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ABSTRACT

TARGET TRACKING AND SENSOR PLACEMENT FOR DOPPLER-ONLY
MEASUREMENTS

Ayazgok, Stileyman
M.S., Department of Electrical and Electronics Engineering

Supervisor : Assoc. Prof. Dr. Umut Orguner

September 2015, 104 pages

This thesis investigates the problems of target tracking and optimal sensor placement
with Doppler-only measurements. First, a single point track initialization algorithm
proposed in the literature is investigated for Doppler-only tracking. The initialization
algorithm is based on separable least squares method and involves a grid-based
optimization. Second, particle filters are considered for Doppler-only tracking and
they are compared to an extended Kalman filter (EKF). It is shown that a classical
bootstrap particle filter, rather surprisingly, is inferior to the EKF in a Doppler-only
tracking scenario. The reasons for this strange behavior are discussed. Then, classical
sequential Monte Carlo tools are investigated to improve the behavior of the
bootstrap particle filter. In this regard, two new particle filters, namely, a sequential
importance resampling particle filter with optimal proposal distribution and a Rao-
Blackwellized particle filter are derived and implemented. The results show that,
although there are occasional improvements in the particle filter performance for
some specific parameter selections, the improvement mechanisms employed are not

sufficiently effective to make the particle filters beat EKF.



Finally the problem of optimal sensor placement is considered for Doppler-only
tracking. A 1D target motion is considered on a road/line segment and the
optimization criterion for sensor placement is selected to be the total position Cramer
Rao Lower Bound (CRLB) over the road/line segment. The results obtained using
numerical optimization tools are utilized to propose a simple sub-optimal sensor
placement strategy with explicit formulae for the sensor positions. The proposed

strategy is shown to have very close cost values to the optimal strategy.

Keywords: Doppler-only, target tracking, track initialization, particle filter, EKF,

sensor placement
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0z

SADECE DOPPLER OLCUMLERIYLE HEDEF iZLEME VE SENSOR
YERLESTIRIMI

Ayazgok, Siileyman
Yiksek Lisans, Elektrik ve Elektronik Mithendisligi Bolimii

Tez Yoneticisi: Dog. Dr. Umut Orguner

Eyliil 2015, 104 sayfa

Bu tez calismast sadece Doppler Ol¢limlerinin kullanildigi durumlar igin hedef
izleme ve sensor yerlestirimi problemleriyle ilgilenmektedir. Oncelikle sadece
Doppler olgiimleriyle hedef izleme i¢in literatiirde Onerilen tek noktalik bir iz
baslatma algoritmasi incelenmistir. Bu algoritma ayrik en kii¢lik kareler yontemini

kullanmakta ve 1zgara tabanli bir eniyileme yontemi icermektedir.

Sadece Doppler dlgiimleriyle hedef izleme icin pargacik filtreleri diislintilmiis ve bu
siizgecler genisletilmis Kalman filtresiyle (GKF) karsilastirilmistir. ilk énce klasik
kendini yiikselten parcacik filtresinin sadece Doppler 6l¢iimlerinin alindig1 bir hedef
izleme problemi icin sasirtici bir bicimde GKF’den kotii ¢alistigi gosterilmistir. Bu
garip davranisin nedenleri ilizerinde tartisilmistir. Sonra klasik sirali Monte Carlo
yontemleriyle kendini yiikselten pargacik silizgecinin bu davranisinin iyilestirilmesi
diisiiniilmiistlir. Bu baglamda iki yeni parcacik filtresi olan, eniyi Oneri dagilimini
kullanan sirali 6nemlilik yeniden oOrnekleme pargacik filtresi ve Rao-Blackwell
pargacik filtresi tiiretilmis ve gerceklenmistir. Sonuclarda her ne kadar 6zel bazi

parametre se¢imleri i¢in pargacik filtresi performanslarinda bazi iyilesmeler goriilse

vii



de burada kullanilan iyilestirme mekanizmalarinin, parcacik filtrelerini GKF’den iyi

yapmak i¢in yeterli etkiye sahip olmadig1 goriilmiistiir.

Son olarak sadece Doppler Ol¢limleriyle hedef izleme i¢in eniyi sensor yerlestirme
problemi diisliniilmiistiir. Burada bir boyutta bir yol/dogru parcas1 iizerinde hareket
eden bir hedef diisiiniilmiis, sensor yerlestirme eniyilestirme kriteri olarak da
yol/dogru parcast iizerindeki toplam pozisyon Cramer-Rao alt sinir1 segilmistir.
Sayisal eniyileme yontemleri kullanilarak elde edilen sonuglar, sensor pozisyonlari
i¢in agik formiilleri olan basit eniyi-alt1 bir sensor yerlestirme stratejisi 6nermek igin
kullanilmistir. Onerilen stratejinin eniyi sonuca ¢ok yakin maliyetler elde ettigi

gosterilmistir.

Anahtar Kelimeler: Doppler, hedef izleme, iz baslatma, parcacik filtresi, GKF, sensor

yerlestirme
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CHAPTER 1

INTRODUCTION

During the 19th century and at the beginning of the 20th century, researchers
observed the spectrum of lights coming from the stars, galaxies and nebulas and it
was observed that the color of these lights shifts to red. This observation was named
as red shift. With the help of these observations, it was found that this shift was
caused by the movement of the stars and it was the Doppler effect. The Doppler
effect can be described briefly as: When an object transmits or reflects waves, which
can be sound or electromagnetic waves/lights, the wave frequency is observed at a
higher frequency than the transmission frequency if the object moves towards the
observer, and at a lower frequency if the object moves away from the observer. The
color of the stars shifts to red which is a lower frequency component of the spectrum.
This was evidence that stars are moving away from earth, so it was considered as
evidence for the expanding universe and the Big Bang theory. From this point of

view, Doppler shift played an important role in understanding the universe.

Doppler shift was again investigated in space research during the cold war. Doppler
shift in radio waves from satellites were utilized to track satellites, [1]. This research
was continued with acoustic band ocean applications, radar applications, and target
tracking in passive sensor networks. These studies, especially in the tracking
applications, are focused on two main areas, namely the estimator design and the
optimum sensor placement. The estimator design which is also called as tracker in

tracking applications, includes the initialization problem for the tracker. Literature



surveys for these two areas of study are given in Section 1.1. The aim of this thesis
and the thesis outline are given in Section 1.2.

1.1. Literature Survey about Doppler Only Tracking

1.1.1. Literature Survey about Track Initiation & Tracking with

Doppler-Only Measurements

An application example of Doppler-only tracking in space research was introduced in
1970, by Salinger and Brandstatter [2], where the Doppler frequency shift of the
signal transmitted by or reflected from a space vehicle was measured by multiple
receivers on the earth to track the space vehicle trajectory. In [2], the dot product
expression of the Doppler frequency shift was used. The dot product expression is
linear with respect to the velocity, but it is nonlinear with respect to the position. Due
to this, sequential estimation of the velocity and the position was proposed. This
estimation procedure needs an initial guess of the position. Based on this sequential
estimation procedure, two different approaches were proposed to estimate the
trajectory. One of them is the global estimation with polynomials. In this method, the
velocity vector is expressed as a linear combination of a set of orthonormal
polynomials. For this purpose shifted Chebyshev polynomials were used. When the
dynamics of the target is unknown, i.e., when the velocity cannot be expressed as a
linear combination of polynomials, the second approach was proposed based on a

Kalman Filter application.

Schultheiss and Weinstein gave the derivation of Fisher Information Matrix and the
variance bound for velocity and position estimation with coherent Doppler
measurements as well as separate frequency measurements in [3]. For simplicity only
the velocity is taken as an unknown. Here, three different signal models, namely,
Gaussian shaped spectrum noise, narrowband noise and pure sinusoidal signals are
investigated. Also two different measurement schemes, coherent and separate
frequency measurements, are considered. In the coherent measurement scheme,
measurements are Fourier transforms of the received signals. Measurements such as

amplitude, phase and frequency components are also used in the estimation. The



separate frequency method measures only the frequency at each sensor and the

differences between them are used as measurements.

Webster introduced an exact trajectory solution from Doppler shift measurements in
[4]. Single sensor and single target model are used in this solution. The sensor makes
three consecutive Doppler shift measurements and calculates the ratio of these
measurements. The complete derivation for constant target velocity in 2-D is given in

[4]. Measurement noise was not taken into consideration in this solution.

Chan and Towers proposed a localization and tracking algorithm with Doppler
shifted frequency measurements in [5]. They addressed the need of five sensors or
five measurements to estimate the target state. The state in their algorithm consists of
position and velocity in two dimensions and the transmitted frequency. Since the
measurement function of Doppler is nonlinear in terms of these states, estimation can
only be made either iteratively or with grid-search. Here, Chan and Towers proposed
an algorithm which needs only a three dimensional search instead of five, which

would be required for brute force grid search.

Chan and Towers proposed another estimation scheme for localization with Doppler
shifted frequency measurements in [6]. In the method, Doppler measurement
function is expressed as a linear transformation of the target velocity and the
transmitter frequency using a matrix-valued nonlinear function of the target position
with respect to sensor position. The proposed algorithm uses grid-search over target
position. At each possible target position, target velocity is estimated linearly. The
position which produces minimum cost is chosen. This algorithm for localization
was used directly or indirectly in many Doppler-only measurement based tracking

and localization applications such as the MIMO radar example given in [7].

Chan and Towers also proposed a sequential version of their algorithm given in [6]
for localization with passive Doppler-only measurements in [8] especially for
underwater applications. Here, for sequential localization, each sensor is used
independently to estimate intermediate parameters such as the magnitude of target
velocity, range, the time for the closest point of the target. A grid-search algorithm

for nonlinear least square estimation given in [5] is used to estimate the intermediate



parameters. Levenberg-Marquard nonlinear optimization algorithm is used to
estimate the target position and velocity from the intermediate parameters.

Chan proposed another initialization algorithm in [9]. The proposed algorithm uses
the frequency derivative together with frequency measurements in the same way as
in [5]. By using the derivative of frequency and the intermediate parameters, the grid
search dimension can be reduced to one. At least three measurements in time are
needed to initialize the algorithm. Grid search is done for the unknown transmitter
frequency to estimate the target range with the help of Doppler shift and derivative
measurement. The target position and velocity are estimated from the target range by

using Levenberg-Marquard nonlinear optimization algorithm.

In [10], Fucheng et al. presents a variant of Extended Kalman Filter (EKF) which can
be used in nonlinear estimation applications such as passive localization based on
time of arrival, direction of arrival, and Doppler frequency shift. The difference of
EKF from a KF is that it uses the Jacobian matrix of nonlinear functions instead of
linear state transfer functions or measurement matrix in the Kalman gain and state
covariance matrix calculations. The proposed modification in [10] over EKF is that
after the normal EKF routine, the Jacobian matrix was recalculated with the
improved state estimate and the measurement update process was repeated with this
new Jacobian matrix. An improvement of this algorithm over EKF was given with an

example of Doppler-only tracking.

Kusy et al. proposed an initiator algorithm and a tracking filter for Doppler based
tracking in [11]. Doppler measurement model is used in the case of one transmitter
and multiple receivers. Gaussian Newton algorithm was used to find the optimum
solution for the initial state. Because of the possibility that the solution can be a local
optimum, the author stated that more refinement is needed for the initiator. EKF was
preferred to be used with this proposed track initiation algorithm. Since it is known
that EKF has poor performance while the target is maneuvering, a maneuver
detection algorithm and a correction method for the target state during the maneuver

(with the proposed initiation algorithm) were proposed.



Ristic and Farina gave an application of Particle Filter (PF) for Doppler-Only
tracking in [12]. They gave mathematical derivations of Cramer-Rao Lower Bound
(CRLB) for Doppler-only tracking to evaluate the PF performance with respect to the
lower bound of the estimation error. It was stated that the proposed particle filter has
poor performance over the lower bound at the early stages of the tracking but it can
achieve the lower bound after an initial delay. Here, the proposed filter was called as
progressive correction particle filter (PC-PF) and it was developed to overcome the
sample impoverishment problem that is quite common in PF implementations. In
order to perform this, the weight distributions of the particles were modified
progressively by a fraction of the measurement likelihood function. Even if the initial
state uncertainty was high, the tracker overcomes the sample impoverishment and it
converges to the true target position. It was also stated that the initialization of the

filter is still an open issue for further research.

A dual filter approach for Doppler-only tracking was proposed by Battistelli et al. in
[13]. In this article, observability analysis of Doppler measurement was also made
and it was stated that the range, the speed and the absolute value of the relative
heading (angle between range vector and velocity vector of target) are observable,
but the azimuth angle of the range vector in 2-D case is unobservable. The first phase
of the proposed dual stage filter is the recursive estimation of the observable state
with an Unscented Kalman Filter (UKF). This filter works at each sensor
individually. At the sensor network center, the second stage of the dual filter is run
such that another UKF is used to estimate the overall state in the Cartesian
coordinates by using the estimates of the observable states from each sensor. For the

initialization of the filters, a multiple hypothesis approach was proposed.

