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ABSTRACT

Through its ability to create situation awareness, multi-target target tracking is an extremely important
capability for almost any kind of surveillance and tracking system. Many approaches have been proposed
to address its inherent challenges. However, the majority of these approaches make two assumptions: the
probability of detection and the clutter rate are constant. However, neither are likely to be true in practice.
For example, as the projected size of a target becomes smaller as it moves further from the sensor, the
probability of detection will decline. When target detection is carried out using templates, clutter rate will
depend on how much the environment resembles the current target of interest.

In this paper, we begin to investigate the impacts on these effects. Using a simulation environment
inspired by the challenges of Wide Area Surveillance (WAS), we develop a state dependent formulation
for probability of detection and clutter. The impacts of these models are compared in a simulated urban
environment populated by multiple vehicles and cursed with occlusions. The results show that accurate
modelling the effects of occlusion and degradation in detection, significant improvements in performance can
be obtained.

1. INTRODUCTION

Developing situation awareness is vital for almost any kind of military operation.1 Through understanding
the state and nature of the environment, military personnel can plan and respond accordingly. Developing
situation awareness in urban environments is particularly challenging due to the clutter, complicated geom-
etry, and limited line-of-sight. One way to improve this is to use Wide Area Surveillance (WAS) using Wide
Area Motion Imagery (WAMI).2 A platform, equipped with a high resolution, wide field of view camera,
continuously images the environment. As shown in Figure 1(a), each frame from such a system contains
sufficient information to comprehensively monitor large sections of the environment. For example, it possible
to identify the locations and trajectories of all vehicles — including those on major roads, minor roads and
in car parks — within the order of square kilometres. However, WAMI introduce many challenges. It is an
example of massive multi-target tracking in which there can be hundreds or thousands of targets which are
in constant motion and interact with one another. The focus of this paper, however, is on the observation
process used to extract the targets in the first place.

In general, there is a strong dichotomy between the designers of tracking algorithms and the developers of
sensing systems. Tracking algorithm designers typically model sensing systems as black boxes that provide
a set of discrete, point-like detections. Some of these detections arise from the target, and are corrupted by
noise. Some arise from clutter (either noise in the sensing system itself, or features in the environment which
are not a target of interest). However, it is also possible that the target will fail to produce a detection. To
model these effects, tracking systems summarise this information in terms of the target likelihood model,
a clutter process and a probability of detection. In contrast, sensing systems often internally acquire a
dense sampling of the environment with continuous valued measurements. As illustrated in Figure 1(b),
a continuous-valued detection or classification algorithm is applied and scores are computed to denote the
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(a) A sample frame from a WAMI dataset. (b) Score from running a dense detector over a frame.

Figure 1. A typical dataset and the result of applying the detector. The frame is taken with a sufficiently wide field
of view and high resolution that a large section of the environment can be imaged in a single frame. The detector has
been tuned to detect a particular target vehicle. Although it successfully detects the vehicle in this case, it generates
a number of false positives from other vehicles, a truck and infrastructure on the side of the road.

potential existence of targets. Detections are declared if the score meets some criteria (often exceeding a
threshold). However, the response of a detection algorithm depends upon a range of factors including the
type of target, the relative aspect between the target and the platform, the presence of occlusions, and
ambient conditions such as light levels. As a result, the mapping of a sensor measurement to a score value
can be nondeterministic. This, in turn, can lead to complicated relationships between a target appearing in
the field of view of a sensor, and a detection of that target being generated.

Although some tracking frameworks and algorithms acknowledge the underlying complexities in detecting
targets,3,4, 5 most implementations typically use very simple models. The most common ones are that clutter
rates and probabilities of detection are time invariant and are constant for all targets in all conditions.

