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Abstract. As the promising and efficient approximation of the Bayesian filter for multi-target
tracking, the probability hypothesis density (PHD) filter iteratively propagates the first-order
statistical moment of the multi-target states other than the multi-target density. However, the
PHD filter cannot cope with the pseudo missed-detection problem caused by the improper
position distribution of target-originated measurements in scenarios. To address the problem, we
propose a multi-target filtering algorithm by integrating a missed-detection renovation scheme
and an improved component fusion scheme into the PHD filter. Specifically, the PHD filter is
used to estimate time-varying number of targets and their states, and the missed-detection
renovation scheme is used to redistribute the PHD of the pseudo missed detections from the
multi-target posterior PHD. In addition, the improved component fusion scheme is used to
reduce and optimize the components of targets in multi-target posterior PHD. Experiment results
demonstrate that the proposed algorithm can achieve better estimation accuracy and reliability in
possible pseudo missed-detection tracking scenarios when compared against the related existing
multi-target PHD filters.

Keywords: multi-target tracking, probability hypothesis density filter, pseudo missed-detection,
random finite sets

1 Introduction

Due to its capability of handling an unknown and time-varying number of targets, the random finite set
(RFS)-based multi-target Bayesian tracking algorithm has been receiving considerable attention
worldwide over the last decade. The RFS-based PHD [1-2] filter is a promising and efficient suboptimal
approximation for the multi-target Bayesian filter. Instead of propagating the full multi-target posterior
density in multi-target Bayes filter, the PHD filter recursively propagates the first-order statistical
moment of multi-target state during each filtering recursion. The Gaussian mixture (GM) and particle
filter (PF) are two implementations to the non-analyticity of the PHD filter, which are called GM-PHD [3]
and PF-PHD [4], respectively. Due to the efficiency and simplicity of the PHD filter, the standard PHD
filter and PHD-based improved versions [5-10] have been extensively applied in target tracking [11-13],
computer vision [14-15], mobile robot [16-17] and vehicle tracking [18-19].

Instead of using the explicit data association in the traditional multi-target filtering algorithm, a soft
association method is integrated into the PHD filter such that the computational cost of the PHD filter has
been significantly reduced. However, the number of targets in the PHD filter is assumed to follow the
Poisson distribution, which exaggerates the effect of the estimated cardinality of the multi-target set
when missed-detection problem occurs. Generally, there are two types of miss-detection, which are
pseudo missed-detection and true missed-detection. The former is not true missed-detection in nature,
which is formed by the random improper position distribution of target-originated measurements in the
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target state space. The true missed-detection is caused by the fact that the target-originated measurements
cannot be received by sensors during the sampling periods. In [2], a simple scenario is utilized to
illustrate the pseudo missed-detection problem in the PHD filter. When the distance between two targets
is far away in tracking scenarios, the multi-target posterior intensity of the PHD filter is bimodal at each
time step. As the targets move close together, the bimodal multi-target posterior intensity cannot be
established at each filtering period. Therefore, state estimates of real targets cannot be extracted entirely
in the PHD filter. Based on the maximum likelihood probability multi-hypothesis tracker(ML-PMHT)
[20], Schoenecker et al. developed a non-Bayesian theory framework to analyze how close the two
targets can get to one another and still be resolvable as two distinct targets in recent paper [21]. In theory,
the proposed approach would be used in vehicle or pedestrian tracking scenarios on a pair-wise basis, but
that would become computationally very burdensome very quickly.

