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Abstract—The Probability Hypothesis Density filter gives an
estimate of the multistate solution set without a multidimensional
assignment between measurements and the target estimates. The
filter itself outputs a multimodal surface from which individual
target estimates must be manually extracted. Furthermore, since
the filter propagates the entire multistate estimate, it does not
provide any natural connection between any individual state
estimates extracted at consecutive timesteps. Recently a new
series of deconvolution methods known as CLEAN algorithms
have been explored in the particle-based PHD context as a new
method of state extraction which considers both the weight and
spatial properties of the state estimates. This paper explores
weight based state extraction in PHD filters in a more general
context and focuses on the issue of track continuity when using
weight partitioned PHD filters. The partitions are maintained
over time, based on their spatial and weight characteristics so to
represent individual or singleton estimates at each timestep.

Keywords: Probability Hypothesis Density, Track Conti-

nuity, Weight Partitioning, Track Labeling, CLEAN

I. INTRODUCTION

A. Multitarget Tracking

Multitarget tracking is an important part of many

information systems. It is comprised of detecting, estimating

and classifying multiple objects over time. One important

aspect of multitarget tracking is the ability to continually

identify and monitor individual objects over time. This enables

the estimation of information such as target classification and

intent. Some standard multitarget tracking methods such as

Multiple Hypothesis Tracking (MHT) and Joint Probabilistic

Data Association (JPDA) accomplish this intrinsically [1],

The measurement-to-estimate associations in both methods

form the individual object estimates which are built and

measured contiguously using some mechanism of single

target filtering on the individual tracks.

More recently the Probabilistic Hypothesis Density (PHD)

filter has been introduced and has quickly become a popular

method for multitarget estimation. The PHD filter concept

was introduced by Mahler in 2000 [2]. It is built on the

mathematical theory of Random Finite Sets (RFS) using

what Mahler has termed the Finite Set Statistics (FISST)

framework. [3]

While the PHD filter provides an excellent mechanism

for tracking multiple objects in clutter, it also provides an

estimate of the entire multitarget solution set at each update

step. Individual state estimates must be extracted manually

from the set estimate. Since the entire estimate is propagated

over time there is no intrinsic link between these individual

estimates extracted at each time step. Several solutions for

both state extraction and track continuity have been applied

to PHD filters to allow individual objects to be identified and

tracked over time.

The PHD filter provides an estimate of the number of

elements present as well as a multimodal surface with the

most likely locations of those estimates. The states are

typically estimated based on spatial qualities (choosing higher

or spaced peaks) of the PHD surface and do not necessarily

consider the weight of the elements being extracted. If

the peaks extracted from the PHD surface are estimates of

individual targets then the total weight (volume) of each

estimate should be representative of an individual target as

well.

Several solutions exist for determining track continuity in

PHD filters. One popular type of solution is to determine

the track continuity external to the PHD framework. This

most typically accomplished by treating elements of the

multitarget estimates from the PHD filter as measurement

inputs into another multitarget filter mechanism, such as

MHT or JPDA. [4] [5] [6] Here the PHD filter essentially

acts as a decluttering tool for the external filter. The data

association problem, which is so graciously circumvented in

the PHD filter is simply moved outside the framework into

the external algorithm, albeit with reduced complexity.

Another method which is used to provide track continuity

with the PHD filter is commonly referred to as track labeling.

This method applies discrete track labels to various portions

of the PHD surface to identify them with an individual

state element. These labels are propagated and maintained

over time to continually monitor estimates. Labeling is

accomplished in the 2 implementations of the PHD filter

described by assigning the labels to individual particles in
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SMC-PHD [7] and the Gaussian components in the GM-PHD

filters [8] respectively. A variety of ad-hoc track labeling

maintenance schemes are used in each to determine how the

labels are propagated, updated and extracted from the filter

estimates. [9] [10]

This paper introduces a new variant of the PHD labeling

technique. It partitions the PHD surface based on both weight

and spatial characteristics into portions which represent the

PHD functions of the singleton sets which make up the

estimate of the multitarget solution set. These singletons can

be propagated over time to obtain a continuous target estimate

through consecutive prediction and update steps.

