the fusion, confirmed tracks are displayed on screen, and then they will
start the local recursion for the following scan, together with unassociated
tracks and any track received from the neighbors. As a matter of fact,
Gaussian components representing unassociated confirmed tracks are kept

locally for a certain number of time intervals.

In Algorithm 10, the pseudo-code summarizes the CGM-CJPDAF recursion,
for each node and each track. Note that the term s°(z, ) denotes the Gaussian
mixture corresponding to node ¢, ¢ — th consensus step and time k (which is

not indicated).

Algorithm 10 CGM-CJPDAF
1: function CGM-CJPDAF(z(0/0), P(0]0))

2: for all time £k =1,2,... do

3: (z(k|k — 1), P(k|k — 1)) «— Local UKF Prediction
4: z € m(k) «— Local Measurement validation
5: Local M/N logic
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10:
11:

12:

13:
14:
15:
16:
17:

18:

19:

20:

21:

22:

23:
24:
25:
26:
27:
28:

29:

for all unassociated measurements € Zyp do
Local TPD gating

end for

for all validated measurements [ = 1,...,m(k) do
pi(k) «— Local CJPDA
vi(k) «— zi(k) — z2(k|k — 1)

end for

Local UKF Correction

Z(klk —1) «— h(k, X(k|k —1))

S(k) «— Z(klk — YW Z(k|k — 1) + R(k)

T(k) «— X(klk — D)W Z(k|k — 1)

K(k) «— T(k)S(k)™*

Z(klk — 1) % Z(klk — Dw,y,

) «— Z/Bl
2(k|k) <— x(k]k) = 2(klk — 1) + K(k)v(k)
Pe(k|k) «— P(k|k —1) — K(k)S(k)K (k)

P(k) +— K(k) I Z Bi(k)(k)w(k) — v(k)v (k)| K (k)

P(k[k) «— Bo(k)P(klk — 1) + [1 — Bo(k)|P(k|k) + P(k)

Consensus
si(x, 0) +— (ii(k\k),P"(k\k))
for all consensus steps / =0,1,...,L —1 do

transmit (si (z, 6))
wait until Vj € N7, [Sj(x,ﬁ)] 18 received
forallzye/\/'z%j do

74] —

max (Nza Nj>
end for
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30: for all i € N do

31: T e— 1 — Z I
JENT j#i

32: end for

33: 5'(z,0 +1) +— GCI fusion

34: end for

35: end for

36: end function

8.4.3 Distributed Track Initialization for Incomplete

Measurements

In multitarget multisensor tracking, the sensor network can be formed for
instance by range-only (TOA) and/or bearing-only (DOA) sensors which,
as discussed in Section 5.2 and Section 5.3 respectively, are characterized
by limited sensing capabilities. In particular, a single distance or angle
measurement is an incomplete observation, since it does not fully specify a
position in Cartesian coordinates, from which new tracks can be initialized.
Thus, track initialization cannot be carried out as described in Section 6.1 for
RADAR sensors, but an additional procedure is required before techniques
as the two-point differencing (Section 6.1.1) can be applied to generate new
tracks. When the measurement equation provides only distance or angle
information, fusion is required among multiple nodes, in order to counteract
the lack of target observability from a single node. In this section, the
problem of track initialization in multitarget multisensor scenarios in presence

of incomplete measurements is addressed.

The described approach can associate and fuse measurements from spatially
distributed neighboring sensors in order to detect real targets within the

surveillance region and initialize their tracks. A probabilistic grid representa-
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tion is used [13, 32], which comes from the concept of occupancy grid, first
introduced by Moravec and Elfes for robotic mapping [25]. This approach has
been widely used for environment modeling in robotics due to the simplicity
of its implementation [9]. The basic idea is to divide the measurement space
into a grid of equally sized spatial cells and associate each measurement
with the probability that the target is located in a particular cell of the grid.
This method is then used to combine data from multiple sensor locations,
by projecting measurements of a common quantity onto a two-dimensional
probability mass grid. This is used to determine the most likely coordinates

of the object being measured.