Ristic and Farina implemented Bernoulli PF for Doppler-only tracking in multi-static
case in [14]. In this article, the aim was to detect and track the target jointly by using
the Doppler frequency shifts which are measured by multiple receivers which
accompany a fixed single transmitter. It was stated that when false alarms exist and
the detection probability of the target is less than one, optimal Bayes Filter for the
detection and tracking of a target is the Bernoulli filter [15]. Bernoulli PF propagates

the target state distribution and probability of existence of the target through the



prediction and estimation updates. Due to the nonlinear transformations of the
random variables in prediction and estimation stages, the exact distributions cannot
be calculated and therefore a PF was used to approximate the distributions. Ristic
and Farina also proposed a method for the selection of active receivers in [16] to
improve the information gathered from the sensors and to discard measurements
from the sensors which are aligned with the target and the transmitter in the bi-static
case. It was stated that receiver selection improves the track’s settling durations and

steady-state error performance.

Xiao et al. gave an analysis of observability and performance for bi/multi-static
Doppler-only Radar in [17]. In this article, this analysis was made for a multi
transmitter and one receiver case for simplicity. It was stated that this scenario can be
extended to a multi transmitter and multi receiver case as well. For the single
receiver case, observability analysis was made with the help of the Jacobian matrix
of the Doppler measurements. In this approach, observability is checked by the rank
of Fisher Information Matrix (FIM). For complete observability, FIM should be full
rank. For performance analysis, the lower bounds for the position and velocity
estimation were also derived. It was stated that CRLB became lower with less
measurement error variance, high number of transmitters, long integration time and
short transmitter wavelength. Simulation results were given by placing the
transmitter and receivers at the vertices of a polygon. Besides the CRLB, GDOP
(geometric dilution of precision) analysis and results were given. GDOP is
proportional to the square-root of the sum of the lower bounds for each axis. This
analysis showed that when the target location is closer to the sensors, the estimates

can have lower error variance.

Liang et al. showed the usage of Bernoulli PF in the case of multi-target tracking
with multi-static Doppler-Only measurements in [18]. The single target case for
Bernoulli Filter implementation was discussed earlier in [14]. In this article, four
different data fusion schemes are considered to merge information gathered from
multiple receivers. The first one was the measurement fusion which uses all
measurements in a one track-filter. The second one is the parallel update scheme

which uses an N-track-filter with N measurements and merges the estimated states.



The third was a sequential update scheme which uses the estimates of one filter as an
input to the next filter. The final fusion scheme was random update which chooses
one random measurement to estimate the state. Because of the data association
requirements in a cluttered environment, measurement fusion was not preferred.
Simulation results with multi-Bernoulli filter for the remaining three fusion schemes
were given and it was stated that the parallel update was the worst. For performance
criteria, optimal sub-pattern assignment (OSPA) was used. Sequential and random
update schemes have nearly the same performance for single target and multiple
target cases. Because of the fact that instantaneous peaks in OSPA occurred in the
random update scheme, sequential update was proposed for tracking multiple targets
with multi-static Doppler-only measurements. In addition to the Bernoulli filter
implementation, some comments are made for sensor placement in the multi-static
case. It was stated that the maximization of the determinant of CRLB can be used for

optimal sensor placement.

Lindgren et al. presented a method based on parametrized motion models for the
localization of an acoustic source in a network of Doppler shift sensors in [19]. Two
different motion models, namely linear and circular, and associated Doppler shift
measurement functions were introduced. In these measurement functions the
retardation effect in acoustic propagation was taken into consideration. For these
motion models, a nonlinear least square estimator based on Gaussian Newton
variable projection technique was described and an algorithm for obtaining an initial
estimate was proposed. Successful experimental results were presented for the

estimator and the motion models.

Guldogan et al. introduced the GM-PHD (Gaussian mixture-probability hypothesis
density) filter usage for multi-target tracking with multi-static Doppler-Only
measurements in [20]. The approach in [20], i.e., the PHD filter, is a practical
Bayesian tracking algorithm which avoids the computationally costly data
association process. Experimental results of the application of this filter for Doppler-
only measurements in the acoustic band were given in [20] and it was stated that
GM-PHD is successful to detect and track targets using multi-static Doppler-only

measurements. In addition to this study, the sequential Monte Carlo implementation



of the PHD (SMC-PHD) for multi target tracking using Doppler-only measurements
Is proposed together with GM-PHD in [21]. Here, two implementations of the PHD
filter were compared and it was stated that both PHD filter implementations are
successful to track multiple targets but GM-PHD is more effective, efficient and easy
to implement than the SMC-PHD filter.

1.1.2. Literature Survey about Sensor Placement

In addition to tracker design, sensor placement also plays an important role in the
tracking performance. Optimum sensor placement for different kinds of sensors was
studied by many researchers. Especially for range and bearing sensors, there are
quite many research results to refer to, but there have been only a limited number of
studies conducted on the optimum sensor placement problem for Doppler-only
sensors. Moreover, many studies consider only localization, i.e., finding the position
of the target only for a single time instant. As a result these studies all assume that
the target or the object is static at all times or for a short frame of time. Nevertheless,
the optimality criteria used for bearing and range measurements can give us an

insight for the case of Doppler-only target tracking problem.

Moreno et al. gave the optimal sensor placement results for bearings-only
measurements in 3-D scenarios in [22]. They showed the optimality criteria which
can be used for any sensor placement problem. It was stated that there are three main
criteria to be used in optimal sensor placement which are A-optimality, D-optimality
and E-optimality. A-optimality aims to minimize the average variance of the estimate
by minimizing the trace of the CRLB (Cramer-Rao Lower Bound) matrix which can
be calculated by taking the inverse of the FIM (Fisher Information Matrix). D-
optimality is achieved by maximizing the determinant of FIM and results in the
minimum volume uncertainty ellipsoid for the estimate. Finally, E-optimality
minimizes the length of the largest axis of the uncertainty ellipsoid for the estimate
by minimizing the largest eigenvalue of the CRLB matrix. These criteria have some
pros and cons with respect to each other. For range and bearing sensors, optimality
comparisons are also made in [23]. Both Sim et al. [23] and Moreno et al. [21] chose
A-optimality as the performance criterion.



In Abel’s study [24], the problem of optimal sensor placement for passive source
localization was investigated and a closed-form solution was found. The same
solution as Carter’s study [25] was reached for the optimum sensor placement on a
line segment. The proposed solution was placing half of the sensors at one tip of the
line segment and the other half at the other tip of the line segment. The theorem used
to reach these results assumes that the received signal at the sensors is the time-

delayed and amplitude changed version of the transmitted signal from one source.

Two dimensional solution for the optimum sensor placement was studied in [26] by
Zhang. An optimality criterion was built on the error covariance matrix of the
individual sensors. The cost function is chosen as the determinant of the combined
error covariance matrix which is proportional to the harmonic mean (i.e., the inverse
of the summation of the inverses) of the individual sensor error covariance matrices.
With this cost function, the optimality is achieved by changing the orientation of the
sensors with respect to the expected target location. This method is only valid under
the condition that the covariance matrix is determined only by the orientation of the
sensor with respect to the target such as in the case of range and bearing sensors.
With this assumption, it was stated that the proposed sensor placement procedure

yields minimum area of the uncertainty around the target for the 2-D case.

Levanon investigates the case when the sensors are at the corners of a polygon and
the target is at the center while using the lowest possible GDOP as the cost function
for range measurements, [27]. GDOP is unitless and as mentioned earlier in the
previous subsection, it is calculated as the square root of the summation of the
diagonal elements of the CRLB matrix, and it is normalized with the measurement
variance. From this point of view, it is a normalized and square rooted version of A-
optimality criterion used in [1]. It was stated that the normalized version of the
GDOP can be used for bearing-only measurements. For bearing-only measurements,
target position for the lowest GDOP is the center as in the case of range
measurements when the number of sensors equals to three and when the sensors are
located at the corners of the polygon. In the case that the number of the sensors is

greater than three, minimum GDOP is not reached at the center but somewhere



inside the polygon. It was also stated that the lowest GDOP for bearing-only

measurements is lower than that would be obtained for the range measurements.

Martinez et al. studied optimal sensor placement and motion coordination for target
tracking in [28]. In this study it was aimed to find optimal sensor placement for range
sensors for dynamic target conditions. They restricted the placement such that all
sensors are located on the concave bound of a region inside of which the target can
move. As the cost criteria, maximum determinant of FIM, i.e., D-optimality was
used. For a circle region, the proposed optimum sensor placement is equally spaced
placement on the circle boundary. It was also stated that using the D-optimality can
result in some sensors being placed at the same point for diagonal sensor error

covariance matrices, (i.e., when the sensor measurement noises are independent).

Another study for bearing-only measurements and time-of arrival based optimum
sensor placement was presented in [29] and [30] respectively. In these papers, sensor
measurement variances are assumed to be equal and noises are independent. Also the
target is static, i.e., they have a localization problem. D-optimality was used as the

performance criterion.

Soysal et al. presented the information analysis in passive radar networks for target
tracking in [31]. A-optimality was used as performance criteria. Measurements
include not only range but also range dot, namely Doppler measurement. Total range
and Doppler uncertainty were given for passive sensors which have one transmitter
located at the center of the circle and multiple receivers on that circle. This scheme
was repeated for the case where the transmitter is located outside of the circle. In
addition to uncertainty levels, normalized coverage area was also calculated.
Normalized coverage area determines the coverage performance for circle
placement. Simulation results were presented dependent on the number of the

sensors and the circle radii.

Nguyen and Dogangay gave the optimum placement for moving sensors used for the
localization of a static target [32]. Moving sensors was located on a circle at the
center of which the target is located. Doppler frequency shift of the target echoes are

measured by the sensors. D-optimality was used as the cost criterion. Determinant of
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the FIM was written as a function of the angular speed, measurement noise variance
values and the angle between velocity vector of the sensors and the distance vector
between the sensors and the target. When the maximum angular speed of the sensors
is used in the determinant equation, sensor angles are left as parameters to be
searched for maximum determinant. Grid search algorithm was proposed for this
search. Localization with consecutive measurements was simulated with active
radars on UAVs (Unmanned Air Vehicles). From the results of the simulations, it
was stated that, with the proposed optimality criterion, the movements of the UAVs

are obtained in such a way that tangential velocities of the sensors are maximized.

1.2. Thesis Outline

As seen in the literature survey above, track initiation algorithm for a tracking filter,
the tracking filter design and sensor placement issues are very important and open
research areas for Doppler-only sensors.

The initiation of a tracking filter for Doppler-only tracking plays a great role for
successful tracking. Although some initiation algorithms are given in the literature,
they mostly suffer from the latency in the initialization. A single-point initialization
procedure which produces an initial estimate with a single measurement from several
sensors is a strong candidate to lower the latency as much as possible. Such a single-
point method for Doppler-only measurements was given for a single transmitter and
multiple receivers in [6] by using separable least squares estimation with a grid-
search algorithm. In the first part of this thesis, this track initiation method is going to
be adopted for multiple transmitter-receiver pairs and a performance analysis with

respect to grid spacing is given.

Secondly, tracking filter design is still an open research area for the multi-sensor
Doppler-only tracking. Since the Doppler-only measurements have a nonlinear
relationship with the position in the Cartesian coordinates, the well-defined optimum
tracking filters used for linear systems, i.e., Kalman Filter, cannot be used in
tracking. For this nonlinear case, the nonlinear variants of the Kalman Filter such as

EKF and UKF or sequential Monte Carlo methods such as Particle Filter can be good
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candidates for tracking. In the second part of this thesis, first, EKF and the standard
bootstrap particle filter will be compared for Doppler-only tracking. Surprisingly, it
will be shown that the particle filter obtains much worse results than EKF. The
reasons for this are going to be discussed. In order to see if the particle filter
performance can be improved using standard sequential Monte Carlo tools, two other
particle filters are going to be derived and implemented for Doppler-only tracking.
These particle filters will be Sequential Importance Resampling (SIR) particle filter
with optimal proposal distribution and a Rao-Blackwellized particle filter. In the SIR
particle filter, the optimal proposal distribution will be obtained by using an EKF
update. In the Rao-Blackwellized Particle Filter the nonlinear position states are
going to be estimated using a particle filter whereas linear velocity states will be
estimated with Kalman filters. The performances of the filters are going to be
compared with the bootstrap particle filter and EKF on an example using different

measurement noise variances.

Finally, although the optimum sensor placement problem is studied in detail for
range and bearing measurements, optimum sensor placement for the Doppler-only
case, especially for the tracking applications, is still an open area of research. It is
known that sensor placement is a critical design parameter for any multi-sensor
tracking application. To gain insight for 2-D and 3-D sensor placement cases, in the
third part of this thesis, an optimum solution for sensor placement for tracking a
target with a 1-D constant velocity motion is studied in detail. The solution for the
optimum sensor placement for this 1-D case is obtained and its relations with the

target and measurement parameters are studied.