II. PHD FILTERING

A. RFS and FISST

The classical multitarget problem involves detecting,

estimating and classifying dynamic and discrete target

parameters from a sequence of noisy measurements. This

problem can be modeled mathematically using RFS and the

FISST framework. First, the collection of individual object

states at a given timestep k are modeled as a random finite set,

Xk. The set is formed as the union of the RFS of surviving

targets from the previous time step, combined with the RFS of

new targets which have appeared between time k − 1 and k.

Since the estimates are sets, there is no intrinsic link between

the individual elements x
(j)
k at different timesteps. To

accommodate this, each state is paired with a unique (integer)

target identifier n
(j)
k which labels the individual object over

time. The corresponding measurement set at time k is also

modeled as a random finite set. The measurement set is

comprised of both target generated measurements as well as

false alarm noise based measurements. Each target does not

necessarily generate a measurement in each update (missed

detections) and the target generated measurements usually

contain some amount of noise added. The measurements

typically contain no information as to their target (or noise)

source. The mathematical representation of the 2 sets is as

follows

Xk=





⋃

x∈Xk−1

Sk (x)



 ∪ Γk=
{(

x
(j)
k , n

(j)
k

)}Nk

j=1
(1)

where n
(j)
k 6= n

(i)
k for i 6= j

Zk =

[

⋃

x∈Xk

Θk(x)

]

∪ Kk =
{

z
(j)
k

}Mk

j=1
(2)

Here Sk (x) determines whether a target x survives between

time k−1 and k as well as its new location and Γk is the

set of new targets appearing between time steps. The function

Θk(x) generates a noisy measurement for the target x (if the

target is detected) and Kk is the set of false alarm generated

measurements.

B. PHD Theory

The PHD is the first order moment of the optimal multitarget

Bayes filter. The PHD function is defined on the state space

and informally provides the likelihood of a given state being

in the multitarget solution set. As such, it also gives the

estimated mean density (size) of the multitarget solution set

when integrated over any region of the state space. These two

properties allow for the PHD function to estimate both the

number of estimates as well as the most likely locations of

these elements in the multitarget solution set.

DΞ(x) =

∫

δX(x) · fΞ(X) δ(X) (3)

where δX(x) =
∑

w∈X

δw(x)

The PHD density is not an actual probability density func-

tion as it does not always integrate to 1 but it can be interpreted

as the likelihood that each state is an element of the solution

set Ξ. Thus the integral over any given region of state space

is the expected number of elements in that region.

DΞ(x) = Pr[x ∈ Ξ] (4)

and E [|S ∩ Ξ|] =

∫

S

DΞ(x) dx (5)

Similar to the Kalman filter for single target filtering, the

PHD can be recursively predicted forward in time and up-

dated with a multitarget measurement set. The PHD recursive

prediction equation is given in [3] as follows

Dk|k

(

x|Z(k−1)
)

= bk|k−1(x)+
∫

Fk|k−1(x|w) ·Dk−1|k−1

(

w|Z(k−1)
)

dw

(6)

where Fk|k−1(x|w) = pS(w) · fk|k−1(x|w) + bk|k−1(x|w)

Here bk+|k−1(x) represents the target birth intensity,

bk|k−1(x|w) is the single target spawning probability

(with given prior information), fk|k−1(x|w) is the single

target transition likelihood and pS(w) is the target survival

probability.

The PHD update equation using the measurement set Zk is

given in [3] as follows:

Dk|k

(

x|Z(k)
)

=

(

1− pD(x) + . . .

∑

z∈Zk

pD(x) fk+1(z|x)

λc(z) +Dk|k−1 [pDLz]

)

Dk|k−1

(

x|Z(k)
)

(7)

where Dk|k−1 [pDLz] =

∫

pD(x) fk+1(z|x)Dk|k−1

(

x|Z(k)
)

dx

Here c(z) is the false alarm noise distribution function with

a mean number of λ false alarms per scan and pD(x) is the

probability of target detection.
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C. PHD Implementations

The 2 most popular implementations of the PHD filter

are the Sequential Monte Carlo PHD (SMC-PHD) filter [11]

and the Gaussian Mixture PHD (GM-PHD) filter [12]. This

paper focuses more on the SMC based implementation of

Weight Partitioned PHD filters thus mainly the details of the

SMC-PHD are outlined. More details on the GM-PHD are

available in [12].