In this paper, we develop a detection-level model to describe state dependency in detection and clutter
problems, and explore the impact of this dependency in multi-target tracking algorithms. The structure of
this paper is as follows. In Section 2, we describe the motivating problem of WAMI in greater detail and
introduce the random set notation used to describe the problem. The process for generating observations is
described in Section 3. We introduce or detector-based model of the observation process. Its implementation
in a Sequential Monte Carlo SMC formulation of a Probabilistic Hypothesis Density Filter (SMC–PHD Filter)
is described in Section 4. The performance of the dynamic model is shown in Section 5 which considers the
results in a simulation example of an air platform tracking ground targets. The results show that awareness of
occlusion significantly improves the overall performance of the filter. The work is summarised and concluded
in Section 6.

2. PROBLEM STATEMENT

2.1 Wide Area Motion Imagery to Conduct Wide Area Surveillance

We wish to track all vehicles within an urban environment. The environment is monitored using an airborne
camera sensing array with a high spatial resolution, low frame rate (one to ten frames per second) imaging
system. The frame at time step k is Ik = {pu,v ∈ P|u ∈ [1, U ], v ∈ [1, V ]}, where U and V are the width and
height of the image, and P is the set of possible pixels. One frame from a dataset is shown in Figure 1(a).
Each frame provides a detailed, high resolution view of a large part of the environment consisting of buildings,
roads and vehicles.

At time step k, suppose there are Tk targets. The state of the ith target is xk,i. The state of the whole
environment, which consists of the union of the states of each individual vehicle, is the set

Xk = {xk,1, . . . ,xk,Tk
} . (1)
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We assume that the environment e, which consists of anything which will impact on the motion of the
targets and the ability of the platform to observe them, is known. The position and orientation of the

platform,
∗
xk, is also assumed to be known.

The advantage of using WAMI is that, in a single frame, it is possible to capture a very large swath of the
environment. As a result, it is potentially possible to construct tracks over a large area (and thus develop
comprehensive situation awareness). Furthermore, it is possible to track individual targets over many frames.
However, tracking in these images is extremely challenging for many reasons. These include the relatively
small size of targets, the large number of targets, and changes in appearance due to changes in environmental
conditions and the relative attitude between the target and the camera. As a result, any tracking algorithm
which is used must robust to these challenges. We propose to address all of these concerns through the use
of Mahler’s Finite Set framework.3

2.2 A Finite Set Statistic Approach to Multi Object Tracking

Mahler argued that the appropriate way to model multi-target problems is to allow Xk to be a random set
in which both the number of elements in the set, together with the values of those elements, are unknown.3

Given this formulation, recursive filters can be constructed which have the usual predict–update steps.

The prediction is of the form
Ξk+1|k = Γ (Xk)∪B. (2)

The predicted random set, Ξk+1|k, is formed from the union of two terms. The first term, Γ (Xk),
describes the evolution of existing targets. Each target survives with a state dependent probability PS (xk,i).
Each target that survives evolves according to the process model, πk+1|k(x|x′). B describes the track birth
process in which new targets spontaneously come into being.∗

At each time step, the camera on the platform acquires an image. As shown in Figure 1(b), a detection
algorithm is run and a set of Mk measurements are extracted. Each measurements consists of the position
where it was discovered in the image together with the value of the score function. The set of measurements
can be expressed as the set

Zk = {zk,i, . . . , zk,Mk
} ⊂ Z. (3)

The measurement model specifies that the observations originate from two sources: the targets and the
background,

Υk = Υ(Xk,
∗
xk, e) ∪ C(

∗
xk, e). (4)

The target detection set, Υ(Xk,
∗
xk, e), is the set of detections which are generated by the targets. It has the

structure
Υ(Xk,

∗
xk, e) = Υ(xk,1,

∗
xk, e) ∪ . . . ∪Υ(xk,Tk

,
∗
xk, e) (5)

where

Υ(xk,i,
∗
xk, e) =

{
zi with probability pD(xk,i,

∗
xk, e)

∅ otherwise
(6)

The clutter set, C(
∗
xk, e), is the set of detections which do not originate from the target.

