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Abstract—In many tracking scenarios, the amplitude of target
returns are stronger than those coming from false alarms.
This information can be used to improve the multi-target state
estimation by obtaining more accurate target and false alarm
likelihoods. Target amplitude feature is well know to improve
data association in conventional tracking filters (such as the PDA,
MHT), and results in better tracking performance of low SNR
targets. The advantage of using the target amplitude approach
is that targets can be identified earlier through the enhanced
discrimination between target and false alarms. We illustrate
this approach in the context of multiple targets of unknown and
different signal to noise ratios in the framework of the Probability
Hypothesis Density filter. The simulation results demonstrate
the significant improvement in performance particulary in the
estimate of the number of targets.
Keywords: Tracking, PHD filters, target amplitude feature,
multi-object estimation.

I. I NTRODUCTION

In multi-target tracking, a set of measurements is given to
the filter, from which the aim is to estimate a set of target
state estimates. Due to the nature of the sensor, a detector
providing the measurements of the targets to the tracker is
rarely perfect: some of the measurements may be false alarms,
while the true targets may not be detected at all. The tracker
needs to identify the correct targets from the measurements
using the observation model which describes how these relate
to the target states and track them based on the state model
which describes the motion of the targets.

Using the target amplitude (strength or intensity) as a
measurement in target tracking, in addition to the conventional
measurements of range, azimuth, Doppler etc, can result in
improved data association, reduced number of false tracks
and better performance for low SNR targets. In this way
the formation of tracks is based not only in the consistency
of target motion (in the probabilistic sense) but also in the
consistency of its amplitude returns (again in the probabilistic
sense). The pioneers of utilization of target amplitude have
been Colegrove [1] and Lerro & Bar-Shalom [2] in the
context of single target tracking in clutter using the PDA filter.
Subsequently the target amplitude has been incorporated in
the MHT framework [3] and Viterbi data association scheme
[4]. More recently the significance of target amplitude has
been explored for data association of closely spaced targets
in [5]. The utilization of target amplitude can be seen as

a step towards the track-before-detect approach, where the
entire intensity surface in the measurement space is seen asa
measurement.

In this paper we incorporate the target amplitude infor-
mation in the probability hypothesis density (PHD) filtering
framework. The PHD filter is an approximation of the multi-
target Bayes filter based on the random finite set theory.
Instead of propagating the multi-target posterior densityin
time, the PHD filter propagates the posterior PHD, a first-
order statistical moment of the multi-target state [6]. The
PHD filter is the most popular random-set filtering approach,
which has received considerable attention in the past 5 years.
Implementations of this filter have primarily been based on
sequential Monte Carlo [7], [8], [9] or Gaussian mixture [10]
techniques. These have been used to devise multiple-target
tracking methods for data from a range of different sensors,in-
cluding sonar [11], radar [12], video [13], millimetre wave[14]
and audio [15].

While the PHD filter is a very elegant and relatively simple
multi-target tracking solution, it propagates the cardinality
information (the information about the number of targets inthe
surveillance volume) with a single parameter and effectively
approximates the cardinality distribution by a Poisson distri-
bution with a matching mean. Consequently, if the number of
targets is high, the PHD estimates the cardinality with high
variance. These observations about the PHD filter have been
made using the conventional positional target measurements.
This issue was recently overcome by jointly propagating the
intensity function and the probability distribution on target
number [16], with the expense of a solution that is cubic in
the number of measurements.

In the paper we aim to exploit the target amplitude in-
formation in order to improve the cardinality estimates of
the PHD filter while maintaining a solution that is linear
in the number of measurements. Since the target amplitude
measurement is fairly straightforward to incorporate intothe
filter and at the same time the amplitude information is readily
available in most practical applications (radar, sonar, acoustics,
etc), we aim to develop a more accurate PHD filter with
only a minor additional computational load. Our presentation
is carried out in the context of radar or sonar data, where
both the clutter and the target amplitude are modelled using
the Rayleigh distribution (the parameter being the SNR). In
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other applications, other amplitude probabilistic modelsmay
be more appropriate, but the general conclusions of this study
should be applicable in a wider context.