1) SMC-PHD Filter: The SMC-PHD filter is a particle

based, discrete approximation of the PHD surface. It approx-

imates the PHD function Dk

(

x|Zk
)

using a set of weighted

points
{

x
(i)
k , ω

(i)
k

}Lk

i=1
similar to that used in a particle filter.

Dk

(

x|Z(k)
)

∼=

Lk
∑

i=1

ω
(i)
k δ

x
(i)
k

(x) (8)

where Lk is the number of particles used in the approximation.

The above equation (8) is only an approximation to the

actual PHD equation however it has been shown in [13]

that the approximation converges to the actual function. The

SMC-PHD allows for non-linear state transition functions and

measurement models. It is typically considered to be more

computationally intensive than the GM-PHD filter.

When the PHD function is approximated as in (8) the stan-

dard PHD prediction operation given in (6) can be performed

as follows

x
(i)
k|k−1 ∼







qk

(

·
∣

∣

∣
x
(i)
k−1|k−1, Zk

)

for i = 1, . . . , Lk−1

pk

(

·
∣

∣

∣
Zk

)

for i = Lk−1 + 1, . . . , Lk

(9)

ω
(i)
k|k−1 =















qk

(

x
(i)

k|k−1
,x

(i)

k−1|k−1

)

qk

(

x
(i)

k|k−1
,Zk

) ω
(i)
k−1|k for i = 1, . . . , Lk−1

bk

(

x
(i)

k|k−1

)

Jkpk

(

x
(i)

k|k−1
|Zk

) for i = Lk−1 + 1, . . . , Lk

(10)

where here qk and pk are proposal densities often chosen as

the transition probability qk = fk(xk|xk−1) and normalized

birth density pk = bk(x)/
∫

bk(x) respectively. The number

of particles is Lk = Lk−1 + Jk with Jk as the number of

new particles added at time k.

The PHD update equation (7) can also be performed using

the following operations

x
(i)
k|k= x

(i)
k|k−1 for i = 1, . . . , Lk (11)

ω
(i)
k|k=





(

1− pD(x)
)

+
∑

z∈Zk

pD

(

x
(i)
k|k

)

fk

(

z|x
(i)
k|k

)

κk(z) + Ck(z)



ω
(i)
k|k−1(12)

for i = 1, . . . , Lk

where Ck(z)=

Lk
∑

i=1

pD

(

x
(i)
k|k

)

fk

(

z|x
(i)
k|k

)

ω
(i)
k|k−1 (13)

and κk(z)= λck(z)

III. WEIGHT PARTITIONED PHD FILTER

The PHD filter provides a single function which represents

the density of all targets collectively within the solution

set. These targets must be individually extracted from this

function however are predicted and updated collectively as

a full multistate estimate using the PHD equations (6) and

(7). The Weight Partitioned PHD filter attempts to extract

individual partitions representing targets based on both weight

and spatial characteristics. The estimates can easily generate

an estimate of the individual targets probability density

function. The partitions are also uniquely labeled so they

may be identified and maintained as the PHD estimate is

propagated over time.

A. WPPHD Concept and Theory

The multitarget solution or estimate set can be written as

the union of the individual singleton elements in that set.

X̂ = {x̂1, . . . , x̂n} =

n
⋃

j=1

{x̂j} (14)

The Weight Partitioned PHD filter attempts to partition the

PHD surface such that each partition represents the PHD of

each of the singletons {x̂i} in the multitarget set estimate. The

PHD of a union of independent sets is the sum of the PHDs

of the individual sets. Similarly with the WPPHD filter, the

PHD surface is decomposed into the sum of the PHD functions

of the singleton sets of individual elements of the multitarget

estimate.

D(x) =

n̂
∑

j=1

D(j)(x) (15)

where here D(j)(x) is the PHD partition for the singleton {xj}

Since each partition D(j)(x) represents the PHD of a

singleton set and is itself a PHD surface, the expected volume

of each individual partition is expected to be unity.

N̂ (j)=

∫

D(j)(x) ≈ 1 (16)

where N̂=

∫

D (x) =

∫ n̂
∑

j=1

D(j)(x) dx (17)

· · ·=
n̂
∑

j=1

∫

D(j)(x) dx =

n̂
∑

j=1

N̂ (j) (18)

Also, since the partition of the PHD represents a singleton,

the probability distribution function of the individual set

element can be estimated from the partition PHD function as
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follows.