To overcome the pseudo missed-detection problem, a marginal distribution based multi-target Bayes
(MDB) filter is proposed in [22]. The MDB filter replaces joint distribution of multi-target states with the
distribution of individual target state, which recursively propagates both the marginal distribution and
existence probability of each individual target during the filtering process. Owning to the fact that the
independence of individual target can be maintained, the MDB filter can provide higher filtering
accuracy in terms of the states of targets and their number when tracking crossing targets in low clutter
rate environments. Unfortunately, the MDB filter has the drawback that the estimated number of targets
may be over-estimated when the intensity of clutter is comparatively heavy. Especially, the filtering
performance of the MDB filter degrades significantly in tracking paralleling targets in dense cluttered
circumstances. In [23], Zhou et al. proposed an improved PHD filter with the Gaussian mixture
implementation to solve the pseudo missed-detection problem in video target scenarios. The
measurement origin uncertainty can be solved properly by integrating the multi-feature of targets which
are composed of spatial color information, gradient histogram and target contour. By using multi-feature
fusion method, the measurements originated from different targets can be better distinguished, and the
multi-target posterior intensity can be accurately approximated with these correct measurements in the
update of the PHD filter. However, the proposed video multi-target GM-PHD filter is only applicable to
track targets in the fields of computer vision. Aiming to solve the missed detection problem, Yazdian-
Dehkordi et al. proposed a heuristic method named Refined GM-PHD filter [24]. The proposed filter
jointly propagates the survival model and probability of confirmation of each target in the filter recursion.
Based on the survival model and probability of confirmation, a novel state extraction method is proposed
to estimate the states of missed detections. The results show that the Refined GM-PHD filter improves
the filtering accuracy of the GM-PHD filter in missed-detection scenarios. Owning to initializing some
crucial parameters, the Refined GM-PHD filter suffers from extremely terrible filtering accuracy during
initial time steps. In addition, the Refined GM-PHD filter also fails to accurately track multiple targets in
dense clutter or low detection probability scenarios. In [25], a Multi-scan GM-PHD filter is proposed to
track nearby targets in the presence of data association uncertainty, noise and false alarms. Based on the
history of targets in multiple last steps and exponential decay function, the proposed algorithm utilizes a
multi-scan state estimate approach to extract the states of undetected targets. Compared with the GM-
PHD and Refined GM-PHD filters, the Multi-scan GM-PHD filter improves the tracking performance in
terms of the number of targets and their states. However, the length threshold of the multiple time steps is
a crucial factor to the Multi-scan GM-PHD filter, which cannot provide better filtering performance if the
length threshold is set to a smaller value. The complexity of the proposed filter increases with the use of
the multi-scan technology. Lastly, a large number of parameters are used for the first time in the Multi-
scan GM-PHD filter, and thresholds of these parameters are empirically selected and cannot change with
various tracking environments.

It is desirable therefore to have an effective and simple multi-target algorithm that can jointly estimate
the number of targets and their states from noisy measurements in the pseudo undetected target scenarios.
This gives the motivation for the multi-target PHD tracking algorithm with pseudo missed-detection
scheme. In this paper, an improved PHD filtering algorithm with the implementation of Gaussian mixture
for multi-target tracking is proposed, where two schemes, namely pseudo missed-detection renovation
and improved pruning and merging of components, are introduced into the GM-PHD filter. The GM-
PHD filter is responsible to propagate and update the multi-target intensity at each filter recursion step.
The improved pruning and merging scheme of Gaussian components is used to generate the
comparatively optimal components for approximating the multi-target posterior intensity as well as
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control the number of the component in the multi-target posterior intensity. The pseudo missed-detection
renovation scheme is proposed to detect pseudo missed-detection problem and renovate the PHD of the
undetected targets by sufficiently considering the effective weight distribution of the components of
targets.

The key contributions of our approach are threefold. First, the pseudo missed-detection renovation
scheme is incorporated into the GM-PHD filter to restore the weights of the undetected targets, which
can make target posterior intensity more accurate. Second, the proposed pruning and merging scheme of
Gaussian components only merges eligible components belonging to each individual target, and
propagates only one comparatively optimal component of each target to the next time step. Third, using a
number of simulations mimicking pseudo missed-detection scenarios, we show that the proposed
algorithm outperforms the related existing multi-target PHD filters in terms of the number of targets and
their states.

The remainder of this paper is organized as follows. Section 2 briefly described the PHD filter as well
as its Gaussian mixture implementation. The overall steps of the proposed multi-target PHD algorithm
with the pseudo missed-detection scheme are elaborated in detail in Section 3. In Section 4, the
performance evaluations of the proposed algorithm are provided in two scenarios. Our closing remarks
are offered in Section 5.

2 The PHD Filter and Its Gaussian Mixture Implementation

2.1 The PHD Filter

Let N, and Mf, be the respective number of targets and measurements at time & , the multi-target states
and sensor measurements can be represented by finite sets as X, = { Xits Xhiseees xk’Nk} and
Zi= { Zkds Zk, joees 2k, Mk} in the RFS-based multi-target PHD filter, where x,; is the state of the itk target
and z, ; is the jth measurement. In the PHD filter, the first-order statistical moment is named PHD or

intensity, and the target states and its number can be jointly estimated by recursively computing the
multi-target posterior PHD. The filter recursion of the PHD filter is composed of equations of prediction
and update.

Suppose that D, (x| Z*™") is the multi-target posterior PHD at time k£ —1, where z*™" is a union
of measurement sets between time 1 and k£ —1. The equation of prediction is

Dwe—i(xx | ARE 7o) + J.Hk|k—1(xkaxk—l)Dk—l(xk—l | 2% Md x4, @

Hklk—l(Xka Xi1)= ps,kfk\k_l(Xk | x51) + ﬂk\kq(xk [ Xk-1) » )

where p , is survival probability, f,, (x|x.) is transition probability of target state, y,(x,) is the
PHD of newborn targets, and S, (x;|xs1) is the PHD of spawned targets at time & .