The organization of the thesis is given as follows. A track initiation algorithm and its
implementation details are given in Chapter 2. To evaluate the performance of the
initiation algorithm, its implementation with an EKF is discussed. The successful
results with EKF and comments on the required grid spacing for the grid-search are
also given at the end of Chapter 2. In Chapter 3, alternative particle filters to
bootstrap particle filter are derived and implemented. The results are compared with
the bootstrap particle filter and EKF. A sensor placement problem for Doppler-only

tracking is investigated and an optimum solution is obtained for 1-D case in Chapter
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4. The parameters of the optimum solution are related to the problem parameters and
closed form formulae are found for the sensor positions. Finally, in Chapter 5,

overall comments, remarks and conclusions are given.
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CHAPTER 2

A SINGLE-POINT TRACK INITIATION ALGORITHM FOR
DOPPLER-ONLY TRACKING

In this chapter, a single-point track initiation algorithm to be used with a Doppler-
only tracking filter will be discussed. As seen in the literature survey in Chapter 1,
different localization algorithms were proposed for Doppler-only measurements, [5,
6, 8, 9]. Besides these localization algorithms which can be used as track initiators
for a tracking filter, some initiation algorithms also exist in the literature, [11, 13].
The main disadvantage of these algorithms is that they are rather slow to calculate
the initial estimate. A single-point initialization algorithm, which produces initial
estimates using only a single measurement from several sensors, is a strong candidate
for fast track initialization. In this thesis study, such a track initiation algorithm was
designed at the beginning of the thesis study. However after more literature survey, it
was seen that such an initiation algorithm had already been proposed in the literature.
This single point initiation method for Doppler-only measurements was given for a
single transmitter and multiple receivers in [6] and it uses separable least squares
estimation with a grid-search algorithm. In this chapter, this method is adopted for
multiple transmitter-receiver pairs and a performance analysis is made with respect
to the grid spacing parameter used in the grid-search. For the grid-search, grid
spacing is the main parameter which defines the performance and the computational

cost. In this chapter, the effects of the grid spacing over the performance and the
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possible ways to choose it are also discussed in addition to the derivation and the
implementation of the method.

The organization of the chapter is given as follows. First, the measurement and the
target models are given in Section 2.1. In Section 2.2 the details of the initiation
algorithm, which estimates the initial target state using separable least square
estimation with a grid-search, are given. The performance of the single-point track
initiation algorithm is shown using an EKF. In order to construct a baseline for the
performance of the EKF, CRLB values are also shown. The equations for the EKF
and the CRLB are given in Section 2.3. Finally, simulation results for the track
initiation algorithm and EKF for a multi-sensor Doppler-only tracking scenario are
illustrated along with CRLB values in Section 2.4. In Section 2.4, RMS error values
for the track initiation algorithm with respect to the grid spacing parameter are also

given along with some comments on the selection of the grid spacing parameter.

2.1. Target Motion and Measurement Model

Transmitted or reflected wave from moving objects encounter a frequency shift at the
observer side and this is called as Doppler shift. At the observer side wave frequency
is higher if the object moves towards the observer, lower if the object moves away
from the observer. Doppler sensors basically measure the received signal frequency
at the observer side. Received signal can be reflected or transmitted from the target.
In the case of reflection there are two cases which are named as passive and active
measurements. In the passive case, source of the reflected signal is actually used for
another purpose and it is also located at a different place than receivers. On the other
hand, in the active case, the transmission source is intentionally used with these
receivers. The transmitter waveform is unknown in most scenarios for the passive
case. In the active case, the transmitted signal frequency is known by the receiver
side and the difference between the transmitted and the received signal frequency can
be measured at the receiver side. For the passive case, transmitter frequency is
unknown and only the differences of the measured frequencies between different

Doppler sensors are used, and this is called as a differential Doppler measurement.
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Doppler sensors can also be categorized into two like other sensor types with respect
to receiver and transmitter locations such as bi-static and monostatic. In the case that
the transmitter and receiver are located at different places, the Doppler measurements
are said to be bi-static measurements. Otherwise they are called monostatic
measurements. Monostatic and bi-static measurements are illustrated in Figure 1 and
Figure 2 respectively. For the passive bi-static case, the signal source can be TV or
FM radio transmission in an urban area. In the active bi-static case, the source is
usually a dedicated transmitter. Multiple receivers and/or transmitters can be used for
measurements. In this case, the measurements are called to be multi-static
measurements. In the multi-static case, if one transmitter is used as shown in Figure
3, all interactions of the receivers with this transmitter can be utilized. Moreover, if
multiple transmitters are used, dedicated transmitter-receiver (mostly located at the
same place) interactions can result in measurements as seen in Figure 4. On the other
hand, in some applications measurements can be derived from the interaction of each

receiver with all transmitters as seen in Figure 5.

TARGET

Figure 1 Monostatic measurement.
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TARGET

Figure 2 Bi-static measurements.
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Figure 3 Multi-Static measurements with one transmitter.
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Figure 4 Multi-Static measurements with independent multiple transmitters.
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Figure 5 Multi-Static measurements with multiple Tx-Rx pairs.

For Doppler sensors, the waveform choices can be different for different
applications. Some possibilities are a single tone pulse, phase or frequency
modulated pulse, frequency modulated continuous wave, phase modulated
continuous wave or random bandlimited noise signals. Receiver processors and the
accuracy of the Doppler measurements will be different for different signal
(waveform) types and these signal-level issues are out of the scope for this thesis
study. In the current work, when we consider a Doppler sensor, it is assumed to

measure Doppler shift with a known measurement noise variance.

The received signal frequency models for monostatic and bi-static cases are given in
(2.1-2) and (2.1-6) respectively and the measurement geometries are shown in Figure
6 and Figure 7. Here,

e f:, represents transmitter frequency,

e f.. represents received frequency,

e f, represents Doppler shift frequency,

e ] represents wavelength,

® Up—tr Vietxr VUpp—e and v._,., represent the radial velocity of the
target/transmitter/receiver with respect to transmitter/receiver/target position,

e |Uul, |V and |¥,| represent transmitter, receiver and target speeds

(magnitude of velocity vector),
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aq, ay,azand a, represent the angle between the velocity vector and the

range vector for receiver-target pair and transmitter-target pairs respectively.

c represents the wave speed and it is equal to the speed of light in

electromagnetic wave applications, and the speed of sound in acoustic

applications.

where

frx = ftx + fd
_ 2(Vex—t + Vptx)
fa=—"5

Vpx—t = |Upy| cOs a1

Vi_ex = |U¢] cos a,
c

A=—
fex

VT 7 Target

v == ’ q,

N J TXRX

Tx/Rx

Figure 6 Monostatic measurement parameters
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Figure 7 Bi-static measurement parameters

derived easily from the monostatic case.
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2.1-6

2.1-7
2.1-8
2.1-9
2.1-10

Without loss of generality, from this point on, active monostatic case will be

considered. As seen in (2.1-2) and (2.1-6), the bi-static case formulation can be

In (2.1-2), the radial velocity is used to calculate the Doppler shift. The radial
velocity can be expressed in terms of the inner product of the velocities of the
transmitter and the target and the range vector between the target and the sensors in
the monostatic case. When we define the radial velocity as such an inner product,
this means that the Doppler shift is the projection of the target velocity vector onto
range vector between the target and the sensor. Hence, (2.1-2) can be rewritten as in



(2.1-11). Here, #y_¢ and 7_represent the range vectors from the transmitter to the
target and from the target to the transmitter respectively. The terms v; and vy,
represent velocity vector of the transmitter and the target respectively. p, and
Dex Fepresent the target and transmitter position vectors respectively. ||d|| denotes the

magnitude of the vector of a.

_ E Trx—t-Vex TT—tx-Vt

Ja= 7™ Tl 21-1

where
Try—t= Py =Dy 2.1-12
Ft—tX = ptx - pt' 21'13

For simplicity, the transmitter is assumed to be stationary, so v, is zero and (2.1-11)
turns into (2.1-14).

f _Z?t—tx-l_}t
47 ANl 21-14

For obtaining a more concise representation, the column vectors 7#_, and v, are
expanded in (2.1-15). Here, p, and p, are column vectors representing the position of

the target and the sensor. v is the column vector representing the target velocity.

_2[p,—p] v]

Fa= o, —pill 2115
where
=%y, 2.1-16
pe =[x yel” 2.1-17
v =[vy )" 2.1-18

For the N sensor case, the Doppler measurement vector can be written as in (2.1-19).
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[psl t]
Py =2l
2 .
F=-= [v]
A 2.1-19
[psN t]
ey — 2.l

As seen in (2.1-19), the first matrix in the multiplication is a function of only the
target position and not the target velocity. From this point of view, the noisy Doppler

measurement model for N active sensors can be formulated as in (2.1-20).

2
y=;H@Mﬂ+e 2.1-20
where
[psl t]
Mmy p
H(p,) = : 21-21
[psl t]
AT

Here, e represents the measurement noise which is a white Gaussian random vector.
Since the position of the sensors are known, H(p;, ps1,--Psy) 1S rewritten as H(p;).
Although we derived the measurement model only for the case of N-active sensors,
multi-static case for multiple transmitters and multiple receivers can be
straightforwardly derived as a linear transformation of the target velocity vector with
the matrix nonlinear function of the target, receiver, and the transmitter positions as
in (2.1-20).

Until now, only the measurement model was given. Now the target model used in the
tracking filter is given in (2.1-23). For the target motion, linear Gaussian nearly
constant velocity model is used. Here X, is the target state where x;,y, and

Vx ks Uy @re X-y positions and x-y velocities of the target respectively, A, is state

transition matrix, By, is the noise gain matrix, and wj~N(w; 0; aﬁmcl) is the zero
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mean white Gaussian process noise. aﬁm is the process noise variance and Qy is the
process noise covariance matrix. AT is the sampling interval for the measurement

process and the target motion.

T
X = [X0 Yo Uik Vy k] 2.1-22
= Ag—1Xk—1 + Br—1Wi_1 2.1-23
where
1 0 AT O
0O 1 0 AT
Ak= 0 0 1 0 ) 21-24
0O 0 O 1
0.5AT? 0
2
Be=| o 00T, 2.1-25
0 AT
wi~N(wy; 05 62,0c1). 2.1-26

2.2. Single-Point Track Initiation Algorithm

In tracking applications, an initial state should be given to a tracking filter a priori.
For instance, in most radar applications, a target acquisition radar or the tracking
radar itself collects coarse target state information and this knowledge is given to the
tracking radar to initialize target tracks. Although this initial state of the target does
not have high accuracy, the designed filter loop eliminates the initial errors in a
recursive manner during tracking and reaches a steady-state. If the initial state error
is too large, especially for nonlinear measurements, the tracking filters either reach
steady-state very slowly or they diverge. Therefore the initial target state
determination plays a great role to start tracks properly and also to lower the tracking

errors and settling time.

Initial state determination problem can be defined as an estimation problem for the
position and the velocity of the target in Cartesian coordinates with the measurement
model given in (2.1-20). As seen in (2.1-20), measurement function is nonlinear with
respect to the target kinematic variables and this prevents the usage of well-

established linear estimators. As seen in (2.1-21), Doppler measurement is linearly
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dependent on the target velocity given the position variables. Unfortunately there is
a nonlinear relationship with respect to the range vector between the target and the
sensors which is caused by the division with the magnitude of the range vector.
When commonly used least square approach is preferred, this problem can be
classified as the separable least square estimation problem, [33]. Separable least
square estimation attempts to minimize the error between the measurements and the
estimated measurements with respect to linearly dependent parameters analytically
while the nonlinearly dependent parameters are optimized numerically. In our case,
the linearly dependent parameter is the velocity of the target and nonlinearly
dependent parameter is the position of target.

Various researches based on separable least square estimation exist in the literature
[1,5,6,8,9,11]. In [6], the problem is passive localization of a moving transmitter with
several receivers. The transmitter frequency is assumed to be unknown at the
receiver side. Since the measurements are linearly dependent on the transmitter
frequency, the transmitter frequency is also included in the linearly dependent state
like the velocity values. In this subsection, the separable least square estimation with
grid-search method which is used in [6] is adapted to multi-static multiple
transmitter-receiver pairs. In our scheme, the transmitter frequencies are assumed
known for each transmitter-receiver pair, therefore the linear state consists of only
the target velocity.

The separable least square estimation procedure we use can be described using the

following steps:

i. Choose a candidate position p, from an area of interest, and calculate H(p;)
matrix in (2.1-20).
ii.  Linearly estimate the velocity using the least squares method.
iii.  Calculate the least squares cost function for this estimate and go back to step

i for a new position candidate.

This procedure is repeated for all points on a grid over the area of interest. After
completion, the grid point that gives the minimum cost is taken to be the estimated
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position. The estimated velocity at this position is taken to be the least square
solution in step-ii which is used as the initial velocity estimate.