The sensor measurement of the quantity of interest can be modeled by a Gaus-
sian probability mass function over the range of possible values. Subsequently,
by adding the independent PDF's, sampled at common discrete intervals, of all
measurements taken from a single sensor, a discrete probability distribution
is obtained. Then, the PMFs of all neighboring sensors can be combined
together, in order to form a joint discrete probability matrix. Finally the
target localization problem is converted to a local maxima problem in the
probabilistic grid. Using this method, distance and angle measurements from
different sensors can be combined together to get the measurement of a target

in a Cartesian coordinate system.

Consider a surveillance area of A x B [m]. Choosing an appropriate dimension
of the grid d, the surveillance region can be divided into K4 x Kp grids,
where K4 = A/d, Ky = B/d. Thus each pair (a,b) represents a specific cell,

whose center point is Cy, = (C,,, Cy.,). Note that the value of d is important

Tab? " Yab

because it directly impacts the accuracy and computational cost of combining

multiple measurements.

Given a measurement 2’ , the probability of being originated from a target

116



located in the center point of cell (a,b) is defined as follows
Py (a,b) = N (2, 2, ') (8.63)

where (a,b) denotes both the cell and the corresponding center point Cyp,
since we consider for each cell only the PDF evaluated in the center point.

Note that z’, denotes the virtual measurement associated to (a, b), i.e.
2y = [ (Copy = P+ (Cyy — 1})? TOA
Z(Zlb = 4[(0117(1[, - p?E) +j(0yab - p;)] DOA

(8.64)

where p’ = (pl, p},) is the known position of sensor i.
The discrete probability matrix is formed by evaluating P’ (a,b) at discrete
points in each cell of the grid. Thus, given a measurement m of the i-th

sensor, one has

( P! (a,b)
R Y(a,b)
Fi={ 2> Pulro) (8.65)
r=1 c=1
0 otherwise

\

For each measurement of each sensor, using one of the (9.9), the probability
(8.65) can be calculated. Thus, for each sensor ¢ providing M* measurements,

the probability distribution of all measurements acquired by the i-th sensor is
P'(a,b)

Kiqa Kp

Z Z P'(r,c)

r=1 c=1

Fl = (8.66)

where
Ml
P'(a,b) = > P (a,b) (8.67)
m=1

Then, in order to combine information from all neighboring nodes, a fusion

step is carried out. Recalling the consensus problem (8.17), one has

Plat) = i L [Pi(a,b)]

SN [Piab)]? [Piab)]

r=1 c=1

i,jeN, we(0,1) (8.68)
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Finally, the regional average computed in node 7 is

I [P(a,b)]"

— ‘ENi
P'(a,b) = - (8.69)
> 1L [Pee”
r=1 c=1 jeN'
where the consensus weights must fulfill the following conditions
wh >0 Vi,jeN
(8.70)

Y whi=1 VieN

JEN?
In conclusion, the target localization problem can be solved by finding the
local maximums in the grid. As a matter of fact, peaks represent the estimated
position of targets. Consequently, the number of peaks can be considered
as the number of targets (under the assumption of no clutter). Clearly, in
presence of clutter, an additional track confirmation logic, such as M/N; is
needed for track confirmation, in order to reduce the number of false tracks

initialized.
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Chapter 9
Simulation Experiments

In order to evaluate the performance of the algorithms described in Chapters 7
and 8, simulation experiments have been carried out in realistic scenarios. The
obtained results will be shown and discussed. In particular, the performance of
the proposed distributed CGM-CJPDAF algorithm, presented in Section 8.4.2,
is first compared with C-CJPDAF (Section 8.4.2 ). Next, it is compared
with both centralized Sequential CJPDAF (S-CJPDAF, Section 7.4) and the
single-sensor CJPDAF algorithm running locally (L-CJPDAF). Moreover,
the performance of CGM-CJPDAF will be examined, in a network of TOA
and DOA sensors. The evaluation is carried out by Monte Carlo simulations,
so that any performance metric is averaged over a sufficiently high number
Nyse of Monte Carlo runs relative to independent noise realizations. Tracking
performance will be evaluated in terms of position and velocity error, track
fragmentation and quickness in initializing new tracks. In addition, robustness
with respect to uncertainties on the parameters of the scenario (detection
probability Pp and false alarm probability Pr4) is examined. To this end,

