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Abstract — In this paper we describe some special aspeatsflected power, see figure 1. The method is called Track
of a particle filter multi target track before detect applicaBefore Detect (TBD), see also [11], [18] and [19].
tion. Track Before Detect (TBD) for radar, even in a single

target setting is a hard nonlinear non-Gaussian trackin\%deo tracks
problem. Here we will concentrate on a multi target TBD ~ — "] detect|—] cluster extract track (7>
application, where the objects of interest might be closely TBD

spaced. We will focus on a typical setting, in which a hard

inequality constraint on the target speed naturally arise;igure 1: Classical data and signal processing (seperate

We implemented the constraint in two different ways aipghxes) and TBD (large box)

discuss the effects on detection and accuracy. Furthermore,

we give some attention to the important issue of sample sizgf we |ook at figure 1 we see that in classical tracking (i.e.

depletion in a particle filter. We show that in the applicatiofhe separate blocks) a local detection decision is made di-

under consideration the effective sample size may dramgietly on the basis of the raw measurement from one single

ically decrease. This is also illustrated by means of an excan. This means that already at the beginning of the pro-

ample. Also, methods to alleviate this effect are discussegkssing chain a hard decision is made. Note that this deci-
sion is made instantaneously, i.e without using information

Keywords: Particle Filters, Nonlinear Filtering, Targetfom the (near) past.

Tracking, Radar, Constraints L )
In TBD the decision is made at the end of the processing

. chain, i.e. when all information has been used and inte-
1 Introduction grated over time. Note that information in a track has been

. . ) obtained by integrating over time). This method is espe-
Classical tracking methods take as an input so called . ; . .
. , ) i crally suitable for tracking weak targets, i.e. targets that in

plots, that typically consist of range, bearing, elevation a

I't]He classical setting often will not lead to a detection.
range rate (doppler) measurements, see [1] and [2]. In

this classical tracking setting tracking consists of estimat-In this paper we will show some special aspects of a
ing kinematic state properties, e.g. position, velocity af@ulti target track before detect application. The multi target
acceleration on the basis of these measurements. TBD application under consideration has been extensively

In the classical setup th ‘ h ¢ (t:iescribed in [23] and [25]. Here, we will focus on two spe-

nthec gsswa se_ upthe meas_uremen S are_ e ou pucgﬁ topics. The first one is the topic of constraints. We
the extraction, see figure 1. In this setup there is a process; .
. : . . _ . “Will show that a constraints on parts of the state space nat-
ing chain before the tracking, this processing chain consists . .

i , . - urally enter the problem formulation. We will propose two

of alocal detection stage, in which thresholding takes place . . . .

lusteri A q iracti ; " 1 methods of incorporating the constraints and discuss the ad-
aclustering stage and an extraction stage, see figure L. vantages and disadvantages of both methods, see also [3].

In the method, that we consider here, we will use as meadrthermore, we will show that the performance of the sys-

surements, the raw non-thresholded measurement data, tew.is actually enhanced by incorporating these constraints.



The second topic that we will discuss is the topic of the ef- The algorithm from [20], is a 'standard’ particle filter
fective sample size, see e.g. [3], [8] and [17]. We will shownplementation, without bells and whistles. Different and
that in the application at hand the effective sample size mapore efficient algorithms for (multiple model) particle fil-
drop dramatically at a Markov jump, i.e. a mode transitiotiers exist, see e.g. [8].

The severity will be shown to depend on the SNR. We will

. : . N . ) It is known that the standard algorithm guarantees con-
illustrate this and give possibilities to alleviate this effect.

vergence in amlmost suresense, of the empirical distribu-
Also in the very recent book on applications of particléon

filters, see [9], an entire chapter, i.c. chapter 11 is devoted

to TBD and its solution by particle filter algorithms.

N
1 . .
. H(skmi | Zi) =Y ~=0((s,m) — (8}, m}))
2 System setup and general particle &N o

filter algorlth m to the true, but unknown, a posteriori distribution of inter-

We will define here a very general system setup that §5° e.p(sk, my | Zi), if the number of particles, tends
- . to 1Jnfmlty. See [7], for more detail and a good overview of
used as the core system description for the remainder 0
i convergence results.
this paper.

