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Abstract

Detection and estimation of multiple unresolved targets with a monopulse radar is a challeng-
ing problem. For ideal single bin processing, it was shown in the literature that at most two
unresolved targets can be extracted from the complex matched filter output signal. In this
thesis, a new algorithm is developed to jointly detect and track more than two targets from
a single detection. This method involves the use of tracking data in the detection process.
For this purpose, target states are transformed into the detection parameter space, which in-
volves high nonlinearity. In order to handle this, the sequential Monte Carlo (SMC) method,
which has proven to be effective in nonlinear non-Gaussian estimation problems, is used as
the basis of the closed loop system for tracking multiple unresolved targets. In addition to
the standard SMC steps, the detection parameters corresponding to the predicted particles
are evaluated using the nonlinear monopulse radar beam model. This in turn enables the
evaluation of the likelihood of the monopulse signal given tracking data. Hypothesis testing
is then used to find the correct detection event. The particles are updated and resampled
according to the hypothesis that has the highest likelihood (score). A simulated amplitude
comparison monopulse radar is used to generate the data and to validate the extraction and

tracking of more than two unresolved targets.
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Chapter 1

Introduction

1.1 Unresolve Targets with a Monopulse Radar

The simultaneous lobing technique, better known as Monopulse processing, is widely used
in radars to measure the angle of arrival (AOA) of a target with sub-beam accuracy. In
amplitude comparison monopulse radar, two squinted beams (per angular coordinate) are
used to receive two diverse returns of the target. The comparison of the in-phase difference
signal and the in-phase sum signal yields the Direction Of Arrival (DOA) of the target. This
method is more preferred over other conventional methods like maximum likelihood estimator
and moment matching for its simplicity with estimation accuracy close to the Cramer-Rao
lower bound (CRLB) at moderate or high signal-to-noise ratios (SNRs). However, it fails
when multiple targets fall into the same resolution cell. In that case, the DOA estimate
indicated by the in-phase monopulse ratio can wander far beyond the angular separation of
the targets [22]. These merged measurements often result in high errors in the ensuing data

association and track filtering algorithms.
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Various methods have been proposed in the literature to extract unresolved targets from
radar returns. Some involve special antenna configuration [13,17,18] or array signal process-
ing (beamforming, interference nulling or high-resolution direction finding) [10,15]. Others
involve the complete utilization of the standard monopulse system, which is the focus of
this thesis [5-7,22-24,29]. In [22], the complex ratio was used to estimate the DOAs of
two fixed amplitude targets with known Relative Radar Cross Section (RRCS) by applying
the method of moments. This method has limited applicability due to RRCS fluctuations
in real problems. Statistical description of complex monopulse parameters were explicitly
derived in [6]. With this description, Neymen-Pearson hypothesis testing was applied to
detect target multiplicity in [5]. In [7], it was further developed to estimate DOAs of two
unresolved Rayleigh (Swelling I) targets with known or estimated RRCS. For two unresolved
Rayleigh targets, the maximum likelihood (ML) angle extractor using numerical method is
proposed in [23]. It was proven to be effective for sea-surface multipath monopulse radar
signals [24]. But a closed-form solution for this ML extractor was derived in [29]. In [31,32],
a more realistic case, where targets’ spillover in the adjacent bins was taken into account,
was considered. Using the identifiability princip'le, it was inferred that up to five targets can
be extracted using joint bin processing of two adjacent matched filter samples. This in turn
implies that using ideal bin processing, as in [7,23,29], at most two targets can be pulled

out.

1.2 Contribution of the Thesis

All existing methods consider the detection and tracking of the unresolved targets separately.
In this thesis, they are performed jointly so that tracking information can be utilized in

detection and vice versa. This requires the transformation of target state into the detection
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parameter space, which involves high nonlinearity. The sequential Monte Carlo (SMC)
method (2,8, 20], also known as the particle filter, which has proven to be effective for
nonlinear non-Gaussian estimation problems, makes it possible. With SMC as the basis, a
new algorithm is developed to jointly detect and track unresolved targets using an amplitude
comparison monopulse radar with ideal single bin processing. It enables us to jointly detect
and track more than two targets from a single cell.

In addition to the standard SMC steps, the directions of arrival (DOAs) corresponding
to the predicted particle states are evaluated using the nonlinear monopulse radar beam
model. All hypotheses corresponding to ideal bin processing (i.e., all possible combinations of
targets being in different detected bins) are constructed. The likelihood of monopulse signals
given the DOAs of the particles of the different targets and given a particular hypothesis
is computed based on the distribution of the monopulse signal. This likelihood is also the
joint weight of the particles. The likelihood of a hypothesis is shown to be the sum of the
corresponding joint weights. The hypothesis with the highest score is then selected and the
corresponding particle sets, which are updated with the marginal of the above joint weights,
are taken to be the correct representation of posterior of the target states. That completes
a recursion of the SMC. Since detection and tracking are performed jointly, estimation of
the DOA of each target is no longer needed. Hence DOAs are not explicitly estimated. In
addition, the hypothesis testing of detection events incorporates the data association process
as well. The recursive Riccati-like formula for the Fisher Information matrix for nonlinear
state estimation from [27] is used to derive the posterior covariance of the target state, which

enables us to assess the proposed algorithm.
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1.3 Organization of the Thesis

This thesis is organized as follows. In Chapter 2, a brief introduction to monopulse radar
systems is given. In addition, it gives the monopulse signal distribution that is used later.
Chapter 3 reviews detection theory and the track filtering. In Chapter 4, the proposed
algorithm is presented. In Chapter 5, the posterior covariance matrix of target state is
derived. The simulation results are given in Chapter 6. Finally, Chapter 7 gives conclusions

and suggestions for future work.

1.4 Related Publications

1. N. Nandakumaran, A. Sinha and T. Kirubarajan, “Joint Detection and Tracking of
Unresolved Targets with a Monopulse Radar Using a Particle Filter”, Proceedings of
the SPIE Conference of Signal and Data Processing of Small Targets, San Diego, CA,
Aug. 2005.

2. N. Nandakumaran, A. Sinha and T. Kirubarajan, “Joint Detection and Tracking of
Unresolved Targets with a Monopulse Radar Using a Particle Filter”, To be submitted

to IEEE Transactions on Aerospace and Electronic Systems.



Chapter 2

Monopulse Radar

This thesis is concerned with handling unresolved targets using a monopulse radar. The
goal of this chapter is to provide the necessary background on monopulse radar systems. In
addition, this chapter provides the distribution of monopulse signals that is used in later
chapters. Several references that explain the monopulse system are also listed in the bibli-
ography [6], [19], [22], [25], [30].

