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Abstract — The problem of tracking under adverse conditiongnanoeuvring targets when the probability of detection is
such as when the target SNR is low, is known to be a difficult onew. They showed that making use of the strength of tar-
One approach to handling this problem is to use a sophigttat get returns as well as kinematic information in the tracking
tracking method based on the multi-hypothesis tracking V- fijter decreased both track loss and track initiation delay.
gorithm. An alternative is to incorporate additional mfoatl_on _ Similar conclusion were drawn for the use of signal strength
such as the strength of the measured return. Another opSi® i ;- ation in a traditional MHT tracker in [8].

combine the two approaches. This paper investigates tierper This paper presents an extension of the VDA tracker of
mance of a tracker from the MHT family when tracking targets ?3 . ) . - ;

low SNR, both with and without the use of signal amplituderinf ] _that includes signal _strength information for tracking
mation. a single, non-manoeuvring target in clutter at low SNRs.
It quantifies the improvement in track formation and track
fhaintenance statistics this provides over the standard VDA
tracker.

The next section describes the target kinematic and signal
strength models. Section 3 derives the single target VDA
Under benign conditions, such as when the target signalttacker with amplitude information. The track formation
noise ratio is high and the density of clutter is low, it imnd maintenance metrics are defined in Section 4, while the
not difficult to obtain good tracking performance. Howevesimulation results are given in Section 5.
when the target SNR is low the tracker must be capable of
handling situations when the probability of detection is loyy Target Motion and Signal Models
or there are large amounts of clutter or both. This paper
investigates the ability of a tracking algorithm based on tgonsider the problem of tracking a single target in clutter.
Viterbi algorithm to handle such adverse conditions. The target dynamics are modelled in discrete time in the

The Viterbi algorithm [1] is a dynamic programmingstandard manner [5] using a state-space model of the form
technique for finding the shortest path through a trellis in
a computationally efficient manner. The use of the Viterbi x(k+1) = F(K)x(k) +w(k) 1)
algorithm for solving the data association problem when y(k) = H(Kx(K)+Vv(k) 2
tracking targets in clutter was first suggested by Quach and
Farooq [2]. Their approach finds the approximate maxhere x(k) is the target statey(k) is the measurement
imum likelihood assignment of measurements to targets. the target kinematics anfiv(k)} and {v(k)} are zero
The problem they considered was that of tracking a singlagan, white Gaussian noise processes with known covari-
manoeuvring target that was always present in the surveihcesQ(k) and R(k) respectively. Given that there is a
lance region. This method was modified in [3] to suit theon-zero probability of a false alarm, in general more than
problem of tracking multiple, non-manoeuvring targets inne measurement may be received in a given scan. Let
heavy clutter. The method of [3] also incorporated a targétk) = {z1(k),z2(Kk),...,znyk (K)} be the set of measure-
existence model for automatic track maintenance in scenarents at timek. The probability of detecting the target is
ios where targets may enter and exit the surveillance regidenoted byPr andPp < 1. At most, one of the measure-
at arbitrary times. These papers showed that Viterbi Datzents in the seZ(k) is assumed to be from the target at scan
Association (VDA) trackers are more effective at tracking. For simplicity, clutter is assumed to be uniformly dis-
than traditional Probabilistic Data Association (PDA) styléributed in the surveillance region, although more elaborate
trackers [4, 5] when the probability of target detection islutter models can be incorporated into the tracker structure
low or there is heavy clutter. if desired.