Consider a general nonlinear jump Markov system: 3 System setup _ application

Ska1 = ftr, Sk, mp, wy), k€N (1) In this section we will describe the models that will be
. . used in the TBD application. We will describe the system
P = = j} = [I(tx)]s; 2 .
rob{my 1 =i | my = j} = [H(t)]i 2) dynamics models and the measurement models. More de-
zi = h(tk, sk, mi, vi), k€N (3) tails on the description can be found in [23] and [25]

Wheres, € § C R™“w is the base state of the system, Dynamics:

my, € M C Nis the modal state of the system), € R? is ) ) )
the measurement;, € R is time, wy, is the process noise A widely used model is the constant velocity model, see

andpu (k.4 (w) i the probability distribution of the pro- ©-9- [1, 2]. This model is used to describe the position
cess noiseyy, is the measurement noise angl . 4, (v) is and velocity using Cartesian coordinates. Furthermore the
e

the probability distribution of the measurement noigés model has an additive process noise term. The discrete-time

the system dynamics functioh,is the measurement func-SyStem dynamics of this model is of the form:
tion, I1(¢;) is the Markov transition matrix.

Sk+1 = f(tk,sk,mk) —|—g(tk,sk,mk)'wk (5)
DefineZy, = {z1,..., 2z} where
The optimal hybrid filtering problem, see [20], can be 10T o
formulated as follows.
. o g, Sk, ME) = 010 T Sk (6)
Problem 2.1 (Optimal hybrid filtering problem) F(tr, si, 00 1 0 |°*
Consider the system represented by the equations (1), (2) 0 0 0 1

and (3). Assume that the initial pgfsq, mg) is available.

. _ , . . T
The hybrid filtering problem is the problem of constructing/'th the state vectos; = [k, Yoo Tk, ] Wher?_‘r » and
the a posteriori pdf Y are the positions andy, andy;, are the velocities. The

process noisey, is assumed to be standard white Gaussian
p(sk,mp | Zy) (4) noise.T is the revisit time, which has been assumed to be
constant here, this assumption can be relaxed.

Particle filter solution . o
The process noise input model is given by

A standard particle filter algorithm for hybrid systems,

i i i i iori l(fla:r.ﬂ%aa:)j—'2 0
see [20], will result in an approximation of the a posteriori 2\3%z, " )
filtering distribution G(tn, S5, mp) = oY 3 (30y.max)T @
§ax,ma3:T 0

p(3k7mk | Zk) 0 %ay,mamT



with maximum accelerations, ... anday, maqa- with

Measurements: re = /TR 4y} (12)

The measurements are measurements of reflected power. . 1 . .
: dp = tr=——=(zrir +yge)  (13)
One measurement;, consists ofN,. x Ng x N, power 22 +y?
measurements,’jl, where N,,, N; and N, are the num- n
ber of range, doppler and bearing cells. In figure 2 we b = arctan(xk> (14)

have plotted power measurements for a fixed bearing an-_ ) )
gle, but as a function of different range and doppler. TtYéh'Ch are the range, doppler and bearing respectively of

power measurements in this figure correspond to a targé? target.R, D andB are constants, related to the size of a

that has a SNR of 13 dB. The power measurements FSQPge’ adopplerand a bearing cél}., Ly andL, represent
constants of losses.

This setup is easily extended to a multi target setup, see
[23] and [25] for more details. In the proceeding we iden-
20 , tify three modes: mode 0, i.e the mode corresponding to
no target present, mode 1, the mode corresponding to one
target present and mode 2, the mode corresponding to two
targets present. The Markov matrix for the mode transitions
is given by

0.90 0.10 0.00
I(t) = | 0.10 0.80 0.10
0.00 0.10 0.90

Rengo oo 0o 4 Dealing with constraints

Doppler cell

Figure 2: Power of a target in noise (SNR 13dB) as afunc—In many target tracking applications const_ralnts on the
. state (or part of the state) of the system are imposed. Ex-
tion of range and doppler cells

amples are:
range-doppler-bearing cell are defined by e Tracking of ships in a coastal environment, using air-
borne sensors. The ship positions are limited to that
part of the state space, representing the sea, see e.g.
[3].