The solution for the linear least square estimation problem solved in step-ii is given

in (2.2-1), [33]. For simplicity, the argument p, of H(p,) is omitted below.

A -1
5 =§(HTH) HTy 2.2-1

The square-error calculated in step-iii is given in (2.2-2).

2 1 2
y—H(HTH) H'Y|

2.2-2

2

c(p,) = Hy—ZHv

=y —HHTH)HTy|"[y - HHTH)"'H"y] 2.2-3

By using the idempotent property (12 = I) of the matrix H(HTH) 'HT , the cost

function can be simplified as in (2.2-4).

-1 T -1
c(p,) =|y—HG"mHY| [y-HEm Hy 2.2:4
=yTy —2y"HHTH)*H"y + y" HH"H)"*H" H(H"H)"*HTy 2.2-5
=yTy —2y" HH"H)'HTy + yT HHH"H) " *H"y 2.2-6
= y'y—y" HH"H)"'H"y 29.7

Since we consider the minimization of the cost function C(p,) over the positions, we
can discard the first term in (2.2-7) since it is a constant. The modified cost functions
to be used in the grid-based optimization are given in (2.2-8) and (2.2-9).

T

' -1 2
C(p) =—-y"HH'H) H'y= —>y HD 2.2-8

C"(pe) =—y" HD 2.2-9

2.3. EKF and CRLB Formulation

To evaluate the performance of the track initiation algorithm given in the previous
section, it will be used with an Extended Kalman Filter. Kalman filter is the most
common tracking filter used in the literature. For the linear Gaussian system case,
Kalman filter is optimal. However, because of the nonlinearity in the measurement
function given in (2.1-20), the Extended Kalman filter has to be used. For EKF
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implementation, the target motion model given in (2.1-22) is used. A single step of

EKF is composed of two steps, prediction and estimation updates like the Kalman

filter as given below.

Prediction Update
Xik-1 = Ak—1Xk—1)k-1
Pijie—1 = A—1Pi—1jk-14k-1 + Qi1
Measurement Update
X = Xie—1 + K (yk - ?k|k_1)
Py = Prje—1 — Kk5k|k—1Kl7;

where

—~ 2 O
Vilk—-1 = IF(Xk|k—1'psl---psN)'
Skik=1 = JkPi-Jk + R

Ki = Pijk—1J Skji-1

— 2
R = omeqsl!

2.3-1
2.3-2

2.3-3
2.3-4

2.3-5

2.3-6
2.3-7
2.3-8

2.3-1) to (2.3-8). X’k|k and )?k|k_1 represent the estimated and predicted states

respectively. P,_;x—1 and Py_, represent the covariance matrix for the estimated

and predicted states respectively. The definitions for A,_;, Bx_; and Q,_ are given

in (2.1-24) to (2.1-26). In the measurement update F(.) represents the measurement

function given in (2.1-20). K; is the Kalman gain and  Sy—4 is the innovation

covariance. J; is the Jacobian of the measurement function and its details are given in

(2.3-9) to (2.3-16), [12, 20].
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N
k

dF.. OF. OF. OF,

N

Jk= 9x By 9, v, 2.3-10
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OFk _ _2(n—x) 2.3-11
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i Al
OFk _ _20,,—y) 2.3-12
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g ()
. _ —
di = J(xk — )2 + (v, —yO), 2.3-15
dy = ol =) * vy =) 2.3-16

di

CRLB is a common figure of merit to compare the estimators with, [33]. CRLB is
the inverse of the Fisher information matrix which can be calculated by taking the
derivatives of the measurement likelihood functions. CRLB for recursive estimation
is given below [12].

CRLB) = FIM;! 2.3-17
where

FIMy = (Ap_1FIM;H AT D)™t + 1, "R7Y,. 2.3-18
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Here, FIM and CRLB represent the Fisher information and the Cramer-Rao Lower
Bound matrices respectively. A, represents the target state transition matrix. R
represents the measurement noise covariance matrix and J, represents the Jacobian

matrix given in (2.3-9).

Lower bounds for the RMS position errors, LBp,s,, and the RMS velocity errors,

LBy x, can be calculated from the CRLB matrices as follows.

LBposi = /diag(CRLBy, 1) + diag(CRLBy,2) 2.3-19

LBy = /diag(CRLBy,3) + diag(CRLBy,4) 2.3-20

Here, diag(4, i) denotes the i diagonal element of the matrix A.

2.4. Simulation results for initiator algorithm

In this section EKF filter with the given initiator is simulated with five active
Doppler sensors in a target tracking scenario. In [17], the sensors are placed on a
circle and it was stated that as the number of the sensors increases, the error
variances decrease significantly. However, the change in the error variance becomes
minor if more than four sensors are used. Also in [6], it was stated that the initiator
algorithm with five or six sensors does not produce ghost solutions. From these
perspectives, it is preferred to use five sensors with four of them located on the
vertices of square and one of them placed at origin. CRLB results show that the
placement of one sensor at the origin or any point inside the area restricted by the

sensors lowers the average error variance bound over the region of interest.

The simulations are repeated for different initial positions and different moving
directions of the target. Some starting points are chosen in the square surrounded by
the sensor locations and the remaining initial positions are located outside this
region. The simulated starting positions and target moving directions are shown in
Figure 8. The sensors are named as S1, S2,..., S5 and the targets are named as T1,
T2,..., T7. Target moving directions are illustrated with line segments which start
from the starting points. The lengths of the line segments represent the target speeds.
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As the speed of each simulated target is different, the lengths of the line segments are

not equal to each other. Exact values for the target states are given in Table 1.
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Table 1 Target Initial States

-3000

Initial Point | Velocity(X,Y) m/s | Position(X,Y) m
T1 5,20 m/s -500, -1000 m
T2 0, -10 m/s -1250,0 m
T3 -20, 5 m/s 750, 1000 m
T4 20,0 m/s 1500,0m
T5 -20, -5 m/s 1500, 2500 m
T6 5,20 m/s -2500, -1000 m
T7 0, -10 m/s -2500, 1000 m
Start points and sensor placement
@
T5
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St $2
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Figure 8 Sensor positions, initial target positions and moving directions.

Simulations are conducted over a time period of 100 seconds. The measurements are

taken every 1 second. Target motion is modeled using a nearly constant velocity

30



model as given in (2.1-23) with the process noise variance value of o3, =
0.01 (m/s?)2. Measurement noise variance is chosen as 62,45 = 6.25 Hz?, [16].
The transmission frequency is 9 GHz which is standard for the classical X-band radar
applications. So the wavelength value 4 = 0.033 meters is used. The results of the
initialization algorithm are used to initialize the state of the filters. The calculated
CRLB for the initial positions is used as the initial state covariance matrix. In the
initialization algorithm, the grid-search area is restricted between -3000 meters and
3000 meters in both axes. A uniform grid spacing of 20 meters is used. The estimated

and true target trajectories are given in Figure 9 to Figure 15.
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Figure 9 True target positions and EKF position estimates for T1, a) whole trajectory, b) trajectory

zoomed around the initial position.
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Figure 10 True target positions and EKF position estimates for T2.
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Figure 11 True target positions and EKF position estimates for T3.
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Figure 12 True target positions and EKF position estimates for T4.
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Figure 13 True target positions and EKF position estimates for T5.
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Figure 14 True target positions and EKF position estimates for T6.
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Figure 15 True target positions and EKF position estimates for T7.
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As seen in the figures, EKF with the initialization algorithm provides promising
results. To compare the error performance to the lower bounds, the RMS and CRLB
values for the position and the velocity errors are shown in Figure 16 to Figure 29.
For RMS error calculations, Monte-Carlo simulations consisting of 100 runs are
conducted. CRLB expressions given in (2.3-17) and (2.3-18) are valid when the
variance of the target process noise is zero. So, in these simulations, target process

noise is assumed to be zero.

RMS and lower bound of position errors for T1
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Figure 16 RMS and CRLB values for the position errors for T1.
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Figure 17 RMS and CRLB values for the velocity errors for T1.
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Figure 18 RMS and CRLB values for the position errors for T2.
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Figure 19 RMS and CRLB values for the velocity errors for T2.
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Figure 20 RMS and CRLB values for the position errors for T3.
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Figure 21 RMS and CRLB values for the velocity errors for T3.
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Figure 22 RMS and CRLB values for the position errors for T4.
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Figure 23 RMS and CRLB values for the velocity errors for T4.
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Figure 24 RMS and CRLB values for the position errors for T5.
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Figure 25 RMS and CRLB values for the velocity errors for T5.
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Figure 26 RMS and CRLB values for the position errors for T6.
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Figure 28 RMS and CRLB values for the
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Figure 29 RMS and CRLB values for the velocity errors for T7.

As can be seen from the figures above, EKF has satisfactory performance near to
CRLB when it is initialized with the initialization algorithm. Also with good
initialization, the errors of the EKF can settle down in a short time. On the other
hand, without using a good initial point, EKF may diverge from the true target
trajectory or the track may continue with a large bias. In order to demonstrate the
importance of initialization, the case of T4 above is repeated with faulty initial

positions and velocities as shown in the Figure 30 and Figure 31. In Figure 30, the

initial position and velocity are chosen asx = —1000 meters, y = 500 meters,
v, = —20m/s, v, = Om/s. In Figure 31 the initial position and velocity are
chosen as x = 1000 meters, y = 1000 meters, v, = —20m/s, v, = 0m/s.

EKF initial covariance matrix is selected to be diagonal with variances chosen as

0 = o} = le4m® and o}, = of = 225 (m/s)*.
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Figure 30 True and estimated trajectories for T4 with wrong initial position and velocity.
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Figure 31 True and estimated trajectories for T4 with wrong initial position and velocity.
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To observe the initialization algorithm error performance numerically, average
(along time) RMS position and velocity errors are calculated using a Monte Carlo
simulation with 50 runs for each initial position. CRLB values for the position and
velocity errors are listed with Monte Carlo results in Table 2. Here, the grid spacing

of 20 meters and the measurement noise variance of 6.25 Hz? are used.

Table 2 Average position and velocity CRLBs and corresponding average RMS errors with the initiator,
grid spacing=20m, f=9 GHz

Average RMS Average RMS
) Average Square-root o Average Square-root )
Points - position error ] velocity error
position CRLB (m) velocity CRLB (m/s)
(m) (m/s)
Tl 7.1669 13.482 0.0391 0.0448
T2 18.1868 19.108 0.0498 0.0608
T3 12.9442 17.008 0.0535 0.0650
T4 10.4130 12.888 0.0383 0.0388
T5 19.7553 29.442 0.0962 0.1446
T6 17.8058 22.656 0.0979 0.1163
T7 36.384 39.313 0.099 0.107

As seen in Table 2, average velocity errors are very close to the lower bound and the
position errors are rather satisfactory. Only T7 which is outside of the sensor region
has large CRLB and RMS error values. To lower the initialization algorithm
complexity, the grid spacing parameter can be chosen large, but with large grid
spacing ghost targets can appear in the grid search. Average CRLB and RMS error
results for the grid spacing of 100 meters are given in Table 3. Here, except T5
which has an initial velocity pointing towards the outside of the region of interest,
nearly linear increase (around 5 times larger) is observed in the average RMS
position errors with 100m grid spacing (which is 5 times the original grid spacing of
20m.).
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Table 3 Average position and velocity CRLBs and corresponding average RMS errors with the initiator,
grid spacing =100 m, f =9 GHz.

Average RMS Average RMS
) Average Square-root . Average Square-root )
Points - position error ) velocity  error
position CRLB (m) velocity CRLB (m/s)
(m) (m/s)
T1 7.166 55.208 0.039 0.091
T2 18.186 57.233 0.049 0.206
T3 12.944 39.830 0.053 0.096
T4 10.413 56.849 0.038 0.069
T5 19.755 127.129 0.096 0.556
T6 17.805 52.323 0.097 0.294
T7 36.384 50.30 0.099 0.138

It should be noted that CRLB values and the average RMS errors are not the same
for each initial position and velocity value (direction and speed). This is caused by
the highly nonlinear measurement function characteristics. As noted in [17], CRLB is
dependent on the wavelength, measurement noise variance, sensor placement, target
position and target velocity. Sensor placement is another major issue for research in
Doppler-only tracking and localization, and it is going to be discussed in one of the
forthcoming chapters. Here, the effects of the wavelength are aimed to be shown.
Therefore, the average CRLB and average RMS position and velocity errors are
obtained for the lower frequency (higher wavelength) 0.9 GHz. The results are
presented in Table 4 for grid spacing of 20 meters and in Table 5 for grid spacing of

100 meters.

Table 4 Average position and velocity CRLBs and corresponding average RMS errors with the initiator,
grid spacing =20 m, f = 0.9 GHz.