In [6, 7], Lerro and Bar-Shalom examined methods for The amplitude component of the measurement vector is
improving track formation and track maintenance perfothe output of a bandpass matched filter followed by an en-
mance for PDA trackers for both manoeuvring and norelope detector. The target is assumed to be a Swerling
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1 Introduction



1 target. That is, the target return is a slowly fluctuatingaking the negative logarithm of (9) reduces the maximum
amplitude modulated narrowband signal in the presencelikBlihood data association problem to an additive minimi-
narrowband Gaussian noise. Assuming normalised basktion problem.

ground noise, the probability densities of the signal enve-Consider a trellis consisting afi(k) + 2 nodes at time

lope for noise only and when the target is present may kewhere each node represents a possible association event

written as [9] 6;(k),j = —1,...,m(k). Let the transition cost from node
2 Bi(k—1) to 6 (k) be given by
— >
sexp( > ) , >0
S _ % ), s>0 (4
11A) P oan ) 32 4 The Viterbi algorithm [1] can then be used to find the min-
_ ~ imum cost path through the trellis in a computationally ef-
whereA is the expected SNR of the target returns. Givefitient manner. Given the definition of the transitions costs
a detection threshold af the probability densities of the jn (11), this path corresponds to solution of the maximum

detections are likelihood data association problem (7).
To calculate the transition costs (11) exactly it would be

Po(s) 3) A
ajj (k) = —Inajj (k). (11)

p1(s)

1
Po(s) = Bn po(s), s> 1T (5) necessary to know the true state sequed¢g. Since this

1 is not available, the VDA tracker makes use of the estimated
pi(s) = %pl(s), s>T1 (6) state sequencgX*} obtained by running a Kalman filter

along each path through the trellis. Thus the VDA trackers
of both [2] and [3] are approximate maximum likelihood

wherePea = [ po(s)dsandPp = [ p1(s)ds _ :
tracking algorithms.

3 VDA Tracker with Amplitude Information -
] o o 3.2 Transition Costs
3.1 Maximum Likelihood Data Association
To implement a VDA tracker using amplitude information

The VDA tracker of [3] is designed to find the approximat@, pa_al) we need to define expressions for the transitions
maximum likelihood association of measurements 10 Qs First, let the probability the target is in the surveil-

target, when the target may enter or leave the surveillangg .o region at tim, E(K), evolve according to a two state
region at arbitrary times. This maximum likelihood datg;4rkov chain [11]

association problem can be expressed as follows. Given a
set ofm(k) measurements at tinlethe set of all possible

events{6;(k)} can be written as Pr(E(k)|E(k—1))

Pr(E(K)[E(k-1))

do
01

(12)
(13)
e 6_1(k) = the target is not in the surveillance region . - _ L

then thea priori probability of track existence at tineis
e Op(k) = the target is in the surveillance region but igiven by

not detected
Pe(k|lk—1) = 80P (k—1|k—1) + 61 {1 — Pe(k—1]k—1)}

¢ 0j(k) = the targetis in the region, is detected an(gk)
is the target measurement= 1,...,m(k).

Given a sequence of scans frérs: 1,..., N, the data asso-
ciation problemiis then to findl = {6;s,...,6;: } that satis-
fies

maxp(Z(1),....,Z(N),8jy,..,8jy [X(1),...,x(N))  (7)

Let ZX = {Z(1),...,Z(k)} and XX = {x(1),...,x(k)} and

consider an arbitrary sequence of associations ending with

the associatiof; (k), written as®; (k). Defining

Toaa A :
di(9 = max p(Z‘,0;(k)X"), j=-1,0,....mK (&)
it can be shown [10] that
di(k) = ai; (K)di (k—1 9
= max & Kd(k-1) ©)

where

ai(K) 2 p(Z(K),8; (K2, Bi(k=1),X)  (10)

(14)
Given the target model of Section 2, and assuming a dif-
fuse prior for the expected number of clutter points in the
gate, the transitions costs for the VDA-AI tracker are given
by the equations

1 1

Al = NG A-Rkk-1) ()
& o(K) rlﬁ(l—PDPG)PE(klk—l) (16)
_ 1 PoPe(Kk—1)
aj (k) A 1W X (17)