II. M EASUREMENT MODEL

A. Known SNR

The measurement set at timek is Z̃k = {z̃k,1, . . . , z̃k,M(k)},
whereM(k) is the number of measurements at timek. Each
measurement consist of two-dimensional target positionz and
amplitudea, that is a measurement vector is thenz̃ := [zT a]T .
Amplitudea is assumed to come from the output of a bandpass
matched filter followed by an envelope detector. Using the
signal model from Lerro and Bar-Shalom [2], we assume a
slow Rayleigh fluctuating amplitude modulated narrowband
signal in the presence of narrowband Gaussian noise. The
probability densities of false alarm and target can then be
written as [17]:

p0(a) :=a exp

(

−a2

2

)

, a ≥ 0 (1)

pd
1(a) :=

a

1 + d
exp

(

−a2

2(1 + d)

)

, a ≥ 0 (2)

respectively. Parameterd in (2) is the expected SNR of a target
return. This leads to the probability densities of values which
exceed a detection thresholdτ ,

pτ
0(a) :=

1

pτ
FA

p0(a), a ≥ τ (3)

pτ,d
1 (a) :=

1

pτ
D(d)

pd
1(a) a ≥ τ (4)

for probabilities of false alarm and detectionpτ
FA andpτ

D,

pτ
FA =

∫ ∞

τ

p0(a)da = exp

(

−τ2

2

)

, (5)

pτ
D(d) =

∫ ∞

τ

pd
1(a)da = exp

(

−τ2

2(1 + d)

)

, (6)

and hence

pτ
0(a) =a exp

(

τ2 − a2

2

)

, a ≥ τ (7)

pτ
1(a, d) =

a

1 + d
exp

(

τ2 − a2

2(1 + d)

)

, a ≥ τ (8)

When the target SNR is known, we can use these as our
amplitude likelihood functions for the false alarm and targets
given the known SNRd, where

cτ
a(a) := pτ

0(a), (9)

gτ
a(a|d) := pτ,d

1 (a) (10)

We use the notationga(a|d) and ca(a) to denote the case
whereτ = 0.

Since each target in the surveillance region may have a
different value of SNRd, typically the detection thresholdτ is
computed for a specified value ofpτ

FA. Table I lists the values
of pτ

D for different SNR valuesd and specifiedpτ
FA. Parameter

d is defined in the log scale as: SNR(dB)= 10 log10(d).

Table I
TARGET pD UNDER DIFFERENTSNRAND pF A COMBINATIONS

SNR 10 dB 15 dB 20 dB 25dB 30 dB
pF A τ

0.001 3.7169 0.5337 0.8092 0.9339 0.9785 0.9931
0.01 3.0349 0.6579 0.8683 0.9554 0.9856 0.9954
0.05 2.4477 0.7616 0.9123 0.9708 0.9906 0.9970
0.1 2.1460 0.8111 0.9319 0.9775 0.9928 0.9977

B. Unknown SNR

In most practical scenarios, each target is characterised by
a unique and unknown value ofd. In these circumstances
we wish to still be able to exploit the amplitude informa-
tion to improve our target estimates. One approach would
be to try to estimate the unknown parameterd from our
amplitude measurementsa, which are distributed according
to the Rayleigh distributed likelihoodga(a|d) from (2). This
is a highly nonlinear function and so using a Kalman filter
for estimatingd is not appropriate. An alternative approach
may be to Rao-Blackwellize each Gaussian component and
computed using a sequential Monte Carlo method. For this
technique to work, we first investigate theoretically if the
estimation ofd is achievable.

Let us consider a sample ofn random variables
a1, a2, a3, . . . , an drawn i.i.d. from our likelihood function
ga(a|d), then we have

ga(a1, a2, a3, . . . , an|d) =

n
∏

i=1

ga(ai|d), (11)

The variance of any unbiased estimatord̂ is bounded by the
inverse of the Fisher Information [18],I(d),

var(d̂) ≥
1

I(d)
, (12)

where

I(d) = Ed

[(

∂(ln(
∏n

i=1 ga(ai|d)))

∂d

)]2

. (13)

The inverse of the Fisher Information is known as the Cramer-
Rao Lower Bound (CRLB). It can be shown that for the
likelihood function (11),

I(d) =
n

(1 + d)2
, (14)

and hence the CRLB is(1+d)2/n. For a target withd = 1000,
for a 20% error to be within 2 standard deviations, we need