The equation of update is

Pai&:(Z | x0) .
Dk(Xk | Z(k)) =1~ Par™ Z L ‘ 7 Dip-(x | z%", ()
zez ALc(z) + Ipd,kgk(z | Xk ) DiwaiCeaat | 25 x4

where g,(z]x) is the target likelihood function, p,, is the detection probability, and the PHD of clutter

is given by )Mc(z) , where ;. is the mean of Poisson clutter points per scan and c(:) is the spatial
distribution of clutter point.

2.2 The Gaussian Mixture Implementation of the PHD Filter

As can be seen from the equations of prediction and update, there are several integrals involving in the
recursion of the PHD filter, which makes it difficult to obtain closed-form solutions. Therefore,
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numerical approach is needed to approximate the equations of prediction and update of the PHD filter.
Under the linear Gaussian assumption, the GM-PHD filter provides a closed-form solution of the PHD
filter, which uses the weighted summation of components of targets to approximate the PHD of targets.

Let N(;m,P) be a Gaussian density with mean m and covariance P, and D, (x) be the
abbreviation Dy (x| Z*™"). The Gaussian mixture implementation of the multi-target predicted PHD
Dww-1(x) in Eq. (1) can be given by

J k-1

Dkvﬁl(x) = Z Wik N (6 miy> Plir) » 4)
=

where Jy;, is the number of Gaussian components, and i, , is weight of the ,j#» Gaussian

component.
The Gaussian mixture implementation of multi-target posterior PHD pD,(x) in Eq. (3) can be

represented by

J k-1

Di(x)=(1 = py)Drp1(X) + Z Z W}i(z)N(x;n’I7£\k(Z),P7£|k(Z)) > )]

zeZy j=1
where the weight of the j## component can be obtained by

Pax Wi\k—l gk(Z | X‘/)
J ik

AL(z) + pd,kZ,:1 C Wi (21 x)

(6)

w';i(Z) =

To keep the efficiency of the recursion of the GM-PHD filter as time progresses, the number of
Gaussian components should be reduced by pruning the components with weak weights and merging the
components that are so close together in the multi-target posterior PHD. For simplicity here, the detailed
formulation of the GM-PHD filter is available in [3].

3 The Proposed Multi-target PHD Algorithm for Pseudo Missed-detection

3.1 The Pseudo Missed-detection Renovation Scheme

The PHD of targets in Eqs. (4) and (5) is approximated via the weighted summation of components, and
each component is expressed by the weight w, mean m and covariance P . To distinguish the
components of different targets in multi-target PHD, an auxiliary parameter, namely label 7 , is
introduced into each component. Therefore, each component of a target can be represented by state

parameter set x, = {Wk,mk, Pk,(k}. The multi-target predicted PHD Dy, _(x) in Eq. (4) can be given in
form of the component set Ny, as

: J k-1 i i i : J k-1
— 1 —_ 1 1 1 1
N1 = {kam} = {Wk|k—17mk\k—lapk\k—hgk\k—l} > ™

i=1 i=1

where the component yj, , in component set §,, , belonging to the same target has the same label

value, otherwise the component x;, , should be assigned with a different label value.
It can be seen from the Eq. (5) that the multi-target posterior PHD D, (x) is composed of both the
PHD of missed-detection term (1 —p, )Di(x) and the PHD of measurement-update term

J k-1
z Zw‘,ﬁ(z)N (x;miu(2), Pip(2)) . The PHD of the missed-detection term preserves the PHD of
zezy j=1
undetected targets that have no measurements in current measurement set. The PHD of the measurement-
update term provides the PHD of detected targets with the corresponding measurements in current
measurement set. Owning to the fact that the corresponding measurements of undetected targets are not
preserved in the measurement set z, at time k , the PHD of these targets only exists in
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(1 = Py )Diw1(x) . However, the multi-target posterior PHD D, (x) preserves the PHD of the pseudo

undetected targets in that the measurements of these undetected targets are in the measurement set 7, at
time k.

The importance of each component in the PHD of targets is reflected by its weight, which is updated
during the update step of the GM-PHD filter at time £ . Due to the improper location distribution of
target-originated measurements in the target state space, the corresponding components of the pseudo
undetected targets cannot obtain correct weights via Eq. (6). Additionally, uncertain association of targets
with measurements makes it more difficult to distinguish the origin of the target-originated
measurements. At time & , the PHD filter uses the Euclidean distance between targets and measurements
to decide which measurement in the measurement set 7, a target belongs to. Therefore, the PHD of the
pseudo missed detections is occupied by the PHD of several other targets. By making full use of the
multi-target posterior PHD D,(x), the incorrect PHD of the pseudo undetected targets can be renovated,
and the pseudo missed-detection problem can be solved.