D(j)(x) ≈ Pr
[

X(j) = x
]

(19)

⇒ Pr
[

X(j) = x
]

≈ p(j)(x) = D(j)(x)

/
∫

D(j)(x) dx

(20)

Each of the partitions represent an individual element (sin-

gleton) of the multistate estimate set. In order to maintain an

estimate of an individual object over time, each partition is

assigned a unique id which is propagated along with the PHD

surface over time. This enables the changes in each partition

to be monitored over time and easily extracted at the following

timestep. New partitions may be added to the WPPHD in both

the predictions and update stages.

B. Partition Maintenance

The method of labeling is a popular method of

distinguishing individual objects within the entire PHD

estimate [10] [8]. Labels are applied to various portions of

the PHD surface which essentially partitions the surface into

smaller individual PHD functions. Since the PHD surface is

the sum of the individual partitions, propagating the entire

surface forward in time while keeping the labels intact will

result in a partitioned PHD surface where each partition is

it’s predicted and updated predecessor.

In most common labeling implementations the labels are

added and maintained based on information such as their

spatial proximity to other labels (clustering in the SMC-PHD

filter and merging in the GM-PHD filter) [10] [8]. However it

is also important to consider the total weight each individual

partition forms. Most importantly if the role of each partition

is to identify individual targets then the total weight of each

partition should also be representative of an individual target.

For instance if a labeled partition has a total weight close

to 2 then it is likely representative of 2 actual targets and

should be split into smaller partitions with weights closer to

1. As well, extremely low weighted partitions (near 0) do not

contain enough weight to accurately represent a single target

and should not be reported as a track or even removed from

the estimation process.

In order to ensure each partition correctly identifies

an individual target they must be maintained after each

measurement update step. In order to accomplish this,

partition maintenance operations are introduced to remove

low weighted estimates as well as breakdown larger partitions

which are representative of multiple estimates. First, low

weighted partitions whose total expected number of elements

is below a certain deletion threshold N̂ (j) ≤ Ndel ∼ 0 are

removed and their weights redistributed amongst the other

surviving partitions. Next, any partitions which have an

estimated number of targets greater than 1 are split into the

appropriate number of sub-partitions. The partition splitting

rule is implemented using a threshold Nsplit. If N̂ (j) ≥ Nsplit

then the partition j is split into Ñ (j) = round(N̂ (j)) separate

partitions. Finally only partitions whose weight represents

an individual target are reported in the multitarget estimate

set. This is accomplished by only reporting the tracks

from partitions whose weight exceeds a reporting threshold
(

N̂ (j) ≥ Nrep

)

.

C. SMC-WPPHD

To implement the WPPHD filter using an SMC-PHD filter

the typical representation of the PHD function is extended

to include a vector µ which describes the probability that a

particle (state) is mapped to each current partitions.

{

x
(i)
k , ω

(i)
k , µ

(i)
k

}Lk

i=1
(21)

Here the vector element µ
(i,j)
k represents the probability the

individual estimate indexed by j exists at the point x
(i)
k .

µ
(i,j)
k = Pr

[

X
(j)
k = x

(i)
k |x

(i)
k ∈ X

]

(22)

Since the entire weight of each particle weight must map

to one of the current partitions we have

Tk
∑

j=1

µ
(i,j)
k = 1 for i = 1, . . . , Lk (23)

where Tk is the number of current partitions.

Thus the set of vectors
{

µ
(i)
k

}Lk

i=1
partitions the SMC-PHD

estimate
{

x
(i)
k , ω

(i)
k

}Lk

i=1
into individual SMC-PHDs of the

singleton sets {xj} which are determined as follows.

D
(j)
k (x) ∼

Lk
∑

i=1

µ
(i,j)
k ω

(i)
k δ

x
(i)
k

(x) j = 1, . . . , Tk (24)

Accordingly, the total weight of an individual partition N
(j)
k

can be determined using the following

N
(j)
k =

Lk
∑

i=1

µ
(i,j)
k ω

(i)
k j = 1, . . . , Tk (25)

To predict the elements of the SMC-WPPHD forward, the

particles states and weights use the same equations as the

standard SMC-PHD filter (9) and (10). This includes new

particles which are added for targets birth. These new particles

(and weights) form a new, uniquely labeled partition of the

PHD surface. New association vectors are formed for the

new particles with no association to previous partitions and

complete association to the new birth partition. The association

vectors of the existing particles are passed forward with their

respective particle states and weights. They are then extended

in size to include the new partition but are given no association
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weight to the new partition.