2

√

(1 + d)2

n
< 200, (15)

and hencen > 100. This indicates that if we do not know
the SNR of the target in advance, we require a significant
number of measurements from each target to estimated. Note
that this is the CRLB for a single target case where we know
the correct measurement and that no CRLB currently exists
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for an unknown time-varying number of measurements with
false alarms (which would increase the error in these circum-
stances). To circumvent this issue, we adopt an alternative
approach where we do not attempt to estimated at all. Instead
we marginalise out the parameterd over the range of possible
values and find a likelihood forga which is not conditional
on a given value ford.

Suppose thatp(d), defined on the support of possible SNR
values [d1, d2] gives the expected probability distribution of
SNR values. Then we can define the likelihood and probability
of detection as

ga(a) :=

∫ d2

d1

p(δ)
a

1 + δ
exp

(

−a2

2(1 + δ)

)

dδ, (16)

pτ
D :=

∫ d2

d1

p(δ) exp

(

−τ2

2(1 + δ)

)

dδ. (17)

Whilst the obvious choice for our distribution ond may be
the uniform distribution, this in fact biases higherdB targets
since we have a logarithmic scale. Also, asd increases, there
is little difference between the different distributions,so we
have chosen to biasp(d) in favour of lowerdB targets. For
this reason, we choose

p(d) ∝
1

(1 + d)
, (18)

wherep(d) is suitably normalised for the region[d1, d2]. This
gives us a cumulative distribution which is logarithmic ind,
and hence a distribution which is uniform indB.

Another advantage to using distribution (18) is that our
likelihood functionga, which has been marginalised overd
now has an analytic solution,

ga(a) =
2

(

exp
(

−a2

2(1+d2)

)

− exp
(

−a2

2(1+d1)

))

a(ln(1 + d2) − ln(1 + d1))
(19)

which means that numerical integration is not necessary and
hence the computation required is significantly lower.

III. PROBABILITY HYPOTHESISDENSITY FILTERING

In this section, we describe the equations for the PHD
recursion. We do not provide a full background to PHD
filters, but refer the reader to the references on the multi-target
filtering framework and PHD filter implementations, ([6], [10],
[9]). For simplicity, we do not consider spawning in this paper.

A. The PHD Recursion

Instead of propagating a posterior distribution for multiple
targets, the PHD filter propagates the intensity function. Letvk

andvk|k−1 denote the respective intensities associated with the
multi-target posterior densitypk and the multi-target predicted
densitypk|k−1 in the recursion.

We consider an augmented state that contains the positions,
velocitiesx = [p1 p2 ṗ1 ṗ2], and expected SNR,d, i.e.

x̃ := [xT d]T , (20)

We use the notatioñx and ṽ to denote vectors and functions
on state vector[xT d]T , andx and v to denote vectors and
functions withx as the state vector.

The SNR for any given target is assumed to be constant, so
that

ṽk|k−1(x̃) =

∫

˜pS,k(ζ)fk|k−1(x|ζ)ṽk−1(ζ)δd(νk−1)dζdν + γ̃k(x̃),

(21)

= p(d)vk|k−1(x),

where δd is the dirac-delta function atd and γ̃k(x̃) =
γk(x)p(d) is the birth term for new targets, ˜pS,k is the
probability of target survival andfk|k−1(x|ζ) is the transition
density.

The update equation is given by

ṽk(x̃) = [1 − p̃D
τ (x̃)]ṽk|k−1(x̃)

+
∑

z̃∈Z̃k

p̃D
τ (x̃)g̃k(z̃|x̃)ṽk|k−1(x̃)

λk c̃k(z̃) +
∫

p̃D
τ (ξ)g̃k(z̃|ξ)ṽk|k−1(ξ)dξ

(22)

where

g̃k = The likelihood of the augmented target state.
c̃k = The false alarm distribution oñz.
λk = Number of thresholded measurements at timek.

The number of thresholded measurements is assumed to be
Poisson distributed.