the evaluation metrics used in the following simulations are
e Root Mean Square Error (RMSE)
e Track continuity
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o Average Track Confirmation Time (ATCT)
The position RMSE is calculated as follows

PRMSE(k) =

1 Ny N N

A\ Ny Vs Voo STUSTS T (pugkon) — g (k[ ) + (91 (kyn) — B (K], )

n=1 i=1 j=1

(9.1)
where N7 is the number of targets, Ng is the number of nodes and Ny;¢
is the number of Monte Carlo simulations, carried out for the same target
trajectories but different, independently generated, clutter and measurement
noise realizations. Clearly, p;(k,n) denotes the position of the true target j
at scan k, during the n-th Monte Carlo run, whereas ﬁ;(k;|k, n) is the position

of track j, estimated by sensor ¢. Similarly, the RMSE on velocity is

VRMSE(k) =

Nyec N Nr

! e 2 i ~j 2
TN 2o 2o 2 (el m) = ot (sl m)) 4 (v k) — 3 k1, )

n=1 i=1 j=1

(9.2)
RMSE evaluates the goodness of estimation once the target has been localized,
but this metric is not useful to determine whether there are interruptions
along the track. To this end, track continuity is computed. It accounts for
the percentage of target trajectory which is really tracked, so that fragmented
tracks will result in a low track continuity value. Both track continuity
and RMSE are evaluated following the track-to-truth assignment method,
discussed in [10] and [15]. The basic idea is that first a measure of fit
(MOF) between confirmed tracks and truth is computed. Next, those pairings
satisfying an acceptance criterion for the MOF, are placed in a global track-to-
truth assignment matrix. Note that the assignment solution can be computed
using methods such as the auction or the Hungarian algorithms, as mentioned

in Section 8.2.3. The recommended MOF is the kinematic statistical distance
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between the current track state estimate and truth, defined by

&> £i'PE (9.3)

pv

where 7 is the vector of position and velocity differences and P, is the
Kalman filter covariance matrix, containing position and velocity variances
and covariances. Comparing the normalized distance (9.3) with a gate value
va, track-to-truth pairings are obtained. Thanks to this association, RMSE
and track continuity can be calculated. In particular, position and velocity
errors are calculated for each track-to-truth matching and track continuity is
determined by giving a numerical score to each Monte Carlo run. A point is
awarded at each time interval to each target for which the currently assigned
track is the same as the one at the previous time. No points are awarded
if there is no assigned track or if a switch occurred over the time interval.
Therefore, track switching is penalized as well as tracking errors that are
larger than those predicted by the covariance matrix. They cause a failure
of the gate test that uses the distance defined in (9.3). As a matter of fact,
failure of the gate test results in the loss of of two points since both the
current time interval and the next are affected. The Measure Of Effectiveness
(MOE) defined above can be easily converted to a correct tracking percentage,

by computing the ratio between the total score and the possible score.

Once defined the metrics used for performance evaluation, let us now consider
the multitarget tracking scenarios examined in the simulations. All the
scenarios, listed below, are 2-dimensional (planar) and dynamic, so that

different targets enter the surveillance area at different time instants:

1. Air surveillance: the scenario is characterized by the presence of
three targets appearing in the surveillance region of 50 x 50 [km?],

wherein two radars are deployed.
2. Ground surveillance: a sensor network, formed by one bearing-only
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(DOA) and two range-only (TOA) sensors, tracks three vehicular targets

over a surveillance area of 5 x 5 [km?].