µ
(i)
k|k−1 =

{ [

µ
(i)
k−1|k−1 0

]

for i = 1, . . . , Lk−1

[0, . . . , 0 1] for i = Lk−1 + 1, . . . , Lk

(26)

Similarly, the update step of SMC-WPPHD also uses the

same update equations as the SMC-PHD filter (11) and (12).

The association vectors are simply kept the same as after the

prediction step. They are instead updated during the partition

maintenance step.

µ
(i)
k|k = µ

(i)
k|k−1 for i = 1, . . . , Lk (27)

After prediction and measurement updates have been per-

formed on the extended particle set, the weights of the existing

partitions are computed as in (25) above. Once the new

partition weights are computed it is important to maintain

the partitions so to assure they are each still representative

of singleton sets. This process follows the logic of partition

deletion and splitting as outlined above in section III-B.

Partitions with total weight below the delete threshold Ndel are

removed and their weights redistributed amongst the surviving

partitions. Then any partitions whose total weight is above

the splitting threshold Nsplit are each repartitioned into the

appropriate number of sub-partitions whose individual weights

better approximate a singleton set. Any new partitions are

given new unique labels to identify them as separate elements

in the multitarget estimate.

D. CLEAN Partitioning

There are several methods which are traditionally used

to extract states from a PHD filter, or in the case of the

WPPHD, a partition. For most methods the first step is

determining the number of states to extract using the PHD

estimate of the number elements contained in the surface.

Once the appropriate number of elements is determined the

peaks or states extracted based on the spatial characteristics

of the PHD surface. Some techniques which are used in the

SMC-PHD filter context are Gaussian Mixture approximation

via Expectation Maximization [10] or various means of

clustering [14] [15]. The majority of these methods choose

the peaks and estimates based on spatial characteristics of

the PHD surface but do not necessarily consider the total

size or weight of the peaks so they accurately represents an

individual target.

Recently, a class of image decluttering techniques known as

CLEAN algorithms has generated interest for extracting peaks

from SMC-PHD filters [16] [17]. Originating in the domain

of astronomy, CLEAN algorithms are a class of deconvolution

algorithms which extract multiple objects from noisy images.

The attraction of CLEAN algorithms is that both the spatial

characteristics as well as the size of the peaks are taken into

consideration. The particular sub-class of CLEAN algorithms

which had been applied to SMC-PHD state extraction is the

sequential CLEAN algorithm where peaks are individually

chosen and their weights removed (subtracted) from the PHD

surface in sequence. Each subsequent peak is then chosen

from the cluttered image with the previous peak removed

until all peaks are extracted. [18]

The CLEAN algorithm was first used to perform state

extraction in SMC-PHD filters in [16]. A similar technique

can be used in the SMC-WPPD filter to sub-partition

elements in smaller pieces. Since each individual partition

in an SMC-WPPHD is also an SMC-PHD estimate, the

algorithm in [16] can be applied directly to the partition’s

particle set. This partitions it into smaller elements which

are more representative of individual targets. Due to space

limitations the algorithm will not be described in detail here,

however the complete implementations will be outlined in

[19].

Once all partitions are set, those whose total weight exceeds

the reporting threshold Nrep are reported as tracks at that

time step. The partitions can be normalized to estimate the

probability distribution function of the individual elements

as in (20). The corresponding equations for pdfs of SMC-

WPPHD partition elements p
(j)
k (x) along with their Gaussian

approximations with mean m
(j)
k and covariance P

(j)
k are

computed as follows.

p
(j)
k (x)∼=

∑Lk

i=1 δx(i)
k

(x)
∑Jk

i=1 µ
(i,j)
k ω

(i)
k

(28)

m
(j)
k =

1

N
(k)
k

Lk
∑

i=1

µ
(i,j)
k ω

(i)
k (29)

P
(j)
k =

1

N
(k)
k

Lk
∑

i=1

(

x
(i)
k −m

(j)
k

)(

x
(i)
k −m

(j)
k

)′

(30)

The typical output of an SMC-WPPHD can be seen in

Figure 1. The Figure gives the plot of the particle partition

of position dimension of a one dimensional multitarget track-

ing problem. In the Figure each color represents a different

partition of the SMC-WPPHD.
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Figure 1. SMC-WPPHD Partitions
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E. GM-WPPHD

It should be noted that the SMC-WPPHD simply uses the

SMC-PHD as a PHD approximation and propagation utility.