Monopulse processing is the simultaneous lobing technique where the angular measure-
ment is made on the basis of one pulse rather than many pulses. It has significant advan-
tages with respect to target echo fluctuation over other lobing methods, for example, the
conical-scan and sequential-lobing techniques, which are severely affected by pulse-to-pulse
amplitude fluctuation. There are two kinds of monopulse techniques, namely, amplitude
comparison monopulse and phase comparison monopulse. In this thesis, we focus on track-

ing unresolved targets with amplitude comparison monopulse radar.
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Squinted beams

Figure 2.1: Monopulse radar beams

2.1 Amplitude Comparison Monopulse Radar

In an amplitude comparison monopulse radar system, a pulse energy is transmitted towards
the targets and the target echoes are received with two beams (per angular dimension)
that are squinted relative to the transmitted direction. Figure 2.1 shows the pair of beams
required to measure a single angular coordinate. For the case of tracking targets in 3 — D
space, it requires four beams to measure bearing as well as elevation. In a conventional radar
system, the direction of arrival (DOA) is estimated with the in-phase part (i.e., real part) of
the monopulse ratio, which is formed by dividing the difference of the two received signals

by their sum.
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Figure 2.2: Monopulse radar signal processing for a single angular dimension
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2.2 Monopulse Radar Signal Processing

The monopulse signal processor consists of a bank of matched filters that are fed with the
sum and difference signals. This sum and difference signals are obtained using passive adders
and subtractors at radio frequency to avoid drifts in active devices. Figure 2.2 shows a typical
monopulse radar signal processor for a single angle measurement. The outputs comprises

the in-phase sum (s;), Q-phase sum (sg), in-phase difference (d;), and Q-phase difference

(dg)-
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2.3 Monopulse Signals with N Unresolved Targets

Consider the monopulse radar system with N independent targets falling into a single range
bin in 3 — D space. The matched filter outputs comprises six signals and they can be written

as

1. In-phase sum signal

N
sy = Zaicos¢i+nsz (2.1)

i=1

2. Quadrature sum signal

N
s = Zaisind)i-{—nsQ (2.2)

i=1

3. In-phase bearing difference signal

N
dyy = aniaicos¢i+ndb1 (2.3)

i=1
4. Quadrature bearing difference signal
N
de = Z i Qg sin ¢z + nde (24)
i=1

5. In-phase elevation difference signal

N
deI = Z Neid; COS ¢z + Nger (25)

i=1
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6. Quadrature elevation difference signal

where

(074
Nbi

Nes

K
A

Gs (6si, 0ei)
Goa (Ovi, Oei)
Gen (Obi, bei)
Oni

Oei

Do

ob

Ts1

nsQ

Tldb1

NdbQ

Nder

N
deqg = Z MNei Qi SIN @5 + Ngeq

i=1

\/EAiG% (0pi,0ei) po  (signal amplitude of target )
Gon (Oni, Oes)
GE (ebh Hei)
GeA (abi) eei)
G's; (Obi, bei)

constant proportional to transmitted power

(bearing DOA of target ©)

(elevation DOA of target 7)

voltage amplitude of target ¢

sum channel voltage gain

bearing difference channel voltage gain
elevation difference channel voltage gain
bearing of the target ¢

elevation of the target ¢

receiver matched filter gain

phase angle of target i return

N (0,02) sum in-phase noise

N (0,02) sum quadrature noise

N (O, ag) bearing difference in phase noise
N (0, orfi) bearing difference quadrature noise
N (0,07) elevation difference in phase noise

(2.6)
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ngeq ~ N (0,03) elevation difference quadrature noise (2.24)

with A (u,0?) denoting Gaussian distribution with mean y and variance 2. The chan-

nel voltage gains Gy (0, 0ei), Goa (Obi,0ei) and Gea (04, 0.;) can be expressed in terms of

individual beam voltage gain as follows

GE (ebi) gei) = ¥ (Sqe7 SQb, ebiy aei) + v (_SQea SQp, ebia eei)

+W (8Ge, —5Gb, Obi, Oei) + U (—5Ge, —5Gb, b, Oei) (2.25)
Goa (Obis 0ei) = U (8Ges SGv, Obiy Oei) + ¥ (—5Ge, SGb, Obi, Oci)

— W (5Ge, —5Gs, Obi, Oei) — ¥ (—5Ge; —5Gs, Obi, Oes) (2.26)
Gea (Oyiy 0ei) = YV (5qe, 5, 0b,0e:) — ¥ (—5Ge, 5, Obi, Oei)

+U (5Ge, —SGb, Opiy Oei) — ¥ (—5Ge, —SGb, Ops, i) (2.27)

where sq. and sg;, are the squint angles for bearing and elevation, respectively, and are given

by

sqgp = sqo/cos(b— b) (2.28)

s¢e = Sqo/cos(é— ep) (2.29)

with sgy being the broadside squint angle, by and eq are the bearing and elevation broad-
side angles, respectively, and b and é are the bearing and elevation beam-pointing angles,

respectively.
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The beam voltage gain, ¥ (z, y, 84, fei ), can be written in terms of the normalized voltage

patterns for bearing and elevation as follows:
T (@, 00, 0) = Vi (8,0 +2) Ve (0uir@ + 1) (2.30)

The normalized voltage patterns for the bearing and elevation, V, (6, ) and V, (0., y), are

given by
7 sin(Nby) [sin(by + 0.57) = sin(by — 0.57)
Vo 0r®) = 5 Nein(ey) { b+ 057 T b —057 (2:31)
7 sin(Nep) [sin(e; +0.57)  sin(e; — 0.57)
‘/e Heia 17 . 2.32
(6ci, v) 4V, N sin(ez) [ e; + 0.57 + e; — 0.57 (2.32)
where

. sin(0.5 N7 sin(sqp)) sin(0.57)
N sin(0.57sin(sq)) 0.57
bl = 0.25 sin(ﬁbi - bo)

Vo =

by = 0.5[sin(0y — by) — sin(z — by))
er = 0.25sin(fe — €o)

ea = 0.5[sin(be; — €o) — sin(y — ep)]

with Vj being the normalizing factor and N is number of elements in the array along a single
dimension.

Often, the DOA 5, is approximated by a linear error function given by [30]

n = kmg, _QBW <8< HBW (233)



CHAPTER 2. MONOPULSE RADAR 12

where 6w is the two-way beamwidth, k,, is the monopulse error slope, and 6 is the AOA.
The values of the monopulse error slope employed in the radar model used in this thesis for

bearing and elevation, k% and k¢, respectively, are given by

kb = kocos (B—bo) rad ! (2.34)
k¢, = kocos(é—ep) rad”! (2.35)

where kg = 53.9.