Z' =0 keN (®)

where ziAjfk is the complex amplitude data of the target

which is e GMTI tracking. Targets might be forced to stick to a
road, e.g. in case of a bridge, this imposes hard con-
zZak = Aha(sg, ti) + n(ty), keN 9 straints on the target position, see [5] and [6].

e Incorporation of flight envelope information into the

wheren(t;) is complex Gaussian noise. h
(t) P tracking, see [4].

Ap, = Ape'¥, or € (0,2m) (10) o Tracking moving launch platforms, e.g. a fighter or he-
. _ _ licopter with the capability of firing a missile. In this
is the complex amplitude of the target and (s, t) is case it is realistic to impose that the radial inbound ve-

the reflection form that is defined for every range-doppler- locity of the missile is bigger than that of the platform.
bearing cell by
All the above examples are examples of applications, in
v, (11) which inequality constraints arise. In this paper the applica-
tion will be of the fourth type. An example, outside the field
of target tracking, of dealing with inequality constraints in
i=1,...,N., j=1,...,Ng, l=1,...,Nyandk € N a dynamical system is found in [16].

. ri—r)2 dj—dy)? (b —bj)2
l _( i k) _( J k _ (5 k
hY (Sk;tk) —e s Lr 75— La 5 — L




k=21

In a general form an inequality constraint on the state can o
be imposed by:

G(sp,my, ) <0 (15) ooal-

<
whereG is a vector valued function that might be mode andg |
time dependent. '

-0.04

Itis well known, that a constraint of the form (15) cannot |
be incorporated into a classical (Kalman) filter algorithm.
However, the constraint (15) represeatsriori information
that one should exploit.

-0.3 ~0.25 -0.15 0.1

-0.2
x velocity [km/s]

Figure 4: Target Velocity, Particles at time st&p
A particle filter can deal with inequality constraints in an
easy and straightforward manner. Care has to be taken with ..
the implementation of constraints, in order to assure a high ocst
enough number of effective samples after the constraint has®*f
been enforced upon the system. Some information and dIS

cussion on how to use constraints and how to implemer# ’ o
them, can be found in [3].

y veloci

-0.02

0.04 -

We will illustrate the use of a constraint by means of a
multi target track before detect example, see [23] and [25] ||
for the multi target modelling details. We deal with a target _,
that flies radially inbound, e.g. a fighter and that has the
capability to fire a weaker secondary ta_rget, e.g. a miSSi‘—Llegure 5: Target Velocity,
at the obseryer. As was glready state_d in [23] and [25], tgﬁaint incorporated
early detection and tracking of the primary and secondary

target is crucial.

-0.3 -0.25 -0.15 0.1

-0.2
x velocity [km/s]

Particles at time st&p- Con-

0.08

Given the fact that we expect a missile being launched
from the moving platform, i.e. the fighter, we may pose
a constraint upon the multi target state, e.g. imposing the
radial inbound speed of the secondary target being bigg@fr of =
than the radial inbound speed of the primary target, i.e oozl
the platform. Basically, this constraints represents the fact*f
that the missile being fired from the fighter cannot be fired [
‘backward’.  The constraint has been implemented in two

.06 -
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x velocity [km/s]

k=20

Figure 6: Target Velocity, Particles at time stgp- Con-
straint incorporated

3 system. This basically means that the weight of a particle
s that does not meet the constraint is set equal to zero. The
‘ ' ' advantage of this first method is that it is generally imple-
mentable. The disadvantage is that the 'effective number of
particles’ is reduced, we will come back to this later.

y velocity [km/s]
)

-0.08

The second way is through the process noise, this im-
Figure 3: Target Velocity, Particles at time st&#p plementation has the (numerical) advantage that it does not
suffer from the decrease of the effective humber of parti-

ways. The first way is by means of the likelihood of theles. The disadvantage is that it might be potentially diffi-



Estimation of the mode

celerates fron200ms—! to 300ms—! in three time steps.

4
@
T

In the first simulation series the constraint has not been
incorporated, but in the second series we have incorporated
the constraint on the radial velocity of the secondary tar-
get, through incorporation of the constraint by means of the
% likelihood.