If the target is within the surveillance region, then the
probability of detection for a given threshold is only dependent
on d,

(1 − p̃D
τ (x̃))ṽk|k−1(x̃) = (1 − pτ

D(d))p(d)vk|k−1(x). (23)

In the update term, we have

p̃D
τ (x̃)g̃k(z̃|x̃)ṽk|k−1(x̃) = pτ

D(d)p(d)gτ
a (a|d)gk(z|x)vk|k−1(x),

(24)

= p(d)ga(a|d)gk(z|x)vk|k−1(x)

where gk is the likelihood of the target state position. The
last equality comes from the fact thatpτ

D cancels with the
thresholded likelihood, i.e.ga(a|d) = gτ

a(a|d)pτ
D(d).

Similarly, in the denominator we have
∫

pτ
D(x̃)g̃k(z̃|x̃)ṽk|k−1(x̃)dx̃ (25)

=

∫

p(δ)ga(a|δ)dδ

∫

gk(z|x)vk|k−1(x)dx,

and

c̃k(z̃) = ck(z)cτ
a(a), (26)

whereck is the false alarm distribution onz.
In the PHD update equation (22) we replace the probability

of detectionpτ
D(d) and likelihoodga(a|d) by (16) and (17)

for the unknown SNR case.
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B. Gaussian Mixture Implementation

An analytic solution to the PHD filter can be found under
linear assumptions on the system and observation equations
with Gaussian process and observation noises [10]. The in-
tensity function is approximated at each stage by a mixture
of Gaussians where the means and covariances are updated
with the Kalman filter [19] and the weights of the Gaussian
components are found using the PHD filter equations. The
multiple target states in the GM-PHD filter are estimated
by taking the Gaussian components with highest weights.
This leads naturally to an extension of the GM-PHD filter
which allows the evolution of individual target states to be
determined over time, which ensures the continuity of the
target tracks [20].

The multi-target model includes certain assumptions on the
birth, death and detection of targets. We use the notation
N (·; m, P ) to denote a Gaussian density with meanm and
covarianceP , Fk−1 is the state transition matrix,Qk−1 is the
process noise covariance,Hk is observation matrix, andRk is
the observation noise covariance.

We assume that the survival probability is state independent,
i.e.

˜pS,k(x̃) = pS,k, (27)

and the detection probability dependent on the target SNR but
not on the state position,

p̃D
τ (x̃) = pτ

D(d). (28)

The intensities of the birth Random Finite Sets are Gaussian
mixtures of the form

γ̃k(x̃) =

Jγ,k
∑

i=1

w
(i)
γ,kN (x; m

(i)
γ,k, P

(i)
γ,k), (29)

whereJγ,k, w(i)
γ,k, m

(i)
γ,k, P (i)

γ,k, i = 1, . . . , Jγ,k, are given model
parameters that determine the shape of the birth intensity.
Note thatw(i)

γ,k is weighted byp(d). Also note that where
we marginalise overd for unknown target SNR, we remove
the conditioning ond in the likelihoodga and probability of
detectionpτ

D.
We assume a uniform distribution of clutter in the measure-

ment space, so that the clutter likelihood is not dependent on
the state or the measurement. Hence the clutter distribution
is constant over the measurement space and equal to the
reciprocal of the volume of the measurement spaceVk, so
that ck,p = 1/Vk.

GM-PHD Prediction: The posterior intensity at timek − 1
is a Gaussian mixture of the form

ṽk−1(x̃) =

Jk−1
∑

i=1

w
(i)
k−1N (x; m

(i)
k−1, P

(i)
k−1). (30)

Substituting linear transition densityfk|k−1, posterior intensity
vk−1 and and birth intensityγk into the PHD prediction, we

obtain the Gaussian mixture

ṽk|k−1(x̃) =pS,k

Jk−1
∑

i=1

w
(i)
k−1N (x; m

(i)
k|k−1, P

(i)
k|k−1)+

Jγ,k
∑

i=1

w
(i)
γ,kN (x; m

(i)
γ,k, P

(i)
γ,k), (31)

where the meansm(i)
k|k−1 and covariancesP (i)

k|k−1 are com-
puted with the Kalman filter prediction.