The majority of the partitioning and maintenance operations

happens outside of the SMC-PHD framework. As such the

WPPHD can also be implemented with Gaussian Mixtures

using the standard GM-PHD as it’s base framework. It will

be briefly described here and further details will be outlined

in [12].

The GM-PHD filter use a Gaussian Mixture to approximate

the PHD function.

Dk

(

x|Zk
)

∼=

Jk
∑

i=1

ω
(i)
k · N

(

x;m
(i)
k , P

(i)
k

)

(31)

The PHD prediction and update operations of (6) and (7)

can be performed exactly on the GM components, provided

the transition and measurement equations are linear (or

linear approximations). The complete implementation of the

GM-PHD is described in detail in [12].

To implement the GM-WPPHD the standard GM-PHD is

extended in a similar manner as the SMC-PHD is extended

to form the SMC-WPPHD. An association component µ
(i)
k is

added to each Gaussian component to form the set

{(

m
(i)
k , P

(i)
k , ω

(i)
k , µ

(i)
k

)}Jk

i=1
(32)

Once again here the set
{

µ
(i)
k

}Jk

i=1
partitions the PHD estimate

Dk(x) into individual singleton PHD estimates which are

determined as follows.

D
(j)
k (x) =

Jk
∑

i=1

µ
(i,j)
k ω

(i)
k N

(

x;m
(i)
k , P

(i)
k

)

(33)

Again, as in the SMC-WPPHD filter, the total weight of an

individual partition N
(j)
k can be determined as in (25). Further

details and simulation results for the GM-WPPHD will be

provided in a follow up paper currently in preparation [19].

IV. SIMULATION

A. Scenario Description

The performance of the SMC-WPPHD algorithm is

demonstrated using the following simulated example.

Consider the 1-dimensional multi-target scenario consisting

of 3 targets as shown in Figure 2. Each target will both appear

and vanish in the scenario at different points throughout

the simulation. The x-coordinate values are used as the

target measurements with additive Gaussian white noise with

a standard deviation of σx = 2. The sensor generates a

measurement for each target with a constant probability of

pD = 0.9 and it also generates a Poisson random number of

false measurements with mean λ = 1 and spatial distribution

c(z) as uniform throughout the measurement space. The

scenario consists of 20 measurement updates. The scenario

also consists of difficult multitarget tracking problems such

as multiple targets appearing in a small window of time as

well as crossing (closely spaced) targets.
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Figure 2. 3 Target 1D Scenario

The SMC-WPPHD parameters were configured as follows.

The common scenario parameters (pD, λ, etc) were assumed

to be known and set to their actual values. The target

birth density was set to be uniform over the scenario space

and the total weight of the birth density was set to be

Ntargets/Nscans = 0.15. The probability of target survival

throughout the scenario was pS = 0.9 and targets were

modeled with near constant velocity linear motion with

minimal process noise. The number of particles used per

target for both newborn objects and in resampling was

1000. The WPPHD partition threshold values were set at

Ndel = 0.2, Nsplit = 1.5, Nrep = 0.5. The scenario was

performed for over 100 Monte-Carlo runs and the results for

both cardinality, estimate accuracy as well as track continuity

were computed.

B. Metrics Description

The first metric collected was the cardinality estimate of

the actual tracking filter. The expected (estimated) number of

targets as well as number of tracks reported at each timestep

was averaged over all Monte-Carlo trials and the mean and

standard deviation were plotted against the actual values.

Note that estimated number of elements from the PHD filter

and the number of tracks reported by the WPPHD may differ.