Average RMS Average RMS
) Average Square-root o Average Square-root )
Points . position error ) velocity error
position CRLB (m) velocity CRLB (m/s)
(m) (ms)
T1 71.669 74.836 0.391 0.411
T2 181.868 183.624 0.498 0.509
T3 129.442 136.371 0.535 0.600
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Tablo 4 Continued
Average RMS Average RMS
) Average Square-root . Average Square-root )
Points - position  error . velocity error
position CRLB (m) velocity CRLB (m/s)
(m) (m/s)
T4 104.130 104.178 0.383 0.343
T5 197.553 213.568 0.962 1.039
T6 178.057 204.000 0.979 1.137
T7 363.845 445.974 0.990 1.060

Table 5 Average position and velocity CRLBs and corresponding average RMS errors with the initiator,
grid spacing =100 m, f=0.9 GHz

Average RMS Average RMS
] Average Square-root o Average Square-root )
Points o position  error ) velocity error
position CRLB (m) velocity CRLB (m/s)
(m) (m/s)
T1 71.669 83.533 0.391 0.3974
T2 181.868 234.378 0.498 0.500
T3 129.442 141.464 0.535 0.581
T4 104.130 110.585 0.383 0.404
T5 197.553 219.201 0.962 1.133
T6 178.057 189.838 0.979 1.075
T7 363.845 468.217 0.990 0.906

As seen in Table 4 and Table 5, increase in the wavelength (decrease in frequency)

causes an almost linear increase in the CRLB. This is due to the fact that the SNR is

decreased when the wavelength is increased as can be seen in the measurement

expression (2.1-20). Average position and velocity errors are close to the CRLBs for

both 20 m and 100 m grid spacing. The results with the grid spacing of 250 meters

are given in Table 6which shows significant increase in the RMS position errors

compared to the results with the grid spacing 100 meters.
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Table 6 Average position and velocity CRLBs and corresponding average RMS errors with the initiator,
grid spacing = 250 m, f = 0.9 GHz.

Average RMS Average RMS
) Average Square-root o Average Square-root )
Points - position  error ] velocity error
position CRLB (m) velocity CRLB (m/s)
(m) (m/s)
T1 71.669 160.39 0.391 0.511
T2 181.868 253.60 0.498 0.663
T3 129.442 183.85 0.535 0.727
T4 104.130 145.12 0.383 0.374
T5 197.553 270.19 0.962 1.346
T6 178.057 224.11 0.979 1.183
T7 363.845 509.95 0.990 0.997

An important result from the comparisons above is that, with the higher wavelength,
the grid spacing of 20 meters has nearly the same error performance with grid
spacing of 100 meters. Hence in this case, 100 meters is preferable due to its lower
computational complexity. On the other hand when the grid spacing is increased to
250 meters, a considerable increase is observed in the RMS errors. The reason which

is thought to be behind these observations is that

e the grid spacing of 100 meters is already smaller or around the (square root)
CRLB values obtained for the higher wavelength . Hence an increase of the
grid spacing from 20 meters to 100 meters does not make much of a
difference for the EKF.

e the grid spacing of 250 meters is much higher than the (square root) CRLB
values obtained for the higher wavelength . Hence an increase of the grid
spacing from 100 meters to 250 meters makes the performance of the EKF

significantly worse.

As a result, a rule of thumb for selecting the grid spacing parameter might be to
choose it to be similar to the CRLB for the problem to optimize the performance and

the amount of computations.
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Another important issue that should be pointed out is that initial positions outside the
region circumscribed by the sensors can produce more RMS errors as seen in Table 3
when grid spacing is larger than the lower bound. This is caused by the ghost target
positions produced by the grid search algorithm. This situation can be observed in
Figure 32 which presents the cost function for the grid search for T5. In this case, the
cost value of the real target position is actually lower than the ghost position, but the
grid is too coarse to find the real target position and therefore the ghost position is

chosen as the initial target position.

Cost Function For Grid Search

- 180

Y(m)

-2000 -1000 0 1000 2000 3000

Figure 32 Cost function values over x-y plane.

From these results it can be said that CRLB can be thought of as a baseline for the
grid spacing. The grid spacing can be increased within the tradeoff between the
computational complexity and the initialization performance while keeping in mind
that with large grid spacing, the performance will be decreased dramatically
especially for a target located outside the region circumscribed by the sensors. CRLB
depends on many parameters such as target position, velocity, sensor positions,
wavelength and measurement noise variance. When the measurement noise variance,

sensor placement and the wavelength are known a priori, for all possible initial target
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position and velocity of interest, lower bounds can be calculated and the maximum
or average Vvalues of these lower bounds can be considered. It should be stated that
points outside of the region bounded by the sensors has larger lower bounds and they
can produce large position errors compared to the inner points when the grid spacing
iIs larger than the lower bound. In the lower bound, the linear effects of measurement
noise variance and wavelength are clear. But the effects of the sensor placement are
more ambiguous. To show this, circular sensor geometry is simulated in Figure 33.
CRLB values for the same targets with this new sensor geometry are given in Table
7. As seen in Table 7, the changes in the CRLB values are different for different

initial positions and velocities.

Start points and sensor placement

3000 Py
A
5
2000
T7
1000 o —
o7 3 o
T2
E o O
= 0 =)
> T T4
-1000 ] ._.'/
6 T
-2000
(] (]
-3000
-3000 -2000 -1000 0 1000 2000 3000

x (m)

Figure 33 Circular sensor geometry and targets with 5 sensors.
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Table 7 CRLB values for different sensor geometries.

Square Root Position CRLB (m)

Target Square Sensor | Circular Sensor
Geometry Geometry

T1 71.669 78.33

T2 181.868 246.54

T3 129.442 125.22

T4 104.130 74.09

T5 197.553 1743.4

T6 178.057 1110.5

T7 363.845 735.5

Finally, it can be said that separable least square estimation with a grid search can be
used to initialize a nonlinear Doppler-only tracking filter such as EKF. For the
choice of grid spacing, the position CRLB constitutes a baseline. There is a trade-off
between the computational complexity and the performance. With large grid spacing,
performance will be decreased dramatically, especially when the target is located
outside the region circumscribed by the sensors. It is important to note that the CRLB
values can be different for different target position/velocity values and sensor

geometry.

51






CHAPTER 3

PARTICLE FILTERS FOR DOPPLER ONLY MEASUREMENTS

In this chapter, the use of particle filters for Doppler-only tracking is investigated.
The organization of the chapter is given as follows. In Section 3.1, it is shown that
for a simple Doppler-only tracking problem, the classic bootstrap particle filter (a

sequential importance resampling (SIR) particle filter using state transition

density p(Xk+1|X,Ei)) as its proposal distribution) performs poorly compared to EKF.
The reasons for this surprising behavior are discussed in Section 3.1. In the following
sections, different types of particle filters are derived and implemented for the same
problem with the aim of improving the bootstrap particle filter’s performance. In
Section 3.2, the Sequential Importance Resampling (SIR) particle filter using optimal
proposal density is derived. The optimal proposal density is obtained by making EKF
updates in the filter. In Section 3.3, a Rao-Blackwellized particle filter is given for
Doppler-only tracking. In the Rao-Blackwellized particle filter, the linear velocity
states are estimated using Kalman filters whereas a particle filter estimates the
position states. The simulation results for these particle filters are presented in
Section 3.4 along with a discussion on the results.

3.1. Bootstrap Particle Filter

In this section, the so-called bootstrap particle filter for Doppler-only tracking is
discussed. Bootstrap particle filter is the first particle filter method to be proposed by

Gordon et al., [34]. The bootstrap particle filter holds the target state particles and
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weights shown as XIEL&C , ”1El|)k fori =1, ...,N, where N, is the number of particles.

The main difference of the bootstrap particle filter from the other particle filters is
that, the bootstrap particle filter uses the state transition density as the proposal

density in the prediction update as discussed below.

Firstly, the target and measurement model used in the derivation of the bootstrap
particle filter are given as follows:

Xi = Ap_ 1 Xy + Bro iWi1 3.1-1
Vi = F(Xp) + ey 3.1-2
where
1 0 T O 0.5T?2 0
I I P
0 0 0 1 0 T

Here, X, = [xk,yk,vx,k,vy,k]T represents the target state, y, represents the
measurements and F(.) is the measurement function given in (2.1-19).
wy ~ N(wy; 0, oﬁmclz) represents the target’s unknown acceleration, i.e., the process
noise, and ey ~ N(wy;0,02.4:12) represents the measurement error, i.e., the
measurement noise. o5, and op.,s are the variances of the process noise and

measurement noise respectively. I,, denotes an identiy matrix of size n X n.

The matrix By, is not dependent on time and the unknown acceleration term can be

expressed as a single term as follows:

Xy = Ap1Xpq + li_s 3.1-4

where
ly ~N(14; 0,Q), 3.15
Q = 05rocBB. 3.1-6
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By using the target and the measurement model given above, the steps of the
bootstrap particle filter for Doppler-only tracking are given below. A single iteration

of the Bootstrap particle filter for Doppler-only tracking has the following steps:

e Prediction Update: In this step, the particles X,EQl,izl,...,Np are
propagated to obtain the predicted particles by using (3.1-4) as follows:

O _ 4p® O
Xigape = AXpe + 1 3.1-7
where
D~ Na®;0,0). 3.1-8

The weights remain the same at this step and they are shown as follows:

® __®
Thvipke = Tkk: 3.1-9

Note that since 3.1-9 is used to obtain the new particles, the proposal density
is implicitly set to the state transition density p (X1 |X,£i)), ie.,
X e~ P 1K),

e Measurement Update: In this step, the predicted particles are directly taken

as the estimated particles as follows:

® _
Xk+1|k+1 — “k+1)k 3.1-10

Particle weights are updated as follows:

o POelX Dp X 1X )

Tyet1ik+1 = Trpk ; ~ ) 3.1-11
G (X1 1X 0 Yokr)

(@)
0 Tht1ik+1

Ths1k+1 — oy ) - -
i Tyet1ik+1 3.1-12

Here G(X,E?llxéf,)c,yo:kﬂ) represents the proposal (or sometimes called the

importance) distribution. In the bootstrap particle filter, as mentioned above,
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the state transition density p(Xk+1|X,Ei)) is used as the proposal and hence the

weight update is simplified as follows:

G(Xa|XS Yorr) = PO, 3.1-13

~ (D) _ @ 0
Mpt1lk+1 = 7Tkl+1|kp(yk|Xk+1|k+1)- 3.1-14

As a result, the weight update in the bootstrap particle filter can be expressed

as follows.
~ (1)
i T
0) _ k+1|k+1
T[k+1|k+1_ N =~ 3.1-15
i=17tk+1|k+1
where

NG _ -® )
Mpr1lk+1 = nk+1|kp(yk|Xk+1|k+1)- 3.1-16
At the final stage, the estimated state and its covariance are calculated as

follows:

N
g — § O] ®
Kicr1jirr = i1 7Tk+1|k+1Xk+1|k+1' 3.1-17

P = 20 Tt 1a1 Kt apern-Lieraperr) K2 = Rierapes )™ 3.1-18

Resampling is made at the end of the each iteration to avoid the sample
impoverishment problem. In the resampling algorithm, the particles with high
weights are replicated according to their weight value and the particles which have

low weights are deleted.

To compare the performance of the Bootstrap particle filter with EKF for Doppler-
only tracking, these filters are used for tracking a target with four Doppler sensors.
Here, the sensors are active similar to the measurement model used in Chapter 2. The

sensor positions and the target trajectory are shown in Figure 34.
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Figure 34 Sensor positions and target trajectory for Bootstrap PF-EKF comparison

Here, the constant velocity model is used while the unknown acceleration has unity
variance, i.e., op., = 1. Measurements are taken with a wavelength value of
A =0.033 m and the measurement noise variance of g,,.4s = 10 Hz is used. For
the bootstrap PF, 1000 particles are used. With this configuration the target motion is
continued for 50 seconds. To compare the performance, RMS position and velocity
errors are calculated over 100 Monte-Carlo runs for both filters. Bootstrap PF
particle positions are shown in Figure 35 where it is seen clearly that the particle

filter has a large bias. RMS errors are shown in Figure 36 and Figure 37.
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Figure 35 True target and Bootstrap PF particle positions a) whole trajectory b) zoomed around initial
position.
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Figure 36 RMS position errors of EKF and Bootstrap PF for 6,,eqs = 10 Hz.
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As seen in the figures, even if the number of particles is as high as 1000, the
Bootstrap particle filter has worse performance than EKF especially for position
estimation. The main reason for this is that the measurements contain more
information about the velocity rather than the position and therefore the position
variables are very weakly observable. This can for example be observed from the
sample Jacobian matrix of the measurement function with respect to the state

elements given in the Table 8.