GM-PHD Update: The predicted intensity to timek is a
Gaussian mixture of the form

ṽk|k−1(x̃) =

Jk|k−1
∑

i=1

w
(i)
k|k−1N (x; m

(i)
k|k−1, P

(i)
k|k−1). (32)

Substituting the prediction intensityvk|k−1 and linear Gaus-
sian observationgk into the PHD update equation, we have

ṽk(x̃) = (1 − pτ
D(d))ṽk|k−1(x̃)

∑

τz∈τZk

Jk|k−1
∑

j=1

w
(j)
k (z)N (x; m

(j)
k|k(z), P

(j)
k|k) (33)

where the weights of the components are given by (34) and
the means and covariances are calculated with the Kalman
filter update. More explicitly, the PHD weightsw(j)

k (z̃) are
computed as

w
(j)
k|k−1ga(a|d)N (z; ẑ

(j)
k|k−1, S

(j)
k|k−1)

λkck,pcτ
a(a) + ga(a|d)

∑Jk|k−1

ℓ=1 w
(ℓ)
k|k−1N (z; ẑ

(ℓ)
k|k−1, S

(ℓ)
k|k−1)

,

(34)

whereẑ
(ℓ)
k|k−1 = Hkm

(ℓ)
k|k−1 is the predicted measurement and

S
(ℓ)
k|k−1 = HkP

(ℓ)
k|k−1H

T
k + Rk is the innovation covariance.

In the PHD update equation, (33), and the weight update
(34), we replace the probability of detectionpτ

D(d) and like-
lihood ga(a|d) by pτ

D andga(a) for the unknown SNR case.

IV. SIMULATIONS

In this section, we examine the performance of the proposed
techniques by considering the average cardinality errors for
known and unknown SNR with different probabilities of
false alarmpτ

FA and for different SNR values. Although the
cardinality error does not give us information on the errors
for individual targets, it is useful as a performance metric
for comparison that does not resort to heuristic non-metric
approaches such as counting the number of tracks lost. In the
simulations, we show that very low values for cardinality error
indicate that the targets have been initiated and terminated
accurately. The problem of considering reliable miss-distance
metrics is beyond the scope of the paper although future work
will involve using the newly developed metrics for multi-object
performance evaluation [21].

To examine the performance of the techniques, we have
benchmarked them against a PHD filter which does not use
the amplitude information. Tables II-IV give the mean absolute
errors in cardinality for 20 Monte Carlo runs on each.
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Up to 10 targets are generated with 4 dimensional state
vectors containing the 2 dimensional positions and velocities
of targets following a constant velocity model. The mean
number of targets at each point in time is around 4, which
gives the maximum cardinality error. The measurements con-
tain the positions and amplitudes of the measurements with
Gaussian noise The position data is in the surveillance region
[0 1000; 0 1000] with 1024 measurements before thresholding
according toτ 1 . The probability of survival,pS = 0.9. The
Gaussian process noise variance is1.0, and the measurement
noise variance is5.0. The birth intensity is0.05 over 4 birth
Gaussians in the surveillance region.

As anticipated, the table with known SNR (Table III) has
the lowest errors in the cardinality. The error decreases asthe
signal to noise ratio increases. Comparing Tables II and III, we
observe a dramatic improvement in performance of the PHD
filter which uses amplitude. We also get a decrease in the error
as the probability of false alarms increases, particularlyfor
lower SNR targets. In this case, we could be discarding fewer
measurements generated from targets and hence we obtain a
more accurate result.

To make the assessment as fair as possible, the probability of
detectionpτ

D for the PHD filter without amplitude information
was chosen to be the same as that of the unknown SNR
case. From Table IV, we can see that the improvement in
performance without knowledge of the SNR is less marked,
though there is still an advantage of using this over not
including amplitude information (Table II). For one instance
where pτ

FA = 0.001 and the SNR is10dB, the PHD filter
without amplitude information is comparable with the PHD
filter with unknown SNR. However, as bothd and pτ

FA

increase, the performance of the PHD filter with amplitude
for unknown SNR improves whilst the PHD filter without
amplitude gets worse as the thresholdτ is lowered. This shows
that using the amplitude information is valuable for scenarios
when the thresholdτ is low and hence more measurements
can be tolerated.