2.4 Distribution of Monopulse Signals

In this thesis, we consider Swerling I targets whose RCS fluctuation is described by Rayleigh
distribution. The signal amplitude, o; in (2.7), that is proportional to target RCS, has
Rayleigh distribution too. The phase angle of the target return, ¢; in (2.18), is usually as-
sumed to be uniformly distributed in [0, 27|. Therefore, it can be easily shown that each sum-
mand in (2.1) - (2.6) is a Gaussian random variable [16]. Hence z = [s; dyr der So dog  deg)]”
is Gaussian distributed given the parameter set ¥ = {agi, i, 7ei, 05, 04y, P}, i=

1,2,...,N. It can be written as
p(z[@Y) = N (z0,P) (2.36)

where the covariance matrix P is given by
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The off-diagonal blocks are zero matrices since there is no correlation between the in-phase
and quadrature-phase signals of the matched filter. The diagonal blocks are identical and
given by
ail 4i2 413
Pr= | ay ay axs
Q13 Q23 0433

where the matrix elements are given by

N
2 2
ay; = E Oto,;'i'a's
=1
N
2
a1 = E 0 Mbi + POsO4

=1
N

2
a3 = E Qg Tei + POsT4

i=1
N
azp = Zaﬁmfﬁffﬁ
i=1
N
_ 2 2
a3 = Zaombmei+P0d
i=1

N

2 2 2

sz = E Mg + 0g
i=1

In the above, ay; is the average value of target amplitude «;. The correlation coefficient p
is included to allow for a real-valued correlation between the receiver errors that may result

from the local oscillator.



Chapter 3

Detection and Tracking

Since this thesis is concerned with unresolved target detection and tracking, this Chapter is
dedicated to review the basic theory behind the detection and tracking. Figure 3.3 shows the
block diagram of a tracking system. There are two primary blocks, which are concerned with
this thesis, namely the signal processor and the information processor. The signal processor
involves complex signal processing of noisy electromagnetic or acoustic signals and followed
by detection. The information processor involves data association and followed by track
filtering. The main issues related to this thesis namely detection theory, filtering and data

association are briefly reviewed in section 3.1, 3.2 and 3.3 respectively.

Electromagnetic Target
Ozsg(r)gu;"c Measurement Iisalion estsit::tes
: rocessor
Environment 4" Sensor | Signalprocessor | s D g b
Detector (Data associator Estimate
track filter) T
uncertainties

Noise

Figure 3.3: A typical tracking system

14
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3.1 Detection Theory

This section reviews the fundamentals of detection theory. Here, a brief overview is presented
while the complete theory behind detection can be found in [28]. In a statistical decision
problem, a decision has to be made as to which of several hypotheses is the correct one. A
hypothesis is one of the possible events that can arise in the statistical decision problem. In
general, there may be M hypotheses from which correct one has to be selected. Next two
subsections brief on the simplest case where there are two possible hypotheses and general

case where more than two hypotheses are possible respectively.

3.1.1 Binary Hypothesis Test

In a binary testing problem, we need to decide on choice D; based on observation z while
the true hypothesis is denoted by H; , where i,j = 0,1. There are four possibilities, (i) Hyp
is true, decide Dy (ii) H; is true, decide D, (iii) Hy is true, decide Dy (iv) H; is true, decide
Dy. The first two are correct choices whereas the last two are errors. With the a priori
probabilities P(Hy) and P(H;), and the associated cost C;; for making a decision D; when

the true hypothesis is H;, the average cost, C, can be written as,

1 1

C'=Y Y CyP(Di|H,;)P(H,)) (3.37)

i=0 j=0

where P(D;|H;) is the probability of deciding D; while H; is true and can be obtained by
integrating the density function of p(z|H;) over Z;, the decision region corresponding to D;,

l.e.

P(D,|H;) = / p(2|Hy)dz (3.38)

i
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Thus the average cost becomes
11
&=3"3 CyP(H;) / p(2|H;)dz (3.39)

i=0 j=0 Zi

Noting that the decision spaces Z, and Z; are exclusive and exhaustive, it can be further

simplified as,

C_' = Cl()P(H()) +011P(H1)

+/Z [P(Hy)(Cor — Cu1)p(2|H1) — P(Ho)(Cro — Coo)p(2|Ho))dz (3.40)

For the Bayes criterion, the average cost should be minimized. Noting that first two terms

are fixed, minimizing C is equivalent to select the region, Z;, such that
P(H:)(Co1 — Cu)p(z|Hy) 2 P(Ho)(Cro — Coo)p(z|Ho) (3.41)

Hence the likelihood ratio test yields the decision

H
a  plzlHy) P(Ho)(Ci0o — Cow) &
Mo = Gy ¥ PE)Cn—Cnm) (342)
Hy

Similarly, other criterions (Maximum A Posterior, Minimax, Neyman-Pearson) which are

special cases of the Bayes criterions end up with likelihood ratio tests.
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3.1.2 Multiple Hypotheses Test

In many situations, there are several alternatives from which one of the hypotheses have to
be selected. Similar to binary case, for M hypotheses testing, one can write the average cost
with given the a priori probabilities, P(Hy), P(H1), ..., P(Hu-1), and associated cost C;;

for choosing H; when the correct hypothesis is Hj, i.e.,

M-1M-1

C=>"> C,P(H|H;)P(H,)) (3.43)

With the similar arguments as in binary case, it can be written as,

M-1 M-1 M-1
¢ = S CPH)+Y / S P(H)(Cy — Cilp(lH)dz  (3.44)
i=0 =0 Zi j=0,ji

The first term represents the fixed cost and let’s define the term inside the integral of the

second term as

L) = 3 PUH)(Cy - Ci)p(z|H)) (3.45)

7=0,j#

By observing (3.44), it is obvious that we have to decide on the hypothesis which corresponds
to the minimum value of I;(z) as the correct one.

An important special case, which is used in this thesis, is when

P(Ho):P(Hl):---ZP(HM_l)ZP, C’ij=1fori;£jand0ii:0



CHAPTER 3. DETECTION AND TRACKING 18

in which case we have

M-1
Ii(z) = Y plz|H))P=[1-p(z|H;)|P (3.46)

§=0,j#i

Then the decision rule is to choose H; for which p(z|H;) is maximum.