It is important to note that, in general, the likelihood, clutter and probability of detection are all functions

of the platform state
∗
xk and the environment e. For example, as the distance between the platform and the

target increases, the footprint of the target in the image becomes smaller, and so detection becomes harder.

∗For simplicity, we do not consider track spawning in this paper.

Proc. of SPIE Vol. 9089  908905-3

Downloaded From: http://proceedings.spiedigitallibrary.org/ on 05/13/2015 Terms of Use: http://spiedl.org/terms



2.3 Importance of Observation Model

The proper specification of the observation model is very important. A critical balance exists between the
probability of detection and the intensity of the clutter process:

1. If the probability of detection is too high, the filter will view the absence of a detection as very strong
evidence that a target no longer exists. As a result, it will tend to eliminate targets too quickly.

2. If the probability of detection is too low, the filter will tend to attribute measurements to clutter and
will be slow to react when new targets appear.

3. If the clutter intensity is too high, the filter will tend to attribute detections to clutter and will be slow
in declaring the existence of new targets.

4. If the clutter intensity is too low, detections will be viewed as strong evidence of targets and the
existence of many spurious tracks can be declared.

The conventional approach is to assume that both the clutter rate and probability of detection are
constant, and to manually tune the values until a satisfactory performance is achieved.6 To this end, some
authors have begun to develop algorithms to estimate these quantities. Mahler et al., for example, developed
a formulation of the CPHD filter which estimates the probability of detection and clutter rate throughout
the detection region of the sensor.7

However, as explained above, the performance of detectors is often state dependent. Some authors have
recognised this fact and have developed tracking solutions which are able to exploit this. Skoglar, for example,
investigated how a state-dependent probability of detection affected the performance of a vehicle tracking
application.4 By modelling probability of detection as a squared Gaussian model on the basis of distance,
he demonstrated that significant improvements in performance could be made over the assumption of a
fixed probability of detection. However, his work only considered the case of a single vehicle and provided
no justification for the form of the probability of detection used. Song presented an extended Kalman
Filter-based solution for tracking a single target which used Doppler velocity to filter out clutter.5 Again,
the work demonstrated that the use of the state dependent probability of detection produced improvements
in performance, but these were not considered in the context of multi-target tracking.

In this paper, we consider the problem of how to extend multi-target tracking algorithms to handle state
dependency. Rather than learn the dependency, however, we develop a model, based on the underlying
properties of detectors, which describes how both clutter and a non-binary probability of detection arise.

3. DETECTOR-BASED MODEL OF CLUTTER AND PROBABILITY OF
DETECTION

To extract potential targets, a visual classifier computes a continuous-valued score function across the image.
This score function is thresholded, and any scores about the threshold are treated as observations. To simplify
notation, in this section we suppress the time index k.

3.1 Dense Score Function Evaluation

Consider an image I and let s(u, v) be the the value of the score computed at pixel location (u, v). The score
is positively correlated with the likelihood that a target is present at that location within the image: the
greater the score, the higher the likelihood. Many different types of classifiers exist. These can be broadly
classified as either class-specific or instance-specific. Class-specific classifiers attempt to identify all objects
of the same class in an image. Possibilities include the Histogram of Oriented Gradients,8 or local colour
variations.9 Instance-specific classifiers attempt to identify the same object from image-to-image without
reference to the object’s class. One example is correlation-based template matching.10 The precise details
do not matter here; the important thing is that the classifier returns a dense set of continuously valued
observations, as illustrated in Figure 1(b). More formally, these can be written as the dense observation
vector Z̃{z̃(1,1), . . . , z̃(U,V )}. Figure 1(b) shows an example of the output of a detector which has been tuned
to vehicle appearance.10
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3.2 Characterisation of Classifier-Based Observation Models

To interpret the dense scores, we train a generative Bayesian model to characterise the probability distribution
of classifier scores, given that a target is either present or not present. This provides us with two likelihood
functions for the classifier score s:

1. The target detection likelihood, Ls(x) = f(s|x, ∗x, e), which is the conditional probability that the score
s was generated by a target with state x; and

2. The clutter detection likelihood, c(s) = c(s|∗x, e), which is the conditional probability that the score s
was generated by part of the environment other than a target.