Figures1 to 3 show an example of tracking of 30dB targets
with pτ

FA = 0.1 (which means that we have an expected
number of false alarms of around 100 per scan) along with
the mean cardinality error. The crosses are the measurements,
circles the true positions and lines representing the tracked
trajectories. This is the case where the method using the
amplitude information works best both for unknown and
known SNR, as the clutter distribution will poorly represent
the target amplitude. In this case, more measurements aids
the method using the amplitude, since we discard less useful
information and harms the PHD filter without amplitude since
there are many more false alarms. The PHD filter without
amplitude in this example did not identify any targets (so the
mean cardinality error is equal to the mean number of targets),
which can be seen by the fact that there are no tracks in the
figure. Using the amplitude information, there was a mean

1Note that in our simulations we do not have a finite sensor resolution: the
measurements can be generated from anywhere in the surveillance region.

cardinality error of0.3664 targets per scan for the unknown
SNR and0.0563 for the known SNR. To illustrate the error
over the course of one 100-iteration example, figure4 shows
the actual number of targets and figure5 shows the absolute
error in cardinality. The mean cardinality errors for this run
with pτ

FA = 0.05 with 20dB targets for the known, unknown
and no-amplitude PHD filters were0.2975, 0.3553 and1.5311
respectively. The mean number of targets in this example was
3.70.

Table II
CARDINALITY ERRORS UNDER DIFFERENTSNRAND pF A

COMBINATIONS without amplitude .

SNR: 10 dB 15 dB 20 dB 25dB 30 dB
p

τ

F A

0.001 1.6151 0.7804 0.6115 0.5855 0.5667
0.01 1.8051 1.0316 0.8695 0.8052 0.7835
0.05 2.0706 1.7068 1.5853 1.5178 1.3944
0.1 3.1904 3.2438 3.3807 3.5281 3.4975

Table III
CARDINALITY ERRORS UNDER DIFFERENTSNRAND pF A

COMBINATIONS WITH known SNR.

SNR: 10 dB 15 dB 20 dB 25dB 30 dB
p

τ

F A

0.001 0.9403 0.6396 0.3681 0.1550 0.0670
0.01 0.8744 0.5712 0.3360 0.1589 0.0529
0.05 0.8721 0.5514 0.3006 0.1314 0.0452
0.1 0.8346 0.5619 0.3057 0.1153 0.0469

Table IV
CARDINALITY ERRORS UNDER DIFFERENTSNRAND pF A

COMBINATIONS WITH unknown SNR.

SNR: 10 dB 15 dB 20 dB 25dB 30 dB
p

τ

F A

0.001 1.6452 0.6535 0.4682 0.4759 0.4749
0.01 1.6538 0.5748 0.3948 0.3615 0.3521
0.05 1.4005 0.5010 0.3559 0.3058 0.3180
0.1 1.2734 0.5395 0.3490 0.3058 0.2836

V. CONCLUSIONS

In this paper, we extend the measurement model in the
Gaussian mixture PHD filter to include the signal strength of
target returns. Based on the assumption that the amplitudesof
the measurements from true targets are stronger than those
from measurements, i.e. the signal to noise ratio is within
a given range, we show that this can significantly improve
the performance of the filter. Targets are identified earlier,
and there is a more stable and accurate estimate of the
number of targets. Furthermore, there is little increase inthe
computational complexity.

Future work will involve comparing the variance in the
estimated number of target with the Cardinalized PHD filter.
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Figure 1. Without amplitude - mean cardinality error = 4.0526
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Figure 2. Known SNR - mean cardinality error = 0.0563
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Figure 3. Unknown SNR - mean cardinality error = 0.3664

0 20 40 60 80 100
1

1.5

2

2.5

3

3.5

4

4.5

5

5.5

6

time−step

Nu
mb

er
 of

 ta
rg

ets

Actual number of targets

Figure 4. Number of targets for one run

0 20 40 60 80 100
0

0.5

1

1.5

2

2.5

3

3.5

4

time−step

Ab
so

lut
e e

rro
r in

 nu
mb

er
 of

 ta
rg

ets

Absolute errors in cardinality for different PHD filters

 

 
No amplitude
Known SNR
Unknown SNR

Figure 5. Absolute errors in target number for different PHDfilters

1707



REFERENCES

[1] S. B. Colegrove, A. W. Davis, and J. K. Ayliffe. Track initiation
and nearest neighbours incorporated into probabilistic data association.
Journal of Electrical and Electronics Engineers, Australia, 6(3):191–
198, Sept. 1986.