Table 8 Jacobian matrix of the measurement function at time instant of 34 seconds

Partial Derivative 0F,§ (HZ) aF,i (HZ) ap;‘((HZ> E)F};< Hz)

Sensor ax \m/ | dy \m/ | 0vx\m/s) | 0v,\m/s
Sl 0.1066 -0.2957 -57.0178 20.5443
S2 -2.4213 -0.5294 12.9461 59.2072
S3 -0.6499 -1.6717 -56.4870 21.9615
S4 -0.3660 0.1874 -27.6185 -53.9473

In the Jacobian matrix, the derivatives of the measurements with respect to velocity
states are very high in comparison to the derivative of the measurements with respect
to position states. The ratio of the derivatives observed in this scenario is about 50.
By using the analytical Jacobian matrix, EKF can extract the very small amount of
information from the measurements using the correlation information in the
covariance matrix. On the other hand, this type of small correlations and small
amount of information is very difficult for a particle filter to hold and propagate even
with a high number of measurements. Therefore, although the particle filter can
extract information about the velocity, the small amount of information about the
position cannot be extracted from the measurements using random sampling. As a
result, the information about the position is not handled properly using a reasonable
number of the particles in the particle filter and the position estimates of the particle

filter always has bias.
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It would be interesting to see if the particle filter’s estimation capability for the
position states can be increased by using standard sequential Monte Carlo tools like
optimal proposal distributions and Rao-Blackwellization. In the following sections,
these ideas will be investigated to propose and implement two different particle

filters for Doppler-only tracking.

3.2. SIR Particle Filter with Optimal Proposal Density
In this section, the SIR particle filter with optimal proposal density for Doppler-only
tracking is derived. The SIR particle filter, similar to a bootstrap particle filter, holds

the particles and their weights. The particles and the weights are denoted as X,Eﬂ{ :
n,(jl)k fori =1,...,N,, where N, is the number of particles. Contrary to the bootstrap
particle filter, the optimal proposal density p(Xk+1|X,Ei),yk+1) is used in the

prediction step instead of the state transition density p(Xk+1|X,gi)).

In the derivation of the SIR particle filter with optimal proposal density, the target
and the measurement model presented in Section 3.1 are used. A single iteration of
the SIR particle filter with optimal proposal density for Doppler-only tracking has

the following steps:

e Prediction Update: In this step, the particles X,E?l,i =1,..,N, are first

propagated to obtain the intermediate predicted particles by using (3.1-4) as

follows:

7O ax®

k+1|k klk* 3.2-1

The intermediate predicted particles need to be updated for obtaining optimal
the proposal density p(Xk+1|X,Ei),yk+1) to obtain the final predicted

particles. To do this, EKF measurement update steps are used. Firstly, the

predicted measurements are obtained for each particle as follows:

~(0).ekf _ ®
yk:-f = F(Xk+1|k) 3.2-2
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where the measurement function F(.) is given in (2.1-19).
Now, the intermediate predicted particles are updated by using the

measurement as follows:

Xlgg'lelllcc]fl-l = X}Ei-zuk + K}E?fkf(Ykﬂ - fﬁg?’fkf) 3.2-3
where

Kt = QU T8, 3.2-4

Sers = [ QU + R, 325

Here, ]S()f represents the Jacobian of the measurement function F(.)

evaluated at the i intermediate predicted particle. Q and R represent the
covariance of the process noise and measurement noise respectively. The

covariance of the updated particles can be obtained as follows:

D.ekf _ (0).ekf c(D).ekf ;pr(D).ekf\T i
Pein 7 = QK S (K ) 3.2-6

The final predicted particles are drawn from the optimal proposal distribution.

The distribution is approximated by the normal distribution given below.

~ N e X PO, 3.2-7

x® )
+1|k+1’ Vk+1|k+1’

k+1|k

The weights remain the same at this step and they are shown as follows:

@ __ O
Thiipke = Thjk 3.2-8

Measurement Update: : In this step, the final predicted particles are directly
taken as the estimated particles as follows.

® —
Xk+1|k+1 - “Yk+1|k”

3.2-2

Particle weights are updated as follows.
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) o POl Xt )P X 1XD)

’ 3.2-3
kt1lk+r = Tk X 1D Yourr)
~ (1)
VA
@ gk
Mpt1k+1 = ZNT e
Tht1ik+1

Here G(X£21|Xéf,)€,y0:k+1), as before, represents the proposal density. The
optimal proposal distribution p(Xk+1|X,Ei),yk+1) is employed as the proposal

density. By using the Bayes’ rule, optimal proposal distribution can be
expressed as follows.

Py X Jp (3 [x)

. 3.2-5
p(yiers [X7)

(X |, yiers) =

When the optimal proposal distribution is used in the weight update equation,

it can be simplified as follows.

NG _ O P(J’k+1|X;E21)P(X1g21|X(l)) 39.6
k+1lk+1 = ““k|k (X(z) |X(z) ) ’ e
k+1 » Yk+1
= 7oV L), 3.2-7
Finally, the weight update can be expressed as follows:
~ (D)
/[
@) k+1|k+1
Tht1lk+1 = Sy ~0D) 3.2-8
i=1nk+1|k+1
where
~ (D) _ - ®
Mpr1k+1 = ”kﬁkP(J’k+1|Xk|k)- 3.2-9

Here, p(yx+11X |3<) is equal to the normal distribution with mean value

u =9 and covariance matrix ¢ = S22,
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At the final stage, the estimated state and its covariance are calculated as

follows.

0 Yo 0
Xi+ajirr = zi—l Ther1l+1 Xer1jk+1/ 3.2-10

Pklk = Z{V=1 nl(clil|k+1 (X1521|k+1')?k+1|k+1) (XIE:)—1|k+1 - Xk+1|k+1)T' 3.2-11

Resampling is made at the end of the each step to avoid the sample impoverishment

problem as in the bootstrap particle filter.

3.3. Rao-Blackwellized Particle Filter for Doppler-only Tracking

In this section, the derivation of a Rao-Blackwellized particle filter for Doppler-only
tracking is given. This filter is based on the fact that the nonlinear states and linear
states in the target and the measurement model can be handled separately in a
particle filter to increase the overall performance of the filter. The nonlinear states, in
such a case, can be estimated using a reduced order particle filter. For the linear
states, on the other hand, Kalman filters might be utilized to improve the estimation
performance. The target motion model given in (2.1-23) is repeated here by giving
the dynamics of the velocity and position states separately.

TZ
Pr+1 = Pr + TV + > Wk 331
Vk+1 = Vg + TWk 3.3-2
Vi = C(pk)vk + €k 3.3-3

where the measurement model given in (2.1-2) is used.

Here, px = [xx, yx] represents the target position in 2D, vy = [vyx, vy, i ] represents
the target velocity in 2D, wi~N(wy; 0, Q) represents the unknown accelerations of

the target, i.e., the process noise, and e,~N(wy; 0,R) represents the measurement
errors, i.e., the measurement noise. C(py) = %H (p;) represents the measurement

matrix where H(p;) is given in (2.1-20).
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Note that in the model given above, given the position states p,, the model is linear
with respect to the velocity states v,. The dependence of the model on the position
states is, on the other hand, highly nonlinear. The Rao-Blackwellized particle filter
we consider here estimates the nonlinear states, i.e., the position variables, using a
reduced-order particle filter and given the position state particles, estimates the
velocity states using Kalman filters. Hence, the Rao-Blackwellized particle filter
holds the nonlinear position particles and weights shown as p,gi) : "1(<l|)k and linear

velocity estimates ﬁ,ﬁ‘ﬁc and covariances Pk(ll,)C for i =1,..,N,, where N, is the

~y V.
number of particles. The particles {p,(j)} " are propagated using a reduced-order
i=1

particle filter while the estimates 918& and covariances Pk(li,i are propagated using

Kalman filters. A single iteration of the Rao-Blackwellized particle filter has the

following steps.

e Particle Filter Prediction Update: In this step, the particles p,((‘zl,i =

1,..,N, are obtained. These particles p,(f) ,i=1,...,N, are predicted using
(3.3-1). In order to be able to use (3.3-1) for this purpose, ﬁl(cﬁc is substituted
into v, on the right hand side. When this is done, p,,; can be expressed as
follows:

) _ T2
Pr+1 = Pr + TV;E?k Wit Wi 3.3-4

= P+ TO + Wy 3.3-5

2 .
where W, £ wy +T7wk and wy~N (wy, O,Tsz(f,)() represents the error

introduced into (3.3-1) by making the substitution. Using (3.3-1), p,(fil can be

predicted as follows:
pit =+ TO + W 3.3-6

k

where
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W~ N( w50, 2P0 + —Q> 3.3-7

Kalman Filter Pseudo-Measurement Update: As soon as p,((iil is known,
this new information can be used to update the estimate ﬁ,((?k and the

covariance Pk|k The reason can be seen by substituting pk 4, and p(l) into

the original model given in (3.3-1) as follows:

2
P —p® = T + D, 338

which is written as

2 = H ] 3.3-9

where
20 2 Dy P 3.3-10
[le _12] 3.3-11

Here, I,, denotes an identiy matrix of size n x n, where n = 2 in this case.

As observed above, the quantity zk‘) behaves as a pseudo-measurement for v,

and wy. Note that if the dynamics of v, did not involve wy, z,§> would be

considered as a pseudo-measurement of only v;, and then w;, would be just a
measurement noise term not to be estimated. However, since w,, appears in
the dynamics of both p, and vy, the information coming from z ) about Wy

must be taken into account. The information about v, and w; can be

summarized as below.

W"] ~N<[Wk]; [”klkl lpklk OZD. 3.3-12
k k 0 02 Q
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Here 0,, denotes a zero-matrix of size n x n, where n = 2 in this case. Now,

the information about v, and wj can be updated using a Kalman filter

measurement update with the pseudo-measurement z(‘).

First, the calculation of the innovation covariance Sz(l) for z(‘) IS given as

follows.
| ®
S;f’(l)=HIP(’;|k (;ZlHT, 3.3-13
2
20 &
=[T,2 _IZH klk 2] , 3.3-14
2
=72p) + 0. 3.3-15

The Kalman gain is then given as follows.

S [p® ] A\ —1
k2 = M 02| (520 3.3-16

10, Q]
SO I
() 2 o —

= |Fie %7z |(s520)7, 3.3-17
[ 0 Q| 'ETIZ
TP(l‘)(SZ(‘))_l

klk
=1, M 3.3-18

To(se®)

The updated information about v, and w, are given as follows:

~z,(i)
b (i) , 5@

klk | _ Dk n Kz(l) ’El) — g | Ykl 3.3-19
WZ (l) O O

k|k
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. O ezt
~(0) TR (S . NG
(o [T N o)), 2o
01| Zo(s2®) 0

[ maat)” (=)
| o (e-of) |

Now, the pseudo-measurement updated information can be written as

3.3-21

follows:
52,0 _ 50 O (cz®@\ O _ pald ]
vl§|kl - kllk + TPk|lk(SZ l ) (Zkl Tvkﬁk), 3.3-22

-1
~z,(1) _ (@) ® NQ) -
lf|kl = ?Q(Szf l ) (Zkl - Tvkllk)' 3.3-23
The updated covariance is given as:

v,(1) vw, (i)
1y k|k P k|k
Pwv,(i) PWW (D)

)

Pii O (D) ez (2O
[ klk 2] KeOsp® (ke 3.3-24
k|k k|k

0, @

_ [Pk(f,i 02] ~
0, Q

@
TPklk

T_2 Q(Slf.(l'))

(52 (1))_1 3.3-25

L [s2® 2\ 0 T2 [z -
T(s¢®) B = (s¢“) af

. [2p® (2 p® I o) (cz®) sl
:lp"('l’z 02] ’ Pklk(s ) i ZPklk(Sk ) ’ 3.3-26

[ Do(so) g Talst) e
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3
0) O (cz®\ p®) I ) (cz®d)
Pk|lk_T2Pk|lk(Sli l) Pk|lk _TPkfk(Slf l)

N1 T4 -
) o-Fels)

1
Q
, 3.3-27
1
> Q

e Kalman Filter Prediction Update: After the information about v, and w,
are updated with the pseudo measurement, the velocity dynamics given in
(3.3-2) can be used to make the prediction for the Kalman filter estimate and

covariance. It can be seen from (3.3-2) that

Uk
Vs = F [Wk] 3.3-28
where
F2[l, ThL]. 3.3-29
Hence, 91(:31| « and its covariance Pk(?ll . are given as follows.
AZ,(i)
. v
~ (1) _ k|k
vkl+1|k = [,\Z_(i)]' 3.3-30
Wk|k
~2,(1)
Vk|k
=[l, Th]| Z'm], 3.3-31
K|k
= D + T, 3.3-32
NG @ (cz®\ (O _ po@d
= o0 + TR (57) (2 - o))
3.3-33
™ o(s2®) " (,O _ 750
+ 70(s) (47 - To),
. . T? =1, .
= vi(c?k t+T <Pk(|ll)< + 70) (S,f'(l)) (Z,(f) — Tv,?ﬁc) 3.3-34
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va,(i) va,(i)
() _ k|k k|k T
Ptk pwv.) wa,(i)]F ’ 3.3-35
klk k|k
kav,(i) va,(i) I
Ik K|k 2
— [, TL] [ | | ] 3.3-36
,(0) | |TI
e L
= Pev @ + TR £ TRV 4 2RO, 3.3-37
_ p® @ (cz®\  p@ _T* 0 (cz® "
- Pkfk_TZPkfk(Sif l) Pk|lk _7Pk|lk(Sli l) Q,
. . \ ) 3.3-38
r . . - .
-Ta(s?) A+ (e-Fo(si) o)
Now, predicted velocity and its covariance are obtained as follows.
PN() PN () ORNE 0N O ~ (1) -
o = 0+ T (B + =) (52©) (2 - o)), 3.3-39
p®  _ p® _p2p®(sz®d) 7 p® rt p® (sz®) "
k+1lk — Tklk k|k( k ) k|k _7 k|k( k ) Q
T ) T . 3.3-40
_ z,@)) " p) 2 _ z,(@) )
—Q(si®) BT <Q 7 Q(se?) Q),
where
20 =p® _p® 3.3-41
. ) T4

e Particle Filter Measurement Update: The particle weights n,ffl)k should be

updated with the measurement y; ., using (3.3-3). In order to do this, 9:(3”:(

is substituted for v, into (3.3-3) to obtain the following equations.