I3
)
T

Probability
o
Y
T

True mode

—— 1 target present

2 targets present ticle cloud for the multi target state, for the case of no con-
' straints. The fact that the constraint has not been applied is
seen by the light (blue) colored particles to the right of the
dark (blue) ones. These particles correspond to multi target
10 15 20 2 o  state hypotheses in which the secondary target has a smaller

radial inbound velocity than the primary one or stated oth-
Figure 7: Mode probabilities erwise they correspond to the hypotheses that the missile
has been fired 'backwards’.

\ e In the figures 3 and 4 we see the velocity part of the par-

Probability

Estimation of the mode

In the figures 5 and 6 we see similar clouds. The only dif-
ference is that the particles for which the radial inbound ve-
locity of the primary target is higher than the radial inbound
velocity of the secondary target have been discarded, i.e.
their likelihoods or weights have been set to zero, such that

5 ©  they are not re-sampled. Visually this can be seen in the fig-
True mode ures by the fact that there are no light blue colored particles
\ = argg precent to the right of the dark blue colored ones. By implementing

Probability

2 targets present . . .
the constraint we are forcing the particles to 'look ahead’

| for a secondary target and we do not spend effort on pick-
‘ “u\ ‘ ing up a secondary target 'behind’ the moving platform. By
booosoooosoosd comparing figures 7 and 8, we see that this strategy pays

Time off, in the sense that the filter is better able to 'detect’ the

) - L secondary target when the constraint has been enforced.
Figure 8: Mode probabilities - Constraint incorporated

Probability

As we already mentioned before, care must be taken
~wurt the effective sample size, when incorporating a con-
cult to generate samples from a non-standard distributionytraint through the likelihood. If one incorporates a con-

We have simulated the multi target system, where the Straint by setting the likelihood or weight of a particle equal
act same setup as in [23] and [25] has been used. The niifzero, the effective sample size
ber of particles is 3000. The SNR of the primary target has Noos— 1
been set to 10dB and the SNR of the secondary target has e SN ()2

been setto 7dB. whereq;, are the normalized particle weights. Obviously

The dynamics of both targets are captured by a constém 'best value’ is attained when all particles have weight
velocity model, but with different values for their maxi—% and the 'worst value’ is obtained when all, but one, par-
mal acceleration. For the first target we 8g{,,, = ticles have weight zero. As the implementation of a con-
Omaz,y = 5ms—2. For the second target we choosstraint through the likelihood, implies that the weights of
-2, constraint violating particles are set to zero, the effective
sgample size is being reduced.

(16)

Cmaz,z = 35ms 2 andap,qz,y = 5ms

Until time step 5 no targets are present. At time step
the primary target appears and after 20 time steps the secWe have also implemented the constraint through the
ondary target separates from the first one. The targets precess noise density function. This implementation has
flying radially inbound at about 80km from the radar, thbeen performed by drawing samples from the process noise
first target moves &00ms~' and the secondary target acfor the secondary target in the radial direction according to



Estimation of the mode

a one sided density. Thus, only samples with a positive in- .
bound radial acceleration are generated. This guaranteess /
that the missile (i.e. the secondary target) is not fired backzos-
wards. W have as well incorporated a history into this denz oat
sity, namely that this one sided density is chosen for parti- o2f
cles that are (obviously) in mode 2, but no longer than three o,
time steps. So the process noise model of a particle that has
been in mode two for a time period longer than three time

steps is set (back) to a 'standard’ two sided density function.”*[

0.6

True mode

1 65669
1

2 targets present

~&- no target present
—k— 1 target present

ility

We have performed simulations for this setup as wellgw,

The results for the ’likelihood method’ and the 'process ..l \ \

noise method’ are similar for 'large’ numbers of particles ol boooboooodoood & %
(say 3000) but as the number of particles decreases the
'likelihood method’ becomes numerically unstable, whe
the 'process noise’ method remains stable. In fa60 par-
ticles are sufficient to stably run the filter with the setting
defined above, see figures 9 and 10 as well as figure 11 fok.s
details.

rlgigure 11: Mode probabilities - Constraint incorporated
(Sthrough process noise)
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Figure 12: Radial Velocity Estimation Accuracy for Sec-
ondary Target: Unconstrained (+), Constraint incorporated
(through process noise) (0)