In theory, these likelihood models could be empirically constructed by exhaustively sampling the response
of the classifier over all types of targets, relative platform-target poses, and operating conditions. In this
work, we assume that a simple model of the classifier is known.

3.3 Target Detection

A detection is declared at (u, v) when s(u, v) exceeds a threshold. Although a fixed threshold could be used
we favour the use of a likelihood ratio test,

Z =

{
z̃ ∈ Z̃

∣∣∣∣Ls(x)

c(s)
≥ τ

}
(7)

The size of this set, |Z| = M is therefore controlled by the choice of τ . If τ is low, then the probability
of detection will be high. However, more clutter points will be accepted as potential targets as well. On the
other hand, high values of τ will result in less clutter, but lowers the probability of detection.

3.4 Target Likelihood

The target likelihood is given by

Lz(x) = f(z|x, ∗x, e) = f(u, v, s|x, ∗x, e)
= f(s|u, v,x, ∗x, e)f(u, v|x, ∗x, e) ≈f(s|x, ∗x, e)f(u, v|x, ∗x, e)
= Ls(x)Lu,v(x).

We have used the assumption that, conditioned on the actual state of the target, the detected position in
the frame and the value of the score function are independent of one another.†

3.5 Clutter Intensity

The clutter intensity density is computed from the product of the clutter likelihood c(z|∗x, e) and the intensity
λ.

Suppose that P
(c)
0 is the prior probability that an observation is generated by clutter, then by Bayes rule,

the posterior probability that an observation, zk, is a clutter point is given by

P (c)(zk) =
Lz(x)P

(c)
0

c(s)P
(c)
0 + Lz(x)

(
1− P

(c)
0

) (8)

The expected number of clutter points in the current observation set is

λ =
∑

zk∈Zk

P (c)(zk) (9)

†A case where they would not be independent is, for example, if the target location is in shadow.
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Because of the dependency on the platform state, (8) is state dependent.

Assuming a uniform prior over the position of clutter points within the field of view,

c(z|∗xk, e) =
P (c)(zk)

λ · E[|S|]
(10)

where E[|S|] is the size of the expected area visible within the field of view. The clutter intensity is thus

λc(z|∗xk, e) =
P (c)(zk)

E[|S|]
. (11)

3.6 Probability of Detection

The probability of detection is a function of two things. First, the target must lie in the region of the
environment visible to the sensor S which is not obstructed. Second, the response of the score must be
sufficiently high that it passes the likelihood ratio test in (8). We write this as

pD(xk|
∗
xk, e) = Pr(xk ∈ S|∗xk, e) · Pr

(
s > τ∗|∗xk, e

)
. (12)

The first term accounts for targets which fall outside of the field of view of the sensor, or are obstructed
by parts of the environment. In general, this can account for uncertainty in both the platform and the
environment; with our simplifying assumptions here this is a binary function.

To compute the second term, we need to be able to construct a function which will predict the scalar
response given the target state. We model the uncertainty in this prediction by specifying a distribution on
the score.

4. PHD WITH STATE DEPENDENT DETECTION MODELS

We implemented the state dependent probability of detection in an Sequential Monte Carlo implementation
of a PHD Filter (SMC–PHD Filter). The reason for doing this is that it is possible, for each particle, to
condition on the state of the target platform, which greatly simplifies the calculations.