In the following 2D multitarget simulations, the target state consists of
Cartesian position and velocity components along the two axes x and y. The
motion of each target is modeled according to the nearly-constant velocity

model:

r(k+1)=

0
0
X x(k) +w(k) (9.4)
0

3 g
0 0
0 T

_O 1_

/A o o N

where T is the sampling interval and w(k) is a zero-mean white process noise

with covariance matrix

14 %T?’ 0 0
irs 1 0 0
it i

0 0 irs 77

(9.5)

where o, = 2[m/s?].

Sensors are characterized by non unity detection probability Pp and generate
clutter, which is modeled as a Poisson Process with parameter A (clutter
density, given by (5.14)) and uniform spatial distribution over the surveillance

region.

Scenario 1

In this first scenario there are two RADAR sensors linked in a geometric
network, providing measurements of range and azimuth. The measurement

equation is given by

2t = T. +o' = h'(z) + o' (9.6)



where

v' ~ wn(0, R") (9.7)

and the measurement function is

o) — Ve =027 + (0, — 9}’ 0s)

L[(pe = %) + i (py — py)]
p' is the position of sensor i in Cartesian coordinates. For this scenario
p' = (0,0); p? = (50000, 50000). Both range and azimuth errors are assumed
independent, so that R = diag{c?, o}, 0, and oy being the standard devia-
tions of range and, respectively, azimuth measurement noise. Their values in
this scenario are the same for both sensors, in particular ¢, = 100 [m] and
op = 1[°]. Due to the nonlinearity of the sensor, UKF (Section 3.2) is used in

each sensor.

In the scenario under consideration three targets with nearly-constant velocity
motion appear in the surveillance area in different time instants, as shown in

Figure 9.1. The duration of each simulation is fixed to 300 [s] (100 samples).

k — Rmax = 55175 (m)
ADAR

ometric networl
x10* Nodes: 2 Ry
e R i S X
I
i
I
I

|

|
[ (A NI [E—— NI [ T [ | [ T
Y 0.5 1 15 2 25 3 35 4 4.5 5

m x10*

Figure 9.1: Target trajectories in Scenario 1.
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The proposed algorithm CGM-CJPDAF (Section 8.4.2) is first compared to
the analogous C-CJPDAF-T2TA (Section 8.4.1) which, before consensus takes
place, carries out a track-to-track association procedure. The parameters

used in simulations for Scenario 1 are reported in Table 9.1.

Parameter | Description Value
Pp probability of detection 0.9
Pq gating probability 0.9997

A clutter density 5
M/N confirmation logic 2/3
Ny track deletion threshold 5
v validation gate threshold 16
T sampling time 3 ]
Ny number of targets 3
Ng number of nodes 2
Nye number of MC runs 300
o range measurement std. dev. | 100 [m]
o) angle measurement std. dev. 1[°]
Ow process noise std. dev. 2 [m/s?]

Table 9.1: Parameters adopted in Scenario 1 simulations.

Multitarget tracking performance is evaluated in terms of position and velocity
RMSE, track continuity and average time for track confirmation. Table 9.5
shows a comparison between CGM-CJPDAF and C-CJPDAF-T2TA in terms
of track continuity and ATCT. Figure 9.2 and Figure 9.3 show position RMSE
and velocity RMSE, respectively.
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Statistics C-CJPDAF-T2TA | CGM-CJPDAF

track continuity 0.887 0.868
ATCT 10.006 11.097

Table 9.2: CGM-CJPDAF vs C-CJPDAF-T2TA: Track continuity and ATCT.

400

350 , -
=0~ c-copDAF-T2TA

3001~ =} CGM-CJPDAF

250—

Position RMSE (m)
n
o
o
I

o
(=}
T

100~

50— =

| | | |
0
0 50 100 150 200 250 300
time (s)

Figure 9.2: Comparison between CGM-CJPDAF and C-CJPDAF-T2TA: Position
RMSE.