When the pruning and merging step of the GM-PHD filter terminates, assume that the multi-target
posterior PHD D, (x) in form of component set §,,,,., can be approximated as

N = {xb} " = {Whombs Plati} 8)
A possible target set £, for the multi-target posterior PHD P,(x) can be obtained as
Lo={ 1] xi € Nersts Vi =1: 14} ©)
Then, a pseudo missed-detection indicator /', attime k can be computed by
true round > count
S pmax = {ﬂase : (i;;zirwise ) ’ (10)

where round(-) is the rounding function, count(-) is the function that computes the number of elements
inaset, §,, is the weight summation of targets which can be obtained via Eq. (28).

Given the classical weight threshold of target state extraction ¢, defined in [3], the number of the
effective targets with weights greater than , denoted by N,,, and the weight summation of
components of the effective targets §,, can be represented as

N s =count(®y), (11)
Se,k:ZW£avje®ka (12)
O ={ilwk > @i Vi=1:7.}. (13)

The weight summation of components of targets with weights below ,, represented by §,, in the
multi-target posterior PHD can be computed as

Sb,kZZWZavneélka (14)

Ce=Uh e (15)

If the condition towards f , =frue attime k , the multi-target posterior PHD is incorrectly updated

in the update of the GM-PHD filter. The weights of components of all targets in the multi-target posterior
PHD should be redistributed such that the PHD of the pseudo undetected targets can be renovated.
Finally, the multi-target posterior PHD can be accurately approximated. Assume that the possible pseudo

undetected target set v, . can be represented according to
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V mas = {0 W S 0 Vi =110, (16)

For the target with the label ¢; in the set v, ,, a new weight wj,,,, can be redistributed by

_ 1, s>0-w
e { L. ( wk)’ a7
witow, otherwise
5= WX S =Se) (18)

Yy

where §!, is the compensation weight of the target with the label ¢ .

3.2 The Pruning and Merging Scheme of the Gaussian Components

The number of Gaussian components that approximate the multi-target PHD increases exponentially as
time progresses, making the computational load very high. Thus, an effective pruning and merging
scheme for Gaussian components is proposed to manage the number of Gaussian components to increase
efficiency. The biggest differences between the component fusion method of the standard GM-PHD filter
and our proposed scheme are twofold. First, the merged components are limited to the components
belonging to each individual target. Second, only one comparatively optimal component that better
approximates the PHD of a target is selected and propagated to the next time step. The pruning and
merging method of the proposed algorithm is described in Table 1.

Table 1. Pruning and merging method of the proposed algorithm

Given the component set &, = {W};, mh, Pk, g}}}“l, the threshold 7°,,, U and J ,, .

i=

1=0, 2, ={ilWi>T . Vi=1:J,}.
Repeat
[=1+1.

i"=argmax(w}) .

ie2

B = {1 6= 00, Vi €2 s Ber = {i | (mie=m) (P (= m})) SU, Vi€ 2,

! _ i 1 _ 1 i i
Wer k — e Wk s Mmer,k — ] e Wi »
T mer Wer,k i er
/ _ 1 (P + (! i I _ _inNT / — i
Pmer,k - | e Wk(Pk (mmer,k mk)(mmer,k mk) )9 fmer,k - (k .
Wmer k =mer
Epru == \Exam .

pru
Until 5, =0.
If [ > Jaothen

. . . . 1 . .
replace {W’,,,L,,,k, Momer k> Pomer k> f’mer,k} 1 by J ma COMponents with greatest weighs

i=

. . . . 1
— i i i i
OUtPUt Nmer,k - {Wmer,k? M mer k> Pmer,k& gmer,k}i:l

3.3 The Detailed Steps of the Proposed Algorithm
Fig.1 shows the overall processes of the proposed algorithm, where the steps with the mark A are our

newly proposed scheme in this paper. In addition, the detailed characteristics of all the steps are given
subsequently.
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Z
X Prediction step L. Update step
k-1
2 % 2 = multi-target predicted PHD = multi-target posterior PHD
2 AT i e 5 EERY
Z’ 5 7:;;\ {W;’qm,m}qx—hPuk—l,ﬁ\k—l},:‘ Rt {Wl‘ /’m’V‘VI’P”"/’(/;‘I}.:ﬁ;‘:I '
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J)
{Whomiks Pl ]
State extraction step state estimate set of targets X,
X