V41 = C(Pk+1)ﬁ1((l.21|k + €1 T+ ex41 3.3-43

70



= COrr)Ohape + Eeen 3.3-44

where &,yq £ €ryq + egy1 and €gyq ~ N(€p115 0, C(Pk+1)Pk(?1|kCT(Pk+1))
represents the error introduced into (3.3-3) by making the substitution.

Notice that the new measurement noise term é,,, has distribution &, ~
N(e‘k+1;O,C(pkﬂ)P,f?llkCT(pkﬂ)) . This gives the weight update as

follows:

@ @ ). O
Tes1jk+1 & p(Yk|pk+1)7Tk|k

— . @ V5O ® @ (® ®
= N C(pkl+1)vkl+1|k' C(pkl+1)Pk:—1|kCT(pkl+1) + R -

3.3-45

Kalman Filter Measurement Update: The final step in the Rao-
Blackwellized particle filter iteration is the update of the predicted estimates

(1) . () . .. .
Up4qp and covariances B/, with the measurement y;.,,. This is carried

out once again using (3.3-3). Given the position particle p,(fil, (3.3-3) can be

written as follows.

Viers = C(P )oress + €icnn 3.3-46

which is linear in v, ;. Hence a standard Kalman filter measurement update

can be used to update ﬁl(ci-|)-1|k and Pk(?llk with yy.,1 as follows:

ﬁ1521|k+1 = ﬁl(ci-|)-1|k + Klf—;-(i) (3’k+1 - C(p,ﬁiil)ﬁ,?lnk) 3.3-47
Pk(-l;-)1|k+1 = Pk(-il-)1|k - Kgﬁ)sgﬁ) (Kgﬁ))T 3.3-48

where
St = C(pida )BT (pidh) + R, 3.3-49
K = P8 (p2) (s29) 3350
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3.4. Simulation Results of Particle Filters for Doppler-only

Tracking

In this section, the simulation results of the particle filters for Doppler-only tracking
are presented. Moreover, some remarks and comments for these simulation results
are made. Three different particle filters were derived in Section 3.1, 3.2 and 3.3.
Also, the details of EKF are given in Chapter 2. These filters are compared by using
them to track a target with multiple Doppler-only sensors. Here, the multiple active
Doppler sensors measurement model and the constant velocity target motion model
are used. The details of these models are given in Section 2.1. The sensor positions
and target trajectory are shown in Figure 38. In all of the filters, the track
initialization algorithm of Chapter 2 is utilized.

Sensor positions and target trajectory
3000

2000

1000

-1000

-2000

-3000
-3000 -2000 -1000 0 1000 2000 3000

Figure 38 Sensor positions and target trajectory for tracking filters comparison.

In the simulations, RMS position errors and velocity errors are obtained for each
tracking filter by repeating the target tracking simulation over 100 Monte-Carlo runs.

At each run, target tracking is continued for 50 seconds and the measurements are
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taken with a period of 1 second. In these simulations, the unknown target
acceleration (process noise) has a variance value of o5, = 1 (m/s?)%. We evaluate
the RMS position and velocity errors with different measurement noise variances.
For this purpose, Monte Carlo simulations which include 100 runs are repeated for
seven different measurement noise standard deviation values
Omeas = 10,50,100,150,200, 250,300 Hz. The RMS position and velocity errors
of four tracking filters with different measurement noise variance values are given in

Figure 39 to Figure 52.
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Figure 39 RMS position errors for 6,045 = 10 Hz.
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Figure 40 RMS velocity errors for o,,eqs = 10 Hz.
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Figure 41 RMS position errors for 6,045 = 50 Hz.
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Figure 42 RMS velocity errors for ,eqs = 50 Hz.
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Figure 43 RMS position errors for 6,0, = 100 Hz.
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Figure 45 RMS position errors for 6,045 = 150 Hz .
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Figure 47 RMS position errors for 6,045 = 200 Hz .
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Figure 52 RMS velocity errors for 6;,¢qs = 300 Hz.

As seen from the figures, EKF still has the lowest RMS position and velocity errors
amongst the four different tracking filters. For lower measurement noise variances,
the particle filters have much poorer performance in comparison to EKF, especially

in terms of position estimates.

In some individual runs for low measurement noise standard deviation values, it has
been seen that the particle filter with optimal proposal can many times beat the EKF
in terms of velocity estimation errors. However, since the EKF with optimal proposal
can sometimes diverge, the effect of these individual runs is not seen in the aggregate

RMS error results.

When high measurement noise standard deviation is used, even if the performance of
the particle filters is more comparable with that of EKF, they still cannot reach the
EKF performance. For high measurement error standard deviation, the performance
of the particle filter with optimal proposal becomes worse than the bootstrap filter

since the prediction update step uses very noisy measurements, and therefore the
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proposal density dependent on these noisy measurements makes things worse. For
high measurement noise standard deviation case, Rao-Blackwellized particle filter

has the lowest RMS errors among other particle filters.

In this chapter, although it has been seen that the performance of the particle filters
used for Doppler only tracking might be improved a little for some specific
scenarios, the overall performance of the improved filters could still not beat EKF.
Therefore, it has been understood that more intelligent improvement techniques has
to be utilized for this purpose. In the literature, the failure of the bootstrap particle
filter for this problem is usually attributed to the initialization of the filters. On the
other hand, in this chapter, a successful track initialization algorithm was utilized in
all simulations and the bad performance was still observed. Therefore, it should be
clear that the problem of the particle filters with Doppler-only tracking problem is
not about initialization; rather it is about very low observability of the position

variables compared to the velocity variables.
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CHAPTER 4

OPTIMUM SENSOR PLACEMENT FOR DOPPLER-ONLY
TRACKING

In multi-static applications, it is well known that sensor placement and/or the
directions of the sensors with respect to the target play a crucial role on the
performance. Effective sensor placement strategies are very important to gain as
much information about the target as possible out of the sensors. This fact is
confirmed by the vast number of theoretical studies on the subject in the tracking and
localization applications. In the literature, many researchers have investigated the
sensor placement problem for different sensor and measurement types, such as time
of arrival and angle of arrival, [21, 24, 28, 29 and 30]. For Doppler-only
measurements, the solution to the optimal sensor placement problem is available
only for a localization application (i.e., a static parameter estimation problem), [32].
For tracking applications, the relationship between the number of the sensors and
error performance is analyzed in [17]. But, in this study, sensors are located on the
vertices of the regular polygon and the optimality of this placement is not discussed.
With this motivation, in this chapter an optimum sensor placement strategy for

tracking with Doppler-only measurements is also studied in this thesis.

The organization of this chapter is given as follows. The sensor placement problem
definition is given in Section 4.1. Here the sensor placement problem in the case of
Doppler only tracking is defined after a discussion about the optimality criteria used

in the general sensor placement problem. To gain insight for the sensor placement

83



problem in the Doppler only case, only 1D target motion is considered. The objective
function for the sensor placement is selected to be the integral of the position CRLB
over a road segment of a specified length and the optimum sensor placement for this
criterion is found by using the optimization routines in MATLAB. Inspired by the
numerical results which are presented in Section 4.2, in Section 4.3, a suboptimum
sensor placement strategy is proposed which

e is much simpler compared to the optimum placement (which requires
numerical optimization) with explicit expressions for the sensor positions;

¢ has very close performance to the optimum sensor placement strategy.

4.1. Sensor Placement Problem Definition for Doppler Only

Measurement

In the optimum sensor placement problem, the aim is to increase the information
about the target contained in the measurements as much as possible. For this purpose,
generally lower bounds, specifically CRLBs, for the corresponding estimation
problem are minimized. From this perspective, an optimization based approach is
proposed based on the CRLB matrices. There are two problems associated with the
CRLB based sensor placement approaches. The first problem is that CRLB is a
matrix valued quantity and therefore a single scalar value should be extracted from
this matrix to be used in the optimization routine. The second problem is that CRLB
is dependent on many parameters other than the sensor positions such as the target

position, target velocity, wavelength, variance of the measurement noise etc.

In the literature, sensor placement approaches use three different objective functions
extracted from the CRLB matrix as optimization criteria and each has a different
physical meaning. These criteria are listed as follows.

e A-Optimality: The trace of the CRLB matrix is minimized. Hence, an
approach based on this criterion aims to minimize the total variance of the
estimated quantities.

e D-Optimality: The determinant of the FIM is maximized which is equivalent
to the minimization of the determinant of the CRLB matrix. An approach
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based on this criterion aims to minimize the area of the uncertainty ellipse
around the estimate.

e E-Optimality: The largest eigenvalue of the CRLB matrix is minimized. An
approach based on this criterion aims to keep the largest axis of the

uncertainty ellipsoid as small as possible.

These criteria can also have the following drawbacks. A-optimality, by considering
only the trace of the CRLB matrix, hence only the diagonal elements of the CRLB
matrix, does not take the correlations between the estimated quantities into account.
Hence, an uncorrelated but large uncertainty case might be preferred to a correlated
but small uncertainty case. In D-optimality, there is a risk of obtaining a very thin
uncertainty ellipsoid which may result in significantly large errors on the major axis

of the uncertainty ellipsoid.

CRLB matrix is dependent on the target position and velocity as well as the sensor
positions for the Doppler-only measurement case. Therefore different sensor
placement solutions can be obtained for different target positions and velocities. In
tracking applications, a track can start from and pass through any point with any
velocity in a region of interest. These facts make the sensor placement for the
specific aim of target tracking (using Doppler only measurements) quite a difficult
problem to solve. Considering this issue, in this chapter, we constrain the target
movements to 1D so that the optimization problem is simplified and meaningful and
insightful results are obtained. The target we consider can move on a straight
path/road with any velocity value. By taking into account the fact that the velocity
errors are small compared to position errors with Doppler measurements, we aim to
optimize only the position error CRLB in 1D. Since the target can be on any point on
the straight path/road at any time instant during tracking, we consider the integral of

the CRLBs for position as the cost function for the sensor placement.

The visualization of the 1D target scenario is given in Figure 53. Here, the target can
move in both directions on the path/road of length L with any velocity. Optimal

sensor placement is to be made in the 2D area excluding the path itself.
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Figure 53 Sensor placement scenario considered in the thesis.
Without loss of generality, the road is chosen on the x-axis for simplicity and
therefore, the target motion is constrained to the x-axis. The leftmost tip of the road
segment is assumed to be the origin. Hence, only the target position on the x-axis in
the interval [0, L] is of interest. The target state is chosen to consist of the target

position and target velocity on the x-axis as follows.

X =[x, 0] 4.1-1

The calculation of the CRLB matrix for the target state is described as follows.

CRLB = (J"COR™(X) ™ 4.1-2

= Oineas(IT ()] (X)) 4.1-3

where R = 2,1y represents the measurement noise covariance and I, denotes an
identity matrix of size N x N where N is the number of the Doppler sensors. Note
that with this form of the measurement noise covariance, we assume that all Doppler
sensors collect independent and identically distributed Doppler information. The

Jacobian matrix J(X) is given as

Irjl(XﬂI
JX) = | : |
LYol

where the rows j(X) are given as

4.1-4
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'ix—aFiX aFix 4.1-5
I = |52 @ - -
fori = 1,...,N. The functions F* for the Doppler measurements are given as

2 (x — xHv,

F'(X) = R TR 4.1-6

where

di = \/(x —x)Z + (yi)z. 4.1-7

Here, x! and y! represents i™ sensor position in x axis and y axis, respectively. The

. . .. QFt aFt
partial derivatives " and -,-can be calculated as follows.