125



100 T

-o- C-CJPDAF-T2TA

@
o
I

=L} CGM-CJPDAF

[=2)
(=]
T
|

Velocity RMSE (m/s)
S
S
I

20—

0 50 100 150 200 250 300
time (s)

Figure 9.3: Comparison between CGM-CJPDAF and C-CJPDAF-T2TA: Velocity
RMSE.

As shown in Figure 9.2 and Figure 9.3, the performance obtained with the
two filters are very similar, as expected. This means that in the scenario
under consideration both algorithms manage to ”"recognize” and thus fuse the
same tracks obtained locally and received by the other sensor. Both filters

perform a single consensus step.

Once verified that CGM-CJPDAF and C-CJPDAF-T2TA present analogous
performance, CGM-CJPDAF is compared with the centralized Sequential
CJPDAF (S-CJPDAF) and the single-sensor CJPDAF, in order to complete
the evaluation. In Figure 9.4, Figure 9.5 and Table 9.3 the different metrics

are illustrated for the three filters.
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Figure 9.4: Comparison between CGM-CJPDAF, S-CJPDAF and L-CJPDAF:
Position RMSE. Pp = 0.9.
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Figure 9.5: Comparison between CGM-CJPDAF, S-CJPDAF and L-CJPDAF:
Velocity RMSE. Pp = 0.9.

These results show that, by applying consensus, performance of distributed
algorithms is comparable to the one provided by the centralized tracker S-
CJPDAF, which collects the set of measurements of two sensors in a central
node. In addition, CGM-CJPDAF succeeds in improving the performance
of L-CJPDAF, which is the algorithm carried out locally, in a single sensor.
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Statistics L-CJPDAF | CGM-CJPDAF | S-CJPDAF
PRMSE 320.084 144.405 132.385
track continuity 0.982 0.868 0.834
ATCT 5.867 11.097 6.303

Table 9.3: CGM-CJPDAF vs C-CJPDAF-T2TA: Track continuity and ATCT.

Note that, compared to L-CJPDAF and S-CJPDAF, CGM-CJPDAF is

characterized by a higher average time for track confirmation.

Next, simulations have been carried out for target detection probability

Py =0.28.

Parameter | Description Value
Pp probability of detection 0.8
Ps gating probability 0.9997

A clutter density 5
M/N confirmation logic 2/3
Ny track deletion threshold 5
y validation gate threshold 16

T sampling time 3 [s]
Nr number of targets 3
Ng number of nodes 2
Ny number of MC runs 300

Table 9.4: Parameters adopted in Scenario 1 simulations, Pp = 0.8.
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Figure 9.6: Comparison between CGM-CJPDAF, S-CJPDAF and L-CJPDAF:
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Figure 9.7: Comparison between CGM-CJPDAF, S-CJPDAF and L-CJPDAF:
Velocity RMSE. Pp = 0.8.

Statistics L-CJPDAF | CGM-CJPDAF | S-CJPDAF

track continuity 0.951 0.819 0.760
ATCT 6.200 13.654 9.431

Table 9.5: CGM-CJPDAF vs C-CJPDAF-T2TA: Track continuity and ATCT.
Pp=0.38.
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Scenario 2

In this scenario the sensor network is formed by one bearing-only and two

range-only sensors, characterized by the following measurement functions:

B(@) = /(o — P+ (p, — 1})>  TOA
W(@) = l(p. = 1)) +i(p, — )] DOA

The standard deviation of DOA and TOA measurement noises are taken

(9.9)

respectively as o9 = 1[°] and o, = 10[m].

The scenario under consideration is depicted in Figure 9.8. Three targets with
nearly-constant velocity motion appear in the surveillance area of 5 x 5 [km?]
in different time instants. The sampling interval is 7' = 5[s]. The duration of

each simulation is fixed to 400 [s] (80 samples).

Geometric network - Rmax = 3897 (m)
Nodes: 2 TOA, 1 DOA
B000f— — — — — - - )
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Figure 9.8: Target trajectories in Scenario 2.