3.2 Filtering

Once the measurements are associated with tracks, which is to be discussed in section 3.3,
track filters are used to estimate the target states. The recursive Bayesian type filters are
easy to implement and well established. Here some well known recursive filters are reviewed.
They work well in different settings and assumptions. The Kalman filter which is optimum
in linear, Gaussian problems is given in section 3.2.1. In section 3.2.2, another optimal filter,
grid based filter, is reviewed. Extended Kalman filter (EKF), a variant of the Kalman filter,
is given in section 3.2.3. Finally particle filter which has proven to be effective for nonlinear

non-Gaussian problems is given in section 3.2.4.

3.2.1 Kalman Filter

If some assumptions hold, the Kalman Filter completely and exactly characterizes the prob-
ability distribution of the state. It is then the optimal method for conducting sequential

Bayesian inference. The assumptions of Kalman filter are:
® p(x0) = N(my, Cy)
o p(xklxi-1) = N(fe(xk-1), Zk)

o p(zilxk) = N (he(xx), Tx)
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o fi(xx) and hg(xx) are known linear functions of x.
e mgy, Cy, Xt and [’y are known.
o X — fe(Xx_1) and zx — hg(x)) are uncorrelated.

where N (m, P) is a Gaussian distribution characterized by its mean, m, and covariance, P.
It is worth noting also that the final assumption can be circumvented by transforming the
variables such that the assumption holds.

The Kalman filter works because, if p(X_1|z1.4—1) and p(xx|xx—1) and p(zx|xx) are all
Gaussian distributions then so is p(xx|z1.). It is possible to prove the same recursion us-
ing a Least Squares (LS) argument, through such an approach recursively describes, not

characterizes, the distribution.

P(Xp—1]|216-1) = N(mk—1|k—1,Ck—1|k—1)

P(Xk|Z1k-1) = N(mpg—1, Cijp-1)

= N(fo(mp—1jp-1), Zk + FeCrorpr1 FY) (3.47)
p(Xxlzie) = N(mgy, Cyg)
= N(mygg_1 + WiZijk—1, Crjk—1 — Wi HgClje—1) (3.48)

where my;y and Cyyi are respectively the mean and covariance of the distribution of the state
at time k given data up to time k’. The functions fi(Xj) and hx(Xy) are linear functions,
which can include bias terms. €2, and W}, are the covariance of the innovation term, Zgjx—_1,

and the Kalman gain, respectively.
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Zph—1 = Zg — Zgg-1 (3.49)
Zep—1 = ha(mgg_1) (3.50)
dfe(X)._1)
F, = 2y 51
k dx;, / (3:51)
Xpo1™Mg_1)k—1
dhy(x},)
H, = - 3.52
dx;, , ( )
Xp=Mg|p—1
Q= HpCp—tHT + Ty (3.53)
W, = Ck|k_1HgQ;1 (354)

An interesting point to note about the recursion formed by (3.47) and (3.48) is that
there is no effect of the measurement on the covariances of the normal distributions. The
covariance is defined entirely by the matrices the comprise the system, Fy, Hy, T, Ik,
Cy. If the system matrices are known and constant over time, then the covariances can be
precalculated. It is also worth noting that in such cases, the covariance will tend to a value.
This means that, after some initial period, the uncertainty is constant. This steady state is
the result of a balance between the increase in uncertainty as a result of the prediction step
and the reduction in uncertainty due to the update step. This observation leads to the o — (3

filter, which can be viewed as a special case of the Kalman filter.

3.2.2 Grid Based Filter

The Kalman filter is not the only optimal algorithm for sequential inference. The grid based

filter is another example of an optimal recursion resulting from a different set of assumptions.

e The state space is discrete and at any time, k£ — 1, consists of a finite number, Np, of
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state at xi_l, j=1:Np.
® p(Xo) = Z] 1w0|0 §(xo0 — x7)
o p(x]|xL_,) and p(zs|x}) are known.

For each state Xi_l, let the conditional probability of that state, given measurements up
to time k& — 1 be denoted by wi_ll x_1- Lhen, a recursion can be derived for the posterior pdf

at time k — 1.

N
P(Xp-1|Z1k-1) = pri_llk_lé(xk—l - Xi-1) (3.55)
o
p(Xk|Z1k-1) = Zwi”ﬁ_lfs(xk —x7) (3.56)
Nil
p(Xklzin) = > whd(xy —x}) (3.57)
"~ (3.58)

The weights can be calculated in terms of the transition and observation probabilities.

Np

wi[k—l = Zwé—llk—lp(xilxé—l) (3.59)
1=1
, w! p(zk|xj)
why = N,,k'k — (3.60)
wklk \P(2zx]x})

The above does assume that p(x.|x%_,) and p(z|x}) are known, but does not constrain the

particular form of these discrete distributions.
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3.2.3 Extended Kalman Filter

In many situations of interest, neither of these sets of assumptions hold. It is then necessary
to make approximation. If p(xo), p(xk|xx—1) and p(zk|xx) are approximated as Gaussian and
fr(xk—1) and hi(xy) are approximated as linear, then the recursion described above becomes

the Extended Kalman Filter, EKF.

p(Xk-1|Z18-1) = N(mk—uk—l, Ck—l|k-1)
p(Xkl|Z16-1) = N(mk|k—1, Ck|k—1)
~ N(fe(mg_ip-1), Sk + FiCro1jp1 FY) (3.61)
p(xk|z1k) =~ N(myy, Cypi)
~ N(myjp-1 + WiZgjg-1, Crjp-1 — WiHkCryp-1) (3.62)

Such a local approximation of the equations may be a sufficient description of the non-
linearity. However, it is common that it is not. A better approximation can be made by
considering the above approximation as using the first term in Taylor expansions of the
nonlinear functions, fx(xx—1) and hg(Xx). A higher order EKF that retains further terms in
the Taylor expansions exists and results in a closer approximation to the true posterior. The
additional complexity has prohibited its widespread use.

Recently, the unscented transform has been used in an EKF framework [11]. This ap-
proach considers a set of points that are deterministically sampled from Gaussian approxi-
mations to p(xx—1|2z1..—1). These points are all propagated through the true nonlinearity and
the parameters of the Gaussian approximation are re-estimated. This filter is equivalent to
a higher order EKF and its algorithmic simplicity makes it more attractive that the higher
order EKF.

If the true distribution of non-Gaussian then a Gaussian, however good approximation,



CHAPTER 3. DETECTION AND TRACKING 23

can never describe the distribution well. It is possible to approximate the state space as
consisting of a grid of points and then use an approximate grid based approach. This is
frequently the approach taken by the speech processing research community. In such cases,

approximate grid based filters yield an improvement in performance in comparison to that

of EKF [1].