70‘3 70‘25 xvslcc\ty[kmjsqz
Figure 9: Target Velocity, Particles at time st&p- Con-
straint incorporated (through process noise)

the secondary target, for the case in which the constraint has
been incorporated and the case in which the constraint has
not been incorporated. We observe quite some gain in the
radial velocity estimation accuracy, due to the incorporation
of the constraint. For the position accuracy the results were
: , not as dramatic, i.e. not much was gained through incorpo-
: ration of the constraint.

y velocity [km/s]
o
*

5 The effective sample size

In this section we will have a more detailed discussion on

the issue of the effective sample size. This topic needs spe-
Figure 10: Target Velocity, Particles at time s&ip- Con- cial attention when using a particle filter for a jump Markov
straint incorporated (through process noise) system.

-0.3 -0.25 -0.2
x velocity [km/s]

As anillustration of the 'potential danger’ of the decrease
An additional important issue is the filter accuracy. Iof the effective sample size, look at figure 13. We observe
figure 12 we see the radial velocity estimation accuracy 5bm this figure that the effective sample size is only two
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at a certain point, namely at the time step, where the first
target appears. Just after the mode transition, almost alf*|
particles are in mode zero, i.e. the non-target mode, when™|
the target appears almost no particles, but those already jn”|
mode one, the one target mode, result in a likelihood that ™|
significantly different from zero. A similar effect, although 2|
not as dramatic, is also seen at time step of the other mode |
transition, i.e. the time step where the secondary target ap-m’
pears. Here the effective sample siz5s The effect is not ‘ ‘ ‘ ‘ ‘

so severe at this transition, because already a considerable” ° * Tima Step * * *

number of particles ‘live’ in mode two, i.e. the two target ) ) o
mode. Figure 14: Effective Sample Size - Constraint incorporated

(through process noise) - SNR=2
The above phenomenon is well known and is potentially

present in any standard jump Markov multiple model parti-

cle filter application, see [15] and [20]. This phenomendﬁ that in such a relative low SNR setting, the filter will
leads to numerical instability, i.c. in the above example, agdleady have a considerable amount of particles in the mode
certain time instant the entire multi target state probabilifjiat represents the 'one target present’ situation, this is of
density is represented effectively by only two particles. fourse, because the distinction between the two modes is
is obvious that this number is too low to be useful to maKgss clear than in the case of a higher SNR.

confident inferences about the multi target state. In figure 14, we see the effective sample size for a run,

A possible solution would be to increase the total numbgthere the SNR for the primary target was equal to two and
of particles. Assume that the minimum number of effectii®r the secondary target the SNR was equal to one. Now,
particles in this application would b#), than for the time at the time step of the first transition, the effective sample
step, where the effective numbegithe total number needsSize is equal t@7, note that it wag in the situation, where
to be increased to a value ®5000. This approach is not the SNR of the primary target was). Of course, in this

practical and computationally very expensive. second example the price to pay for the a better and numer-
Anoth his th led icle fil I ically more stable filter is a deteriorated filter performance
nother app_roac ISt e_so cate parUc_e liter controligy, terms of accuracy. This is not a desirable situation.
and has been introduced in [3], but also this method would

result in a considerable boost of the total number of parti- A theoretically sound way to circumvent these problems

cles. with the effective sample size for multiple model systems
is described in [26]. In [26] a (constant) number of parti-
‘ ‘ ‘ ‘ ‘ cles, chosen by the designer, is used in each mode without
distorting or violating the jump Markov modelling assump-
tion.

Effective Sample Size

6 Conclusions

We have considered a multi target TBD setup and solved
it by means of a particle. We have given specific attention
25 2 %  to the incorporation of constraints into the filter. The con-

straints have been incorporated in two different ways. The

Figure 13: Effective Sample Size - Constraint incorporaté@plementation through the process noise method turned
(through process noise) out to be better from a numerical point of view. We have
shown the effect of the incorporation of the constraint on

the tracking accuracy. Furthermore, we have discussed the

Observe that a more difficult scenario, in terms of SNRpatter of sample depletion or impoverishment in a jump
alleviates the effect of sample impoverishment, i.e. sm&flarkov system and we have indicated how to solve this
effective sample size, in this example. The reason for thpsoblem.

15
Time Step
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