For this scenario distributed track initialization based on probability grids,
described in Section 8.4.3, has been implemented, due to the fact that TOA
and DOA sensors provide incomplete measurements i.e. the single node lacks
of target observability. The parameters used in this simulation are reported

in Table 9.6. The grid has been divided into 400 cells of 250 x 250 [m?].
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Multitarget tracking performance is evaluated in terms of position and velocity
RMSE, averaged over Ny, = 100 Monte Carlo runs for the same target
trajectories but different, independently generated, clutter and measurement

noise realizations.

Parameter | Description Value
Pp probability of detection 0.99
Pq gating probability 0.9997

A clutter density 1
M/N confirmation logic 2/3
Ny track deletion threshold 2
v validation gate threshold 16
T sampling time 5 [s]
Nrp number of targets 3
Ng number of nodes 3
Nyc number of MC runs 100
o range measurement std. dev. | 10 [m]
of angle measurement std. dev. 1[°]
Ow process noise std. dev. 2 [m/s?]

Table 9.6: Parameters adopted in Scenario 2 simulations.

As shown in Figure 9.9 and Figure 9.10, the algorithm implementing a
probability grid approach for track initialization, confirms good performance

in a low-density clutter scenario.
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Figure 9.10: Probability Grid Initialization: Velocity RMSE.
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Chapter 10

Conclusions

This thesis has considered the multitarget multisensor tracking problem. This
essentially concerns the joint detection and estimation of the unknown and
time-varying number of targets in the scenario, as well as the estimation
of the kinematic state of each target, given a sequence of observation sets.
Multitarget multisensor tracking problems can be tackled in essentially two

ways:

e by centralized architectures, in which a central data processor receives

all the measurements;

e by distributed approaches that carry out scalable processing without

coordination of a central unity.

The focus of this dissertation has been on distributed multitarget tracking of
multiple targets over a sensor network. In particular, consensus algorithms,
capable of providing fully distributed and scalable fusion of the information
collected from multiple sensors in presence of clutter and noisy observations,
were considered. A comparison of both C-CJPDAF and CGM-CJPDAF with
a sequential centralized filter, has shown that the two methods developed in

this thesis give comparable performance to conventional methods of multiple
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target tracking using a central data processor. Furthermore, it is shown
that the proposed distributed multitarget trackers can successfully track the

correct targets in reasonably high levels of clutter.

In order to solve the distributed multitarget tracking problem, several issues
have been encountered. These sub-problems have been progressively addressed
throughout the whole thesis and their solutions have been subsequently

combined in the proposed distributed algorithms.

First, multitarget tracking has been considered, which is essentially the combi-
nation of data association and estimation. Due to the employment of nonlinear
sensors, discussed in Chapter 5, recursive nonlinear estimation (Chapter 3)
is needed. Specifically, the Unscented Kalman Filter (UKF) has been imple-
mented for target state estimation. Regarding data association, Probabilistic
and hard-decision single-scan techniques have been described throughout
Chapter 6. Particular interest has been given to Bayesian approaches for
multiple target data association, which is carried out in each node of the
network. To this end, an approximated version of Joint Probabilistic Data
Association (CJPDAF), that reduces computational burden, has been used

in the local trackers.

Next, the resulting data processing in each node has been further developed in
order to extend the multitarget tracking problem to a multisensor environment.
Consensus has been implemented, i.e. the information between neighboring
nodes is collected in each sensor, and a distributed fusion, which guarantees
scalability, takes place. Furthermore, a new method for track initialization,
based on probability grids, has been proposed for distributed multitarget
problems in which sensor networks are characterized by limited sensing
capabilities. In conclusion, simulation results are provided in Chapter 9 in
order to demonstrate the effectiveness of the proposed distributed multitarget

tracking algorithms for tracking multiple targets over sensor networks.
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Possible topics for future work are:
e Extension to sensors with different field of view (FOV);

e Further investigations on track initialization for incomplete measure-

ments;

e Comparison with distributed CPHD filtering techniques [5].
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