3.2.4 Particle Filter

In traditional state estimation problem, the Kalman Filter (KF) which is the best algorithm
for linear Gaussian system, is used extensively. It fails for nonlinear system and its variant,
Extended Kalman Filter (EKF) which approximates the system models to fit into linear
Gaussian frame work, also fails for the case of high nonlinear and non-Gaussian system.
Rather than approximating the models in order to be able to fit a distribution of a given
type to the posterior, a particle filter explicitly approximates the distribution so that it can
handle high nonlinear non-Gaussian models. The approach has also been known as bootstrap
filter [9], condensation algorithm [14] and sequential Monte Carlo filtering [8].

In particle filtering, the required posterior density function is represented by a set of
random samples (‘particles’) with associated weights [2] [9]. Let {xf;_l};yjl, with associated
weights {wi_l};v:;’l be the random samples representing the posterior density p(xk_1|z1:k-1)
of the state vector x; at time epoch k, where z;.x_; is the set of all measurements available
at time k. The weights are normalized such that Z;.V:Pl wi_l = 1. There are many variants
in particle filter. The simplest and widely implemented variant is Sampling Importance

Resampling (SIR) particle filter which is also used in this thesis.
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SIR Particle Filter

Sampling Importance Resampling (SIR) [21], [26] propagates and updates the particles in

which the p(xx_1|z1.x-1) is represented by equally weighted particles. Then,

Np
1 .
p(Xp—1|Z18-1) = N_P E 6(Xp—1 — X4,_y) (3.63)
j=1

where §(-) is the Dirac Delta function. In this thesis, the prior density, p(xx—1|21.) is chosen
as the Importance Density. The propagation and update of the particles in SIR method are

given as follows.

Prediction Take each existing sample, xi and augment it with a sample xzj ~ p(xk|xi_1),
using the system model. The set {x,:j };Vz”l gives us an approximation of the prior, p(xx|z1.k-1),

at time k, i.e.

Np
1 g
P(xklzie-1) & 5 > 8(xk — x}7) (3.64)
j=1

Update Importance Weights: At each measurement epoch, to account for the fact that
the samples, xZ{rl are not drawn from p(xx|z1.x), the weights are modified using the principle
of Importance Sampling. When using the prior as the Importance Density, it can be shown

that the weights are given by

wi x p(z(k)|xg = x,:j, Zik-1) (3.65)
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Reselection: Resample (with replacement) from {x;’ };.le, using the weights, {w;’ };VZPI, to
generate a new sample, {xfc};vjl, then set w) = 1/Np for j = 1,...,m. We then have:
1 & ‘
p(xk|z1k) ~ v ; 6(xk — x3) (3.66)

At each stage the mean of the posterior distribution is used to estimate, X;_; of the target

state, xx_1, i.e.

X = Efxi|z14] (3.67)
= /ka(Xk|Z1:k)ka (3.68)

1k e o
Ro— ) X 3.69
NP; ¢ (3.69)

We use regularization to over come the degeneracy problem of the SIR filter.

3.3 Data Association

The data association problem is that of associating the many measurements made by a sensor
with the underlying states or tracks that being observed. It includes issues of validating the
correct measurement to the correct states or tracks, and initializing, confirming or deleting
tracks or states. Whereas conventional estimation (discussed in section 3.2) is concerned with
uncertainty in measurement localization, data association is concerned with uncertainty in
measurement origin. Section 3.3.1 introduces a common measurement validation technique.
The goal is to reduce computational costs by avoiding having to search for the measurements
in the entire measurement space. The Probabilistic Data Association Filter (PDAF) for

single targets and the Joint Probabilistic Data Association Filter (JPDAF) for multiple
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targets are reviewed in section 3.3.2 and 3.3.3 respectively.

3.3.1 Gating

In tracking applications, following the signal detection process that yields measurements,
there is a procedure that selects the measurements to be incorporated into the state estima-
tor. A gate is set up and the detection within this gate can be associated with the target
of interest. If there is more than one measurement in the gate, this leads to an association
uncertainty. Usually the gate is formed in terms of the normalized innovation vy which is
defined as,

Vi = Zpe—1 S Zaps (3.70)

where Z;_1 and (), are in the innovation of the given measurement and innovation covariance
and defined in (3.49) and (3.53) respectively. Assume that the true measurement, Zy, is

Gaussian distributed with its pdf given by:

p(zk|Z1k-1) = N (Zjk-1, %) (3.71)

The pdf of the innovation, zg_,, is

. 1 ~v}
P(Zrjp—1) = COLENEE exp —

(3.72)

where d is the dimension of the measurement vector and || is the determinant of £2;. Thus,

the true measurement will be in the following region:

G(7) = {z:v* <7} (3.73)
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with probability determined by the gate threshold «. The region is called gate. The simplest
method for data association is the Nearest Neighbor data association. It considers the

measurement which is shortest distance from predicted mean as the associated measurement.

3.3.2 Probabilistic Data Association (PDA)

In case of a single target in clutter, more than one measurements may be validated that fall
into the gate. Rather than taking a single measurement, it updates the track with all the
validated measurement. It calculates the association probabilities for each validated measure-
ment at the current step to the target of interest. This probabilistic (Bayesian) information
leads to a tracking filter called PDA filter (PDAF), that accounts for the measurement origin

uncertainty.

Assumptions:

e There is only one target of interest

the true measurement is Gaussian distributed with pdf

p(zklzlzk-—l) = N (2k|k_.1,Qk)

At each time step a gating region is set up

At most, one measurement can be target originated. The remaining measurements are

assumed due to false alarm or clutter.

The target detections occur independently over time with known probability Pp
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The latest set of validated measurements at time step k is denoted as
Z 2 {zp1, - Zhm ) = {2051 (3.74)

where each measurement 2z ; is the j — th validated measurement. mj is the number of
measurements in the validation region at time step k. The sequence of all measurements is

denoted as

Zok 2 {2y, Zi} = {Z;}}_, (3.75)

To model the situation in which a target has not been detected, we introduce z;o as a

Null-measurement. Furthermore, we define the association events 0y ; as
Ok ; = {zk; is the target associated measurement} j=0,...,my (3.76)

The association probability G ; is defined as the conditional probability of an association

event

Brj = P(6k;lzn;) (3.77)

and by using the total probability theorem, the conditional mean of the state at time step &

can be written as

X = F(xk|Z1x]

my
= Z E [xx|0k.;, Zy4] Br.j

i=t

mg
= > Rk By (3.78)
j=1

where Xy ; is the a posteriori state conditioned on the event 6 ;.
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3.3.3 Joint Probabilistic Data Association (JPDA)

The Joint Probabilistic Data Association (JPDA) approach is the extension of the PDA
approach. The same assumptions as in the PDA approach are to be considered, besides that
there is a known number of targets Ny instead of a single target. The index ¢ designates
one among the N targets. In the JPDA approach, the measurement to target association
probabilities are evaluated jointly across the targets. After gating, a validation matrix that
indicates all the possible sources of each measurement can be set up. From this validation

matrix all the feasible joint association events are obtained according to the rules
e one source for each measurement
e one measurement (or none) from each target

Let 6 denote the joint association event (the time index is omitted for simplicity where it
does not confuse) and 6, is the particular event which assigns measurement j to target t.