4.1 Density Representation

The SMC implementation approximates the intensity as a weighted set of Nk particles,

D (xk|Z1:k) ≈
Nk∑
i=1

w
(i)
k|kδ

(
x
(i)
k|k − xk

)
, (13)

where Z1:k is the sequence of observations up to timestep k, w
(i)
k|k is the weight of the ith particle, x

(i)
k|k is the

location of the ith particle, δ(·) is the vector form of a delta function and

Nk∑
i=1

w
(i)
k|k = ηk|k, (14)

is the expected number of targets.
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4.2 Algorithm Steps

The SMC–PHD Filter consists of the following steps:

1. Predict target intensity. This consists of two steps: predict existing particles forwards, and mod-
elling the spontaneous birth of targets.

(a) Predict existing particles forwards. The process model is applied to each particle x
(i)
k−1|k−1 to

generate a predicted particle x
(i)
k|k−1. The weights are w

(i)
k|k−1 = ps(xk−1)w

(i)
k−1|k−1.

(b) Target birth. The target birth b(xk) is modelled using an adaptive birth approach which exploits
the measurements from the previous timestep to create a new set of Nk,new particles for the
current time step.11 Each particle receives a uniform weight equal to the number of new particles
divided by an expected number of targets which appear at each time step denoted νk.

As a result, the predicted intensity is

D (xk|Z1:k−1) ≈
Nk−1+Nk,new∑

i=1

w
(i)
k|k−1δ

(
x
(i)
k|k−1 − xk

)
. (15)

2. Compute correction term. For each measurement zk,j in Zk, compute the term

λk|k−1 (zk,j) = λc
(
zk,i|

∗
xk−1, e

)
+

Nk−1+Nk,new∑
i=1

w
(i)
k|k−1pD

(
x
(i)
k|k−1|

∗
xk, e

)
Lzk,j

(
x
(i)
k|k−1|

∗
xk, e

)
. (16)

Since the probability of detection is not a constant, it must be computed for each particle separately.

3. Update. The update re-weights the particles using the PHD pseudo-likelihood. Specifically,

w
(i)
k|k = LZk

(
x
(i)
k|k−1|

∗
xk, e

)
w

(i)
k|k−1, (17)

where

LZk

(
x
(i)
k|k−1|

∗
xk, e

)
= 1− pD

(
x
(i)
k|k−1|

∗
xk, e

)
+

Mk∑
i=1

Lzk,i

(
x
(i)
k|k−1|

∗
xk, e

)
pD

(
x
(i)
k|k−1|

∗
xk, e

)
λk|k−1 (zk,i)

. (18)

Again, the particle-dependent probability of detection must be computed.

4. Resample. As with all SMC implementations, resampling is required to mitigate the effects of particle
depletion. The average number of targets is computed from

ηk|k =

Nk∑
i=1

w
(i)
k|k. (19)

Stratified resampling is used and the particles are renormalised so that their weights still sum to ηk|k.

5. SIMULATION EXAMPLE

To assess the performance of the algorithm a simplified version of the WAMI problem described in Section 2.1
was developed.
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(a) The simulation scenario.
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(b) Sigmoid functions used in the target likelihood model.

Figure 2. The simulation scenario. A UAV flies over a large environment and observes targets on the ground. The
targets can be obscured by occluding objects. The sensor likelihood is a Gaussian whose mean changes with a sigmoid
with distance. When the sigmoid value tends to zero, a target is essentially indistinguishable from clutter.

5.1 Simulation Set-up

The scenario, illustrated in Figure 2(a), was chosen to demonstrate the impact of spatially varying probability
of detection in the presence of clutter and occlusions. An aerial platform flies over an area of approximately
400m × 400m. The scenario has a length of 100s. The camera’s field of view is modelled as a constant,
axis-aligned square whose dimensions are 200m× 200m centered under the current position of the platform.

5.1.1 Platform Trajectory

The platform trajectory simulates a typical trajectory of an aircraft undertaking WAMI by flying in a spiral

pattern. The platform state is given by
∗
xk =

[
x y δ θ

]>
k
, which evolves according to the model

xk+1 = xk +∆Tδk cos(θk) yk+1 = yk +∆Tδk sin(θk)
δk+1 = δk +∆Tuduk θk+1 = θk +∆Tuθvk

(20)

The platform’s height is a constant z = 80m. δ0 = 5m and θ0 = π/20rad. uk and vk are uniformly
distributed random variables in the range [0, 1]. ud = 2ms−2 and uδ = π/24rad s−1.