N(w(k):@%k—l))% (18)

whered; is a normalisation constant and

¢ Vi(k) is the volume of the validation gate lafor the
track ending with the associati®nk—1);

e Pg is the probability the target measurement is in the
gate;



e m; (k) is the number of measurements in the gate; e Number of True Tracks this is the number of tracks
that are classified as true target tracks at the time they

o Vi(k) = y(k) —¥i(klk—1) whereyi(kk—1) is the pre- are confirmed. A track is classified as a true track if it
dicted value ofy(k) given the track ending with the  make use of at least half of the available target detec-
associatiord; (k—1); tions from the scan it was initiated until the scan it was

: L . . confirmed.
o A(-;1,>?) is a multivariate Gaussian PDF with mean

pand covariancg?; e Number of Lost Tracks this is the number of con-
firmed true target tracks that lose the target before the
¢ S(klk—1) is the predicted measurement error covari-  target leaves the surveillance region. A track is classed
ance from the Kalman filter; and as having lost the target once the true target measure-
ment is no longer used by the track for the remainder

e sj(Kk) is the measured amplitude of theh detection of the track’s lifetime.

at timek.
e Number of Missed Targetghis is the number of times
The transition costs in the standard VDA tracker, without  there is no confirmed true target track.

amplitude information, are given by the equations [3] ) ) )
Tracks are confirmed and deleted using the track confi-

k) = ATA(1—Pe(klk—1)) (19) dence measure defined as follows. Let the confidence for a

a,-1
( track ending with the associati®(k) be defined as

ao(k) = AT'A(1-PoPe)Pe(kk-1)  (20)
&K ~ A PoPe(kk—1) x (21) ¢ (k) £ Pr(e;(k)|Z¢,x¥) (24)
A(vj(K); 0,5 (klk—1)) (22) which can be re-expressed using Bayes’ rule as
whereA is the expected clutter density per unit volume. p(ZX,0; (k) |XK)
The equations for the standard VDA tracker are derived un- ci(k) = p(ZK|X¥) (25)
der the assumption that the number of clutter points in the d_-(k)
surveillance region follows a Poisson distribution. = m(kii_ (26)
The normalisation constants for the VDA tracks, and Y r=—10r(K)

the VDA-Al tracker.A;, can be calculated by noting that The a posteriori probability of track existence is then

Pe(k|k) = 1—c_1(k). This measure is compared against

k
g Pr(8;(K)|Y<!,0i(k—1)) =1 (23) confirmation and deletion threshold%on andPye, to con-
j==1 ’ firm or delete tracks.
4 Track Formation and Maintenance > Simulations
Metrics The simulations are based on a target moving in a two di-

_ _ _ mensional space. The target state is the position and veloc-
The following set of metrics will be_ used to_evaluate thﬁy in the two Cartesian co-ordinates, while measurements
performance of the VDA trackers, with and without the usgre of position only. The matrices in the state space model

of amplitude information. (1)—(2) are given by
e Track Initiation Delay: this is the number of scans be- (1 T 0 O
tween the first target detection in the surveillance re- F o= 01 0O 27)
gion and the time a track is initiated on the target. Only 0 01T
tracks that are ultimately confirmed will be used to cal- 10 0 0 1
culate this metric. Thus a track that is initiated on the 100 0
target but is deleted before being confirmed will not be H = 1501 0 ] (28)
considered when calculating this metric. Instead, such I
a track will contribute to the number of missed targets 3% 70k 0 0
metric. 9 - o2 Toz O 0 29)
o 0 0 I’g2 IPg2
e Track Confirmation Delaythis is the number of scans 27 2
between a track being initiated on the target and that L 0 0 o5 Toj
: ) "
track being confirmed. R — %X % (30)

e Track Overshoot this is the number of scans a con-

firmed true target track is continued after the target h#éereT = 1sis the revisit rate. The target position is mea-
left the surveillance region. sured in metres and velocity in m/s. The position measure-

ment error standard deviations @re= oy = 5m. The stan-
e Number of False Tracks this is the number of con- dard deviations for the state process noiseare oy =
firmed tracks that are not true target tracks. 0.1m/s.