To evaluate the marginal association probabilities
Bit = P(6;41Z14) (3.79)

it is agsumed that the estimation problem is Markovian, thus the joint association probabil-

ities are given by

P(0|Zyx) = P(0|Zk,Z14-1)
= P(GIZk,Xl;NT)

. %p(zk 16, %1.87) P(O]x1.n7 ) (3.80)
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where c is a normalization constant. The term P(8|x;.n,) corresponds to the probability of

the assignment 6 given the current states of the targets. We approximate this term by
P(0]x1.n,) = PYT™"(1 — Pp)" (3.81)

where Pp is the probability of detection, and n is the number of assigned Null-measurements

zg. By assuming that the measurements are detected independently of each other, we get

P(Zil0, x1v,) = Pps ™ I pie (3.82)
0;,t€8

where Pr,4 is the probability of false alarm and p;; is the association likelihood that mea-

surement j assigns target ¢. It is determined by

. et (3.83)
T ex .
Pit = amyariag iz &P

where 2, is the innovation covariance matrix and v;; is the normalized innovation between

the measurement j and the predicted measurement of target ¢:

v, =7, 5y (3.84)

it T Tt
Thus the probability of an individual joint association event is given by

P(8|Z14) = PYT(1 = Pp)"Prs™ ™ T py, (3.85)

0;,1€0
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Then the marginal association probability is given by

Bia= D P(0|Z1x) (3.86)

0:0;,,€6

The estimate of the #** target is given by

Rkt = F[XptZix]

mg
= Z E [Xk;,t'aj,t) Zl:k] /ijt
=1

mg
= D RipseBi (3.87)
j=1

where Xy ;¢ 1S the a posteriori state of target ¢ conditioned on the event 6.



Chapter 4

Joint Detection And Tracking

In this chapter, a novel algorithm is developed to explore the use of tracking information in
detection (and vice versa) through joint detection and tracking. This enables us to jointly
detect and track more than two unresolved targets using a monopulse radar with ideal single
bin processing. This requires the transformation of the target state into detection parameter
space, which involves high nonlinearities. The SMC method, which has proven to be effective
in nonlinear non-Gaussian estimation problems, is used to handle the nonlinearities. In
addition to the standard SMC steps, the hypothesis testing for detection is performed in each
recursion, which is facilitated by likelihood computation through Monte Carlo integration of
the particle filter. The formulation of the single recursion of the algorithm is given in the
following section. It is also described with the help of a simple block diagram in the last

section.

4.1 Single Recursion of the Algorithm

Consider a single recursion of the recursive Bayesian procedure of the SMC method for the

closed-loop tracking of multiple closely spaced targets. At time k—1, the tracking information

32



CHAPTER 4. JOINT DETECTION AND TRACKING 33

is represented by particle set {xJ" | wi? | ;,VzPl Nr . where Ny is the number of tracks and Np
is the number of particles per track. The particle state, x, includes the target’s kinematic
state and the Average Radar Cross Section (ARCS) of the target. According to the Sampling

Important Resampling (SIR) particle filter, the particles are predicted as
x)'~ foper (XEXE) F=1,.,N,; i=1,.., Ny (4.88)

where fix_1(-|) is the state transition model.

The radar resource managing routine determines the pointing direction for the next dwell,
Np Nt

3 3 3 11 .7»7' .7!1’ Jvz — .]77'
0k, by considering these predicted positions {xk wk|k_1} where Wiy = Wiy The

j=1 i=1
signal parameters, ®* = [agji o) neji]T, corresponding to each particle is evaluated by

using monopulse radar model from [12], [30].
O ~g(x",0:) j=1,.,N,; i=1,..,Ng (4.89)

where aypj; is the average signal amplitude, n;; is the bearing DOA and 7;; is the elevation
DOA of the j** particle of target i.

The observation set, Y = {ykm}nﬂfil, is received for the dwell on the pointing direction
0k, where M}, is the number of detected cells after thresholding, yi* = [rkm [zZl]T} T, T s
the m!" detected range bin centroid and z]* is the matched filter output of the m** detection.
Assume that, after gating, N, tracks are corresponding to these detections. The validation
matrix is constructed according to this gating [3], and different hypotheses are constructed
for all possible events from the validation matrix. The hypothesis, Hy, is the one of the
feasible events that are determined by the following assumptions of the ideal bin processing

for unresolved targets:

e Each target falls into at most one cell
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e Each detection may be due to any number of targets

Assuming independent detections, the likelihood of the ht* hypothesis, Hy, can be written

as
My,
A(Hp) = p(Yi|Hy) = H p(yi'|Hr) (4.90)
m=1
Using the total probability theorem, p (y}*|Hy) can be written as

p(yi'lHn) = LN o p(yrI@n, Hy) p (Bt | Hy) - d@N

= Eygtnp,) {4} (4.91)

where N, ;, is number of targets that cause the m™ detection according to hypothesis Hy,, and
E{-} means the expectation operator. &=+ is the stacked parameter vector corresponding

to the NV, targets of detection m given by
N, T i\T Noniy 1] 7
Phmn = [(cpk) (BT (@Y (4.92)

In the above, p is the joint likelihood of the measurement given the stacked parameter vector

@Nmn, That is,

po= p(yp|oNmr, Hy)
= p(ry|®"h, Hy) p (27|@™n, Hy)

= p(rp|XNmr, Hy) p (27| @Y, Hy) (4.93)

with X¥m+ being the stacked state vector corresponding to ®m+. The first term in (4.93)

is the probability of the event that N, targets fall into the m‘* cell and has uniform
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probability density function (PDF). The second term is the likelihood of signal z}* given the

stacked parameter vector and has Gaussian PDF, which is given by (2.36).

Using Monte Carlo integration (8], (4.91) can be approximated as follows:

1 Np Np Np
PORIHY = 2D o D o D
€ qr=1 ji=1 Ny =1

where s is the set of the pair of indices of targets and particles given by

s = gty i G5 [N ]}

(4.94)

and p is the joint likelihood of the particle set corresponding to s and evaluated using (4.93).

There are N, = (N,)Vm* possible combinations of particles and denote them by S = {s}.