5.1.2 Simulation of Track Trajectories

Each true target moves according to a constrained random walk. The state of the target is given by

xk =
[
x ẋ y ẏ

]>
k
. This consists of the target position (x, y) and the target velocity, both expressed

in Cartesian coordinates. The position of the target is sampled using a 2D multivariate Gaussian with mean
(0m, 0m) and standard deviation (3m, 3m). The target velocity is sampled with the mean (1m s−1, 1m s−1)
and corresponding standard deviation (2m s−1, 2m s−1).

For each subsequent time step, the process is as follows:

1. With probability pdeath, an existing target is deleted.

2. With probability pbirth, a new target is created. The position of the target is sampled using the
platform location as the mean, and the standard deviation (3m, 3m). The new target’s velocity is
initialised with mean (1, 1) and standard deviation (2m s−1, 2m s−1).
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3. An existing, surviving target evolves according to the nearly constant velocity motion model with
transitional density πk+1|k(x|x′) = N (x;Fx′,Q) where

F = I2 ⊗
[
1 ∆T
0 1

]
, Q = I2 ⊗

[
∆T 3

3
∆T 2

2
∆T 2

2 ∆T

]
·$ (21)

where ⊗ is the Kronecker product, ∆T is the length of each timestep and $ is the intensity of process
noise. To prevent targets from escaping entirely from the scenario, a further constraint is applied if
the distance between the platform and the track becomes too large. Specifically, a control input of the
form (ẋ, ẏ) = 1

2 (ẋ, ẏ) + γ((ẋ, ẏ) − (δk cos(θk), δk sin(θk))) is applied, where γ = 0.1. This causes the
targets to move back towards the platform.

5.1.3 Observation Model

We model the classifier score, s, as a stochastic function with mean zero for clutter observations, and mean
one when a target is observed at close range, but dropping to zero as the distance between the target and
camera increases. Therefore,

si ∼

Csi

(
x
(i)
k+1|k

)
= N

(
0, σ2

c

)
clutter

Lsi

(
x
(i)
k+1|k

)
= N

(
m

(
x
(i)
k+1|k,pk

)
, σ2

t

)
target

(22)

where σ2
c is the variance for clutter observations, xk is the target position and pk is the platform position.

The mean function, m(·), is a sigmoid defined on the log2 distance between the target and camera:

1− 1

1 + exp[−α(log2 ||xk − pk|| − β)]
(23)

Figure 2(b) illustrates the response of several sigmoids with distance. The intuition is that the probability
of detecting a target is proportional to the number of pixels the target occupies in the image which is
(essentially) linearly related to the log2 distance. The parameters α and β control the distance and rate at
which the mean score drops from one to zero. α and β can be learnt from data.

Figure 3. Camera field of view and rectangular occluders.

In addition, the environment has a number of rectangular occluders. These are illustrated in Figure 3.

5.1.4 Probability of Detection

The probability of detection is computed from (12). This requires the solution of two terms: the probability
that the target is visible, and the probability that the target will generate a response which will be detected.
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Given the assumption that both
∗
xk and e are known perfectly, we perform a simple ray test to determine

if the target lies within an unoccluded detection region of the sensor. The probability is a binary value which
either takes the value 0 (not visible) or 1 (visible).

We must compute the probability that
Ls(xk)

c(s)
≥ τ. (24)

Given our assumption that both Ls(xk) and c(s) are Gaussian, we compute the smallest value of s∗ which
will trigger a detection as follows,

τ < Ls∗(xk)/c(s
∗) (25)

τ < N (s∗;m(xk,pk), σ
2
t )/N (s∗; 0, σ2

c ) (26)

ln τ <
1

2
ln

(
σ2
c

σ2
t

)
+

(s∗)2

2σ2
c

− (s∗ −m(xk,pk))
2

2σ2
t

(27)

The quadratic can be solved to determine the value of s∗. We then need to compute the probability
Ls(xk)≥s∗. Since Ls(xk), this value can be computed from the error function.