Ux

oFt  2(v.d' —(x—x').d" 41-8
ax A (ah)? ’ '
_ _%vx - ;ixpaicpaic’ 4.1-9
12
_ i
_ ™ (1- () 4.1-10
A dt '
dF! 2 (x — xi)
RS 4.1-11
- _%p;;_ 4.1-12
where
i
pi = 8 di" ) 4.1-13
. v(x —xt .
di = —"( pT ) = v, pl. 4.1-14

When Jacobian matrix J is substituted into (4.1-3), the CRLB matrix can be

expressed as follows.

CRLB = 02,,0s(JT) 1 4.1-15
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1iV=1 i= ) 4.1-16
NS
Zpd— Z( Ly’

When the inverse is calculated, CRLB(1,1), i.e., the first column, first row element

— 2
= Omeas Z

of the CRLB matrix which corresponds to the CRLB of the target position, can be
expressed as follows.

CRLB(1,1)
0’%9“54’122 vazl(p’?z o 4117
v ) 1— 91'62 (1 i
a7 )t

The quantity CRLB(1,1) represents the uncertainty in the position estimation. As

seen in the expression above, it is dependent on the target position, velocity, signal
wavelength and measurement noise covariance as well as the sensor positions. Note
that the dependences on the target velocity v,, wavelength A1 and measurement noise
variance o2, are all in the form of a positive scaling constant. Therefore, the result
of an optimization of CRLB(1,1) with respect to sensor positions will not be affected
by these parameters. On the other hand, the dependence on the target position cannot
be neglected. In this study, we select to get rid of the effect of this dependence on the
target position by integrating out the target position from CRLB(1,1). Hence, the

cost function used in this study for sensor placement is given as follows.

x=L
Cost = f CRLB(1,1)dx 4.1-18
x=0

which is given in explicit form as below.

Cost

_ O-rzneas)LZ L fvzl(pﬁic)z
2

. > dx. 4.1-19
vx x= . — 2
’ §V=1(Palc)2 *Zliv=1 (%) - ( i= 1le( d d(sz) )>
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The cost function given above represents the total position uncertainty over the road
segment considered in the sensor placement problem. The aim is to minimize this
total uncertainty by considering a predefined number of Doppler sensors with respect
to sensor positions. The minimization of the overall uncertainty over the whole road
can be thought of as the tracking aspect of the cost considered here and it ensures
that the tracks of a tracker would be in good quality over the whole road segment.

4.2. Simulation Results

The cost function to be optimized for the optimum sensor placement was given in the
previous section. It is difficult to evaluate the cost function because the integral in
(4.1-19) is impossible to take analytically. Therefore, the integral is taken
numerically on a uniform grid over the x-axis with grid spacing of 0.04 m. The road
length is taken to be 100 meters. The minimization task is achieved using the Matlab
function fmincon(.) for different numbers of sensors. The optimum sensor
placements obtained for different numbers of sensors, N, are shown in Figure 54 to

Figure 57.
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Figure 55 Optimum sensor placement for N=11, 13, 15, 19.
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Figure 57 Optimum sensor placement for N=4, 8, 12, 20, 40.
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It is seen in the figures that the y-values of the optimally placed sensors are close to

each other. As the number of sensors increases, the optimally placed sensors get

closer to the road segment considered and vice versa. For both even and odd numbers

of sensors, the optimal sensor placement is symmetric with respect to the line x =

50, i.e., with respect to the orthogonal bisector of the road segment.

4.3. An Explicit Simple-Form Suboptimal Sensor Placement

Strategy

In this thesis, by observing the figures of the previous section, it has been discovered

that the optimally placed sensors have some characteristic features which can be

summarized as follows.

y-positions are concentrated around a single y-value which is equal to the
division of the road length by two times the number of sensors. For example,
for the 5 sensor case, y positions of the sensors are around 10 meters. For the
25 sensor case, y-positions of the sensors are around 2 meters. These
examples can be extended to all of the cases shown in the figures. As seen in
the figures above, as the sensors get closer to the beginning and the end of the
road segment, they deviate slightly from the characteristics described above.
Especially the left-most and the right-most sensors have slightly lower y-
positions than the other sensors.

X-positions are located along the road in a symmetrical manner. The x-axis
distance between all adjacent sensors is approximately equal to the division
of the road length by the number of sensors. The x-position of the left-most
sensor is approximately half of the distance between the adjacent sensors. For
example, in the case when there are 5 sensors, the sensors are located such
that the distances between adjacent sensors are approximately 20 meters and
the x-position of the left-most sensor is approximately 10 meters. For the 25
sensor case, the distance between the adjacent sensors is around 4 meters and
the x-position of the left-most sensor is around 2 meters. Again these

examples can be extended for all other cases presented in the figures.
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In view of the observations described above, in this section, we present a suboptimal
sensor placement strategy. The proposed suboptimal sensor placement strategy is

described below.

Explicit Sensor Positions for the Proposed Sub-Optimal Strategy: Suppose that
we would like to place N Doppler sensors optimally with respect to the cost function
given in (4.1-19).

Sensor Area d=L/2N
| 2d | | 2d
d ) ¢st * ... ce. @ SN @2
d d
BN N — — s Target —¥ —
-4 L >
Figure 58 The proposed simple sensor placement strategy.
We first define the critical parameter
L
= 4.3-1
d 2N
where L is the length of the road segment considered.
The proposed sub-optimal sensor positions are then given as
x'=d+ (i—1)2d
4.3-2

yi=d

fori=1,2,...,N.

The proposed suboptimal sensor placement strategy is illustrated in Figure 58. As
seen in the figure, y-positions of all sensors are selected to be equal to d. The x-
distance between the adjacent sensors is selected to be 2d and the x-position of the
first sensor is equal to d. With the proposed sensor placement strategy, when the
number of sensors is odd, the x-position of the (N + 1)/2’th sensor is in the middle
of the road segment as in the optimal sensor placement strategy. This gives us the

opportunity to compare the y-positions of the sensors in the middle for the
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suboptimal and optimal sensor placement strategies. Figure 59 illustrates the y-values
of the sensor in the middle for the optimal and sub-optimal sensor placement
strategies when the number of sensors is odd. In Figure 60, in a similar way, X-
positions of the left-most sensor are shown for the optimal and sub-optimal sensor
placement strategies. As seen in these figures, the position values for the proposed
suboptimal sensor placement strategy are very close to those of the optimal strategy.

The optimum and the proposed y position of the middle sensor
18

T T T
+ The proposed placement y position
=== The optimum placement y position

16

14

12

10

Y(m) position of the middle sensor

—

0 20 40 60 80 100 120 140
Number of the sensors

Figure 59 y-axis position of the sensor in the middle of the array.

94



The optimum and the proposed x position of the first sensor
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+ The proposed placement x position
=== The optimum placement x position
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e

14

12

10*
8

X(m) position of the first sensor

0 20 40 60 80 100 120 140
Number of the sensors

Figure 60 x-axis position of the left-most sensor of the array.

In order to describe the performance of the proposed strategy in a more physically
meaningful manner, average position CRLB of the proposed strategy and optimum
placement are compared. Average position CRLB is obtained by taking square-root
of the total cost (which is the total position CRLB) divided by the road length as in
(4.3-3). Here the term Cost is given in (4.1-19) and L is the length of the road

segment.

Cost
Average Position CRLB = I 4.3-3

Average position CRLB that would be obtained for the optimal and the proposed
strategies for different numbers of sensors are shown in Figure 61. Also the ratios of

the average position CRLB obtained by the proposed strategy to that obtained by the
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optimal strategy for different numbers of sensors are shown in Figure 62. The

parameter values used for obtaining these figures are given as follows.

e Wavelength is 1 = 0.33 meters.
e Target speed is v, =5 m/s

e Measurement noise variance is o,4s= 1 HZ%

It should also be noted that these parameters do not affect the argument of the
optimization but they just scale the average position CRLB. As seen in the figures,
the average position CRLB difference is very small or even negligible for the sub-
optimal strategy compared to the optimal one. Moreover, as the number of sensors

gets larger, the difference becomes more and more negligible.

Average position CRLB for the optimum and the proposed placements

0.9 T T
T + The proposed placement

=== The optimum placement
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Average position CRLB (m)
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0 20 40 60 80 100 120 140
Number of the sensors

Figure 61 The average position CRLB for the optimum and the proposed sensor placement strategies for
different number of sensors.
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Average position accuracy ratio of the proposed placement over the optimum placement
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1.06

1.04

1.02
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Figure 62 The ratio of the average position CRLB that are obtained by the optimum and proposed
suboptimal sensor placement strategy for different number of sensors.

The x-positions of the sensors in the proposed sensor placement strategy could have
been obtained using just intuition without any cost function minimization by arguing
that sensors should be distributed almost uniformly along the road segment for good
performance. On the other hand, it would be difficult to discover the y-position of the
sensors in the proposed strategy intuitively. To evaluate the effect of the y-position
of the sensors in the proposed strategy, a simulation study is performed. On a target
tracking example with EKF, average RMS x-position errors are obtained for different
Sensor y-positions.

Average RMS values are calculated using 1000 Monte Carlo runs. In this simulation,
five sensors are used. x-positions of the sensors are chosen as in the proposed
strategy. y-positions of the sensors are changed between 4 meters and 20 meters with
2 meters steps. In this simulation the selected parameters for the true target trajectory
and measurements are given as follows.

e Measurement noise variance is 0.2,,; = 1 Hz2.

e Process noise variance ¢2,.,; = 0 (m/s?)2.
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e EKEF initial covariance matrix is selected to be diagonal with variances
chosen as o = le2m? and a7, = 225 (m/s)?.

e The target trajectory is constrained on the road segment. The trajectory starts
at x = 0 m and ends at x = 100 m .The constant target speed is v, = 5m/s.

e True initial state of target is used as the initial state of EKF.

Average RMS x-position errors obtained for different sensor y-positions are shown
in Figure 63. As seen in the figure, as expected, the minimum average RMS error
occurs at y position of 10 meters which is y-position of the sensors in the proposed
sensor placement strategy. The RMS errors increase rather sharply if the sensors are
placed closer to the road segment than the proposed y-position. The error increase is
milder if the sensors are placed further to the road segment than the proposed y-

position.

35

A

15 \
. S~ —

Average RMS position error (meters)

0.5
4 6 8 10 12 14 16 18 20

y-position (meters)

Figure 63 Average RMS x-position errors for different y-position of the sensors.
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CHAPTER S5

CONCLUSION

In this thesis, we have considered three important problems in Doppler-only target
tracking. First, we have adapted a localization algorithm for Doppler-only
measurements proposed in the literature to a single point track initialization
algorithm for Doppler-only tracking. This method was based on the separable least
squares method. The implemented track initialization algorithm has been shown to
work successfully with EKF. It has been seen that EKF obtains very close results to
CRLB when it is initialized with the track initialization procedure proposed and it,
most of the time, diverges without such a procedure. The most important parameter
for the track initialization algorithm considered is the grid spacing parameter. Using
various simulation results it has been seen that, for selecting grid spacing parameter,
CRLB values for the problem of interest can serve as a baseline as also observed in
the literature before. It was shown that for grid spacing values lower than or equal to
the CRLB of the problem, the performance difference for EKF is minor. On the other
hand, for grid spacing much larger than the CRLB, there is significant performance
degradation for EKF. Therefore, as was done in the literature, it is suggested to check
the CRLB for a problem before designing a tracking filter and to select the grid
spacing around this value to optimize both the amount of computations and the

initialization performance.

Secondly, in the thesis, we have shown that the bootstrap particle, which can easily
beat EKF in many nonlinear state estimation problems, fails to do so for Doppler-

only tracking. We have discussed the reasons for this behavior and concluded that
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the cause is the weaker observability of the position variables compared to the
velocity variables. In order to see whether standard sequential Monte Carlo tools can
improve the behavior of the bootstrap filter for this problem, we have derived a SIR
particle filter with optimal proposal distribution and a Rao-Blackwellized particle
filter for Doppler-only tracking. The evaluation of the performances of these filters
has shown that these improved filters still fail to beat EKF although there are
occasional improvements over the bootstrap particle filter for some specific
parameter selections. As a final remark, it is said that more clever and problem
specific improvement strategies has to be devised in order to increase the
performance of particle filters for Doppler-only tracking.

The final contribution of this thesis is in the area of sensor placement. Although there
are many sensor placement studies in the literature for e.g., range or bearing
measurements, the case of Doppler-only measurements seem to lack detailed
research. In this thesis, for the 1D target motion case, sensor placement problem has
been solved for minimizing the total position CRLB/uncertainty over a line/road
segment. Based on the numerical results, an explicit and simple sensor placement
strategy has been proposed. The resulting strategy has been shown to have quite

close results to the optimal sensor placement strategy.

The invention of the new ways to improve the particle filter performance for
Doppler-only tracking would be a fruitful research in the future. The generalization
of the sensor placement methodology proposed in the thesis to 2D target motion and
the investigation of different criteria for sensor placement for Doppler-only

measurements are also left as future research topics.
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