Particles are updated with marginal likelihood, A\%¢, which is given by

Ni= 3" p, with S%={s:s€8[ij]es}

s € St

The updated weight is given by
wit =w NP j=1,..,N,; i=1,..,Nr
The hypothesis testing yields the correct detection event, i.e.,

A

H =argmax A(Hp)
Hy,

(4.95)

(4.96)

(4.97)

The corresponding updated particle set is taken as the correct representation of the posterior

states of the targets at time k£ and that completes a single recursion.
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4.2 Block Diagram for Recursion

Figure 4.4 depicts a simple block diagram of the algorithm and its key steps. The key steps

are
e Predicted states are used to evaluate the detection parameters.
e They are also used to determine the pointing direction of the next dwell.
e Measurements are received for the dwell on the pointing direction.

e With the availability of measurements and predicted tracks, all possible events are

formed.
e Likelihoods of all hypotheses are computed using Monte Carlo integration.

e The particle sets corresponding to the best hypothesis is taken as the correct represen-

tation of the target posterior.



Chapter 5

Posterior Covariance of Target State

In this Chapter, the posterior covariance of the target state is derived to assess the perfor-
mance bounds of the algorithm developed in Chapter 4. The recursive Riccati-like formula
for the Fisher Information matrix for nonlinear state estimation from [27] is used to derive the
posterior covariance of the target state. The inverse of the Fisher Information Matrix (FIM)
is the Cramér-Rao Lower Bound (CRLB). The fundamental theory of behind the CRLB for
parameter estimation can be found in [28] and the details of the Posterior Cramér-Rao Lower
Bound (PCRLB) for state estimation can be found in [27]. The following section gives a

brief background on CRLB and in the last section, the PCRLB of target states is derived.

5.1 Background

Let Z represent a vector of measured data and X(Z) be an unbiased estimate of a parameter
vector X. The Cramér-Rao lower bound for the estimation error covariance, C, is defined to

be the inverse of the Fisher Information Matrix, J, i.e.,

C2E {[X ~ XX - X]T} > J! (5.98)

38
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where J is defined in [28]. The inequality means that the difference C' — J~! is a positive

semi-definite matrix.

5.2 Posterior Cramér-Rao Bounds for Target State Es-
timation

According to [27], the sequence of information matrices, {J}}, for the state vector {x%} of

target ¢ obeys the recursion
i i i ; 115\~1 ~124
Ji = D — Dy (Jios + Dk—l) D (5.99)

where Ji and J}_, are Fisher information matrices of target i at time k and k—1, respectively,

and

DY = E{-A%logp (xixiy) }

_ FTQF (5.100)
D = B{-a% logp (i)}

— _QF (5.101)
DR = E{—Ai%‘llogp(XQIXi—l)}

_ _prgn (5.102)
D = B{-Atiogp (b)) + B {-A% ogp (7))

= Q'+ 7 (5.103)

In the above, A is the Hessian operator, F'is the Jacobian of the nonlinear process function f,

@ is the covariance matrix of the addictive process noise and Ji; = E {—Aﬁ; logp (y,’c”|x§c)}
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(5.99) can be simplified using the matrix inversion lemma in [4], and written as
Ji=[Q+F(J_) ' FT| 7+ J¢ (5.104)
where Jy is the information contribution from associated measurement y3*. In addition,

5 = E{-8%1ogp(ypixi))
}

= FE {—Aié logp (r?lx}c) +FE {*Ai% logp (me?c)}

= J 4+ J: (5.105)

where
Jio= E{—Axi;logp(rﬁx}c)} (5.106)
I = E{-—szlogp(zmx;)} (5.107)

The information contribution from range measurement, J?, can also be written as

J= E{[vleogp(r;:’lxi)] [inlogp(rz"lx%;)]T} (5.108)

xp=xbi
The range measurement uncertainty is uniformly distributed within the range bin and ap-

proximated as Gaussian in this computation. Thus,

p (%) =N (Fis it of) (5.109)

r

where 7{ is the predicted range of target 4 that is equal to \/ xi (1) +xi(3)° + xi(5)%, o2 =

T
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5%/12 and b is the range bin size. The gradient, V: logp (ri*[x}), can be written as

Vo logp (i) = ETE) 1) 0 54(3) 0 5(5) O
k“r
= v (5.110)
Therefore,
i __ T L
o= BT e (5.111)

If the m*" detection is due to targets i = 1, ..., N,,, the information available in monopulse
signal z}* is shared by them. Therefore, this information J, can be written in terms of the

information contribution to each target of (5.107) as follows:

X = [X}CT, very XZT - xchmT}T (5.112)
and this is corresponding to the stacked state vector xi, and can be written as

J, = diag ([J;, .., Ly ..., I"]) (5.113)
The information matrix .J, can also be written as

Jo = B{ [V l0gp (4] [V, logp (7 x5)]” } (5.114)

Xp=X0k

where the likelihood function, p(z}]'|xj), is given by (2.36). Let us define vector a =
[CLH Qoo QA33 Q1 Qg3 CL13]T which contains the distinct elements of Pl- Slmllarly, de-

fine b=[b;1 bey b3z b1z b3 b13]T, which contains the distinct elements of the inverse
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of P;. The gradient Vy, log p (z}*|xx) can be written as

1 . 1
Vx, logp (zt|xx) = —§ka (2P~ 'z)) — §ka log | P|
1 m - m 1 m - m
= —3Vx (27 P '2g) — 3 Vxi (251 P1 ' 251) — Vi, log | 1|
1
=~V (i + 15)"b - V,, logc (5.115)
where
2% = [s; dor derx]”  (in phase part of the signal)
zor = [Sor  dbgr der]T (quadrature part of the signal)
T
L = [s’ dox’ dens® 25mdork 2dorpdere 28ixden)
lp = [SQk2 deor”  degr®  25ordbor  2dpordeor QSdeer]T
c = |P1| = Q11022433 — ana§3 - a%2a33 + 2a12a13a23 — af3a22

It can be further simplified as

1 r d d ™ od
S +10) T —=b+ [ — —
2 (lr+1o) da * (da logc) } alxka

= v (5.116)

Vi logp (zi'|xx) = —
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where the Jacobian d%b is given by