Variable Value Description

pbirth 0.2 birth rate of ground moving targets
pdeath 0.05 death rate

σvx = σvy 0.7m s−1 Evolution model, nearly constant velocity model
N 2000 number of particles
Nb 1500 number of new born particles
τ 0.85 threshold to decide if measurement originated from a target

Table 1. The parameters used in the simulation.

5.2 Results

In this section, we consider two scenarios and compare the performance of two filters. The two scenarios,
listed in Table 2, can be broadly described as “easy” and “hard”. In the easy scenario, the clutter rate is
relatively low and the response of the detector to the target is relatively flat over a large distance. In the
hard scenario, the clutter rate is much higher, and the detection probability drops much more strongly with
distance. The two filters are:

• PHD. This is a conventional PHD filter. The clutter rate and probability of detection are fixed
constants. To compute the values, both the clutter rate and the probability of detection correspond to
an averaged value over the image pixels and the varying distance between the platform and the ground.

• DynPHD. This is the PHD filter with the dynamic probability of detection and clutter rates.

Figures 4(a) and 4(b) show a single frame from the performance of each filter in an illustrative simulation
run where the sigmoid parameters are set to α = 2 and β = 7 (corresponding to an average probability of
detection equal to 0.87 and a clutter rate equal to 23). As can be seen, the regular PHD filter maintains
many more tracks (crosses) than ground truth. DynPHD exhibits far fewer spurious tracks.

Scenarios probability of detection clutter rate

sigmoid parameters α = 2, β = 8 0.90 3
sigmoid parameters α = 2, β = 6.5 0.80 80

Table 2. The two scenarios and parameters used for the PHD.
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(a) Conventional PHD filter.
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Figure 4. Illustration of trajectories generated by the different PHD filters in comparison to the ground truth. The
dots represent the measurements, the circles trajectories of the true targets and the plus PHD tracks. Note that the
conventional filter generates many spurious tracks.

To quantitatively compare the performance of the two filters, we used the OSPA12 metric, which provides
a mechanism to evaluate both cardinality and position errors in terms of a distance measure‡. Figure 5(a)
shows the results from the two filters for 100 Monte Carlo runs for the first scenario. This clearly shows the
improvement in performance when considering occlusions only (high pD and low clutter as can be seen in
Table 2. Figure 5(b) shows the results when the probability of detection falls more sharply with range. As
can be seen, the conventional PHD filter performs much worse, whereas the performance of DynPHD has
only degraded very slightly. While both filters suffer from track discontinuity mainly due to limited field
of view and occlusion, the DynPHD offers both better cardinality estimation and accuracy. The DynPHD
filter is more robust to clutters and more crucially, the pseudolikelihood is improved and yields to a better
Monte Carlo approximation of the posterior intensities.
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(a) Average probability of detection of 0.90.
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(b) Average probability of detection of 0.80.

Figure 5. OSPA metrics averaged over100 Monte Carlo runs for both the static and dynamic PHD filters. The OSPA
metric is computed with c = 200 and p = 4.

6. SUMMARY AND CONCLUSIONS

In this paper, we have considered the problem of state dependency in multitarget tracking using PHD filters.
We derived a framework for the probability of detection and clutter rates directly from the properties of the
sensor. We have shown that, in a simple simulation scenario, the algorithm can outperform tracking systems
which use fixed values.

‡In the results reported in this paper the cutoff parameter is set to 200m while the OSPA parameter is set to 1.
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Future work is exploring how the algorithms can be applied in actual operational systems, using machine
learning algorithms to learn the likelihood functions and template-based matching algorithms.10,13,14
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