This is due to the fact that WPPHD track will not necessarily

have equal weights or weights equal to unity. Track weights

will vary between Ndel and Nsplit with any tracks below

Nrep not being reported.
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For state estimation accuracy, there are a variety of

multitarget tracking metrics which could be used such as the

Hausdorff metric [20] or the Wasserstein Multitarget Miss

Distance [21]. Recently, the Optimal Subpattern Assignment

(OSPA) metric has been introduced and demonstrated as

a consistent metric for multitarget tracker performance

evaluation [22]. As in the previous metrics mentioned, it

considers both the distance between the individual elements

as well as the difference in set cardinalities. The OSPA metric

for use as a multitarget tracker evaluator is described in detail

in [23] however the basic equations are defined as follows.

d̄(c)p (X,Y ) =

(

1

n

(

min
π∈Πk

m
∑

i=1

d(c)
(

xi, yπ(i)
)p

+ cp (n−m)

))
1
p

(34)

where d(c)(x, y) = min {c, ‖x− y‖} and Πk is the set of

permutations of the set {1, . . . , k}. Also note that in general

p ≥ 1, c > 0, |X| = m and |Y | = n.

The track continuity can be measured using a variety

of metrics. The metric used here is chosen from a collec-

tion proposed by the Multistatic Tracking Working Group

(MSTWG) in [24]. The metrics are used by the working

group to benchmark multistatic tracking algorithms, however,

the metrics are technically applicable as metrics for any

multitarget tracking algorithm. A simple metric which appeals

to measuring continuity is the track fragmentation rate (TFR).

It can be computed simply as the ratio between the number

of true targets NTT and the total number of tracks generated

NT .

TFR =
NTT

NT

(35)

C. Results

The above scenario was run for 100 Monte Carlo runs.

The mean values for the SMC-PHD filter’s mean number of

targets, the expected number of objects (rounded mean), and

the number of tracks reported by the SMC-WPPHD at each

scan is shown in Figure 3. The plot shows that the SMC-PHD

filter used takes a few scans to correctly reach the correct

amount of targets but is fairly accurate at maintaining the

estimate once it is reached as well as reducing the estimate

number as targets disappear.

The SMC-WPPHD generated track results from one of the

Monte Carlo runs is shown in Figure 4. The various colors

represent the individual tracks reported by the SMC-WPPHD

over time. The Figure shows that the filter produces estimates

which continually estimate individual truth object for several

consecutive scans. The number of false tracks remains low

throughout the scenario and the track breakage is also minimal.

The mean track fragmentation rate over all Monte Carlo runs

in the above scenario was 2.3.
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The mean OSPA distances over the full set of Monte Carlo

runs at each scan is plotted in Figure 5. The metric values

were generated using the OSPA parameters p = 2 and c = 10.

The values remain slightly below the maximum target distance

value used throughout the course of the scenario. The error

value is linked to a combination of the underlying SMC-PHDs

performance as well as the performance of the partitioning

algorithms.

V. DISCUSSION

A. Conclusions

The WPPHD filter has been shown to be a viable method

for tracking targets continually over time using the PHD

framework. Partitioning a PHD surface based on both spatial

characteristics and expected target weight is both a natural

and straight-forward way of identifying individual targets

within the multitarget set estimate. The estimates produced

are ensured to represent a single target in both its total weight

as well as its spatial location. The labeling of these partitions

allows for the continual monitoring of these objects over time.
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Figure 5. Mean OSPA Distance

By using the partition weight to maintain the individual

object states over time, the expensive necessity of clustering

particle states at each time step is removed from the filtering

process. Instead, the only expensive state extraction algorithm

used is the CLEAN algorithms for partitioning, which is

only necessary for the track partitioning step. In lower clutter

tracking scenarios and when using an SMC-PHD filter with a

stable estimate as the framework, the need for track splitting

is fairly minimal as partitioning would mainly occur when

new targets arise in the scenario.

B. Future Work

The idea of using weight based partitioning and monitoring

of individual elements in PHD filters is still a new concept.

The algorithms and ideas described in this paper are still

in their infancy and have a large amount of room for

improvement and fine tuning. Similar to how the labeling

techniques of the SMC-PHD filter have been continually

improved, the partition maintenance and label propagation

schemes described in this paper can likely be extended and

enhanced to provide better overall tracking results than those

reported here.

It has been demonstrated that the WPPHD framework can

be applied as an extension to either the SMC-PHD and GM-

PHD filters. Furthermore it is currently in development with

other PHD implementations including a Gaussian Particle

(GP-PHD) based implementation as well the partitioning of

the Cardinalized PHD filter.
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