[ 2
€ el e €1€, ele. epe,
-4 (gg — 4L gy — U —ae —2a93 — 4%
2
_ e &8 _ eze3 _e2e4 _ezes
a33 (4 c all [+ [+ [+
2
ere e2€ € ese. ese!
d, _1_ az — 98 gy — 2% -3 —2ay, — 24 ——
da C ee ese eze eqe ese
G e —aip + B —qyy + Y2 a1z + 8L
_ eles ezeg eses eqes _ eseg
Qg3 + = < A a1z + =% ai + =
€1 € €2 € €3 € €46€: e5e
] e —ay3 + 222 Lo Qg3 + 2 a1 + B2
The gradient d% log c is given by
1
_ T
—loge = =le1 e ez eqs e5 e
da c

with

_ 2
€1 = Q22433 — Qg3

_ 2
€2 = 110433 — Q33

_ 2
€3 = Q11022 — Q15
es = 2(a13023 — a12a33)
e = 2 (a12a13 - a11a23)
eg = 2 (a12a23 - a13a22)
€7 = (12033 — 13023
€g = Q11023 — 012013
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and the Jacobian #ka is given by
d A A o Awl]
—_—a = .
ka 1 4 Nm
with
0 0 0 0 0 0
—277bﬂ?£’nxfk(3) 0 2nbik?nxfk(1) 0 0 0
(FLr)? (Frn)?
—2ne:k2, % (1)x (5) —2ne:kE, x5 (3)xL (5) 2neikE, 7L,
A=a G 0 G 0 Zayrt 0
¢ 0i _k?nxlﬁ(3) 0 —k,’?,lx’k(l) 0 0 0
(Fhn)? . (Frn)?
—Meikin X, ()  meikgyx} (1)} (5) Moikbn X (1) neskg,xE (3)x}(5) Neikg, 7L
GAE GNP G P AL
ik, XL (1)x (5) 0 —neikg, X}, (3)x} (5) 0 TFnti
L (FL)% [GAR (72 d

In the above, 7%, is the azimuth range given by 1/xi(1)* + x(3)>. In the above differ-
entiation, a linearly approximated monopulse error function (2.33) is used. Therefore, the

information contributed by monopulse signal measurement is
Jo = E {v0"} |y (5.118)

This expectation can be computed using Monte Carlo integration.



Chapter 6

Simulation Studies

In this chapter, results of the simulation studies for the algorithm that was developed in
Chapter 4 are presented. There are two objectives for our simulation studies: the first is to
evaluate to the performance in terms of track purity and the second is to analyze its tracking
error performance relative to the PCRLB derived in Chapter 5. The first scenario used in
the simulations is shown in Figure 6.5, where three aircrafts that are initially resolved and
travel such that they approach each other with linear motion for 20 s and then make a
coordinated-turn for 20 s so that they are brought into a convoy formation. During this
period, the targets start to become unresolved. After 5 s of convoy movement, during
which the targets are fully unresolved, they start to separate with 20 s of coordinated-turn
followed by linear motion for 20 s. During the convey movements targets move with a
constant velocity of 100 m/s in parallel courses separated by the distance of 0.4 km. The
ARCS of each target is 1.4m?.

The radar is located at the origin of the coordinates. The radar is a nominal 4 GHz
phased array using amplitude comparison monopulse with uniform illumination across the

array. A waveform of four subpulses (frequency diversity) is used. In this simulation a
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discretized white noise acceleration model [4] for target’s kinematic state transition model
and a white noise process model for ARCS transition model are used for state transition

model in (4.89). That is,

Sip—1 = Fé1p—1 +Tv (6.119)

Oklk—1 = Ok—1k—1T N (6.120)

where £ is the target kinematic state, ¢ is the target ARCS, v is a Gaussian noise vector
realization with independent components having a standard deviation of 10 m/s?, each n is

a white noise with standard deviation 0.05 m? and the matrices F' and I are given by

(15 0 |

00 0
010000
_|oo1s00
000100
0000134
00000 1]
(522 0 0 |
5 0 0
| ooer o
0 5 0
0 0 &/2
0 0§

where § is the time duration between the two consecutive dwells.
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The results from 50 Monte Carlo runs are presented below. Figure 6.6 shows the 50
Monte Carlo run average. The average tracks are almost following the truth with degraded
performance during target maneuvering intervals. The estimated tracks of 50 Monte Carlo
runs are overlayed in Figure 6.7, which demonstrates track purity. Figure 6.8 shows the
average position Root Mean Squared Error (RMSE). It shows how the uncertainty increases

with the number of targets and reduces once the targets are resolved again.
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Figure 6.5: Target trajectories of the first scenario
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Figure 6.6: Tracks from 50 Monte Carlo runs (average tracks)
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In the second part of this study, a scenario set similar to the eighth set of target trajec-
tories in [30], which consists of a number of inbound aircraft flying along parallel courses, is
used with the same radar setup as in the first simulation study. The aircraft have an initial
range of 70 km and maintain a constant velocity of 200 m/s with a separation of 0.4 km so
that they are unresolved during the whole period considered in the simulation. The ARCS
for all targets is 1.4m2. The trajectories for the scenario with three targets is shown in
Figure 6.9.

Figure 6.10 shows the estimated position RMSE and the corresponding lower bounds
for the single target case. As expected, the algorithm performs well, matching the lower
bounds. For the case of two targets, as shown in Figure 6.11, it is approaching the lower
bound and agrees with results of [23]. Similarly, it is somewhat approaching for the case
of three unresolved targets as shown in Figure 6.12. This is a clear demonstration of the

possible detection of more than two targets with the help of tracking information.
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Figure 6.9: Target trajectories of the second scenario set with three targets
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Figure 6.11: Average position RMSE and posterior position standard deviation lower bound
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Chapter 7

SUMMARY

7.1 Conclusions

An algorithm is developed to jointly detect and track unresolved targets with a monopulse
radar using ideal bin processing. It explores the use of tracking information in detection. For
this purpose, it constructs the hypotheses for the possible detection events and selects the one
with the highest score via hypothesis testing. The particle filtering method makes it possible
to evaluate the likelihoods of the hypotheses through Monte Carlo integration. The particle
set corresponding to the best hypothesis represents the target posterior. Posterior covariance
is derived to assess the algorithm using a recursive formula for the Fisher Information Matrix.
Simulation studies confirm the possible joint extraction and tracking of more than two targets

using single bin processing.

57



CHAPTER 7. SUMMARY 58

7.2 Recommendations for Future Work

In this study, we considered ideal single bin processing, where target returns are assumed to
be at only one matched filter sampling point. But, in real-world problems, target returns are
spread over more than one sample point. The joint bin processing for this target spill-over
into adjacent bin has proven to improve the detection [31,32]. Keeping this in mind, current
work can be extended to exploit the target spill-over so that the estimation accuracy could
be improved. The second possible extension of this work is to accommodate automatic track
initialization and termination. In the current implementation, only the maintenance of the
tracks corresponding to multiple unresolved targets is considered. With suitable birth and
death models, the current work can be extended to handle more realistic problem where

targets appear and disappear intermittently.
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