[2] D. Lerro and Y. Bar-Shalom. Automated tracking with target amplitude
information. In Proc. of American Control Conference, pages 2875–
2880, San Diego, 1990.

[3] G. van Keuk. Multihypothesis tracking using incoherentsignal-strength
information.IEEE Trans Aerospace and Electronic Systems, 32(3):1164–
1170, 1996.

[4] B. F. La Scala. Viterbi data association tracking using amplitude
information. In Proc. 7th Int. Conf. Information Fusion, Stockholm,
Sweden, June-July 2004. ISIF.

[5] L. M. Ehrman and W. D. Blair. Comparison of methods for using target
amplitude to improve measurement-to-track association inmulti-target
tracking. In Proc. 9th Int. Conf. Information Fusion, Florence, Italy,
July 2006. ISIF.

[6] R. Mahler. Multitarget Bayes filtering via first-order multitarget mo-
ments. IEEE Transactions on Aerospace and Electronic Systems, 39,
No.4:1152–1178, 2003.

[7] T. Zajic and R. Mahler. A particle-systems implementation of the PHD
multitarget tracking filter. SPIE Vol. 5096 Signal Processing, Sensor
Fusion and Target Recognition, pages 291–299, 2003.

[8] H. Sidenbladh. Multi-target particle filtering for the Probability Hypoth-
esis Density. International Conference on Information Fusion, pages
800–806, 2003.

[9] B. Vo, S. Singh, and A. Doucet. Sequential Monte Carlo methods for
Multi-target Filtering with Random Finite Sets.IEEE Trans. Aerospace
Elec. Systems, 41, No.4:1224–1245, 2005.

[10] B. Vo and W. K. Ma. The Gaussian Mixture Probability Hypothesis
Density Filter. IEEE Transactions on Signal Processing, 54(11):4091–
4104, 2006.

[11] D. E. Clark, I. Tena-Ruiz, Y. Petillot, and J. Bell. Particle PHD Filter
Multiple Target Tracking in Sonar Images.IEEE Transactions on
Aerospace and Electronic Systems, 43(1), 2007.

[12] M. Tobias and A. D. Lanterman. Probability Hypothesis Density-based
multi-target tracking with bistatic range and Doppler observations. IEE
Radar, Sonar and Navigation, Volume 152, Issue 3 , p. 195-205., 2005.

[13] N. Ikoma, T. Uchino, and T. Maeda. Tracking of feature points in image
sequence by SMC implementation of PHD filter.SICE 2004 Annual
Conference, 4-6 Aug, 2004. p 1696 - 1701 vol. 2.

[14] C. Haworth, Y. de Saint-Pern, D. Clark, E. Trucco, and Y.Petillot.
Detection and tracking of multiple metallic objects in millimetre-wave
images.International Journal of Computer Vision, to appear.

[15] D. Clark, A-T. Cemgil, P. Peeling, and S. Godsill. ”Multi-Object
Tracking of Sinusoidal Components in Audio with the Gaussian Mixture
Probability Hypothesis Density Filter”. 2007 IEEE Workshop on
Applications of Signal Processing to Audio and Acoustics, New Paltz,
NY, USA., pages 339–342, 2007.

[16] R. Mahler. PHD Filters of Higher Order in Target Number.IEEE Trans.
AES. Vol. 43 No 4, pages 1523–1543, 2007.

[17] Merrill I. Skolnik. Introduction to Radar System, 3rd ed.McGraw-Hill,
New York, NY, 2002.

[18] Thomas M. Cover and Joy A. Thomas.Elements of Information Theory.
John Wiley & Sons, Inc., N. Y., 1991.

[19] R. E. Kalman. A new approach to linear filtering and prediction
problems. Transactions of the ASME–Journal of Basic Engineering,
82(Series D):35–45, 1960.

[20] D. Clark, K. Panta, and B. Vo. The GM-PHD Filter MultipleTarget
Tracker. Proc. International Conference on Information Fusion. Flo-
rence., July 2006.

[21] D. Schuhmacher, B.-T. Vo, and B.-N. Vo. A consistent metric for
performance evaluation of multi-object filters.IEEE Transactions on
Signal Processing (to appear), 2008.

1708