The surveillance region consisted of 10,000 cells of reively, if the two trackers were turned to have similar false
olution 10x 10m. Clutter measurements were generatddack rates, the missed track and lost track statistics for the
uniformly over the entire surveillance region at each timéDA-AI tracker would be reduced, as was the case in [6].

k. The amplitudes of these false measurements were drawn
from the Rayleigh distribution given by equation (3). EacB Conclusions

simulation ran for 100 scans, with the target present in the . L
region from scan 1 to scan 85. The amplitude of the taphis paper has shown that the track acquisition and track

get measurement was drawn from the Rayleigh distributigifintenance performance of the VDA tracker can be im-
given by equation (4). For both the target and clutter, a deroved by incorporating signal strength informationinto the
tection was only declared if the amplitude was above tH&Cking model. These results are in keeping with those
thresholdt. This threshold was set by specifying the de2f [6, 7] who showed similar results for PDA trackers and

sired probability of a false alarrfea, for a range of values [8] for an MHT-based tracker. The results of all these pa-
(Pea = 0.001,0.003,0.01). Simulations were run for threeP€'S indicate that significant improvements can be made in

different target SNR scenarios: 10dB, 13dB and 20dB. tracking under adverse conditions for a low additional com-

The VDA-AI tracker transition costs where calculateq]mat'onal cost by including signal strength information in

using the known target SNR. The value foin the tran- the eX|st||n%trac;k|?g all(gontr:m, _r{ahther than by switching to
sition costs of the standard VDA tracker was approximaté'i‘(ﬁ10re elaborate fracking aigorithm.
by the average clutter density per unit volume over the 100
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Table 1: Track Confidence Running Average Length,

Scenario| Pea Po | SNR (dB) L
VDA | VDA-AI
1 0.001| 0.50 10 3 4
2 0.001| 0.71 13 3 5
3 0.001| 0.93 20 3 6
4 0.003| 0.56 10 3 6
5 0.003| 0.75 13 4 6
6 0.003| 0.94 20 4 6
7 0.01 | 0.63 10 6 7
8 0.01 | 0.79 13 6 7
9 0.01 | 0.95 20 6 7
Table 2: Track Delay Statistics
Pea | SNR (dB) || Initiation Delay || Confirmation Delay Overshoot
VDA | VDA-Al || VDA [ VDA-Al | VDA [ VDA-AI
0.001 10 20.7 19.3 4.5 5.4 3.9 4.0
0.001 13 12.8 9.3 4.2 6.1 3.1 3.1
0.001 20 4.3 5.3 4.0 5.8 3.2 3.3
0.03 10 33.3 25.2 5.2 7.7 4.0 4.2
0.03 13 21.3 14.6 5.2 7.0 3.2 3.2
0.03 20 15.6 3.2 5.3 6.7 3.2 3.3
0.01 10 34.0 31.3 8.0 9.1 4.0 4.1
0.01 13 29.3 30.3 7.8 8.8 3.3 3.3
0.01 20 22.0 154 7.9 8.7 3.2 3.3
Table 3: Track Acquisition and Loss Metrics
Pea | SNR (dB) True Tracks False Tracks Lost Tracks Missed Tracks
VDA | VDA-AI || VDA | VDA-AI || VDA | VDA-AI || VDA | VDA-AI
0.001 10 150 154 59 18 43 46 54 47
0.001 13 206 204 20 0 71 68 1 0
0.001 20 201 200 9 0 21 19 0 0
0.03 10 99 149 162 5 23 29 102 53
0.03 13 155 193 63 8 49 64 45 11
0.03 20 198 201 2 0 18 17 2 0
0.01 10 107 102 379 4 24 16 95 100
0.01 13 155 156 133 2 46 42 47 45
0.01 20 192 199 8 0 23 14 12 2
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