Fig. 1. The overall processes of the proposed algorithm

Initialization step. At time k& =0, given the multi-target prior PHD D,(x) in form of J, components as

No={whmb Phs 04} (19)

Prediction step. At time &k —1, assume that the multi-target posterior PHD D, _(x) is represented by the

set 8, = {w};_l,mi}_l, P, fj;,l}j: , then the multi-target predicted PHD D, ,(x) can be approximated by
asetas
Nkt = { W mbss Pl G} (20)
where the parameters in set K, are
Wikt = Py Whet > Migemt = Fiaimi » (21)
Pip1 =0y + Fia Pic(Fid)' s L = i » 22)

where F,, and Q, , are the state transition matrix and process noise covariance, respectively.
Update step. Given the multi-target predicted PHD in form of component set as Eq. (20) and the

Nk

measurement set 7, = { z] } e the multi-target posterior PHD P, (x) in form of component set at time &
J=

can be denoted by

Jkk-1>N k

N = okt P} )

i=1, =1

where the corresponding parameters of each component are

pd,kW;dk—lN(Zi;Hkm;c\k—lkaP;c\k—l(Hk)T +Ry)

L —

Wi J ’ @9
ac(20)+ pay 2, wiwN (Gl Humlyos HiPlu(HD) + Ri)
n=l1
my’ = mj+ P;c\k—l(Hk)T (HkPﬁc\k—l(Hk)T + R (zh - H mige1) (25)
P =(I = Piyr(H ) (HPiur(HO" + R H i) Pl » (26)
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0= g;dk—l . 27)
In addition, the weight summation of the components in set , denoted by §,,; can be obtained as

Jik-1 Ng

Suwr= 2,2 wi - (28)
i=l =1

Pruning and merging step. The components that approximate multi-target posterior PHD are pruned
and merged by using the proposed pruning and merging scheme as illustrated in Section 3.2.
Pseudo missed-detection renovation step. The PHD of the pseudo missed-detection is renovated by
using the method as illustrated in Section 3.1. If some targets cannot have effective weights after the
pseudo missed-detection renovation step, these targets don’t necessarily disappear. In the proposed
algorithm, the targets with smaller weights more than three subsequent scans are considered to have
disappeared. Otherwise, the weights of these targets are assigned to the maximum predicted weight at
each time step.
State extraction step. Assume that the multi-target PHD are component set of the form

{Wﬁc, Mk, Pk, (};}:1 , the state estimate set of targets can be represented as

Xewie={milwh > 0 Vi=1: 74} . (29)

4 Simulation Results

The effectiveness of the proposed multi-target PHD algorithm is evaluated in several simulated multi-
target tracking environments. We compare the proposed algorithm against the GM-PHD, Refined GM-

PHD, Multi-scan GM-PHD and MDB filters. At time k , the target state XkZI:XI,ka X2ks X345 ch]r is

composed of the position I:XI,k: xz,k]T and velocity [x&k, xM]T. The models of the target dynamic and

measurement are given by

kaH(xk | x41) = N(Xk;FHXk-ka,,) , 30)
g:(zil x) =Nz Hixio Ri) » 31)
where
-, _
107 0 T4 o
01 0T T3 1 000 1 0
= = 0 2 = = 2 32
Fi 00 1 0 >Qk71 éO-W’Hk |:0 1 0 0:|’Rk |:0 1:|O'va ( )
T 0
00 0 1

where the sampling time 7 =1s, and the standard deviations of the process noise and measurement noise
are setto &, =0.2 and &, =50, respectively.

The survival probability and detection probability are set to p, , =0.99 and p,, =0.99, respectively.
The three classical thresholds in the pruning and merging scheme of the proposed algorithm are set to
T pru =107, U=4, Ju =100 . The filtering performance of different filters in each experiment is

obtained by 100 Monte Carlo runs. The optimal sub-pattern assignment (OSPA) distance [26] and
number of target estimation error (NTE) [3] are used to evaluate the tracking performance.

Vo
OSPA,.(X1.%,)= [IXIMEH S (o, #70)) +erx(( f(kl—lxkl)] : (33)
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NTE{ X %} = E{ %l -1x.} (34)

where x, and ¥, are the respective ground truth and estimation of target state set. Two parameters of
the OSPA distance are setto p=1 and ¢ =200, respectively.

Example 1. This example is used for demonstrating the performance comparison of different filters in
the cluttered scenarios with two crossing/paralleling targets. Fig. 2 shows the real trajectories of two
crossing/paralleling targets and measurements over 100 times, where the clutter rate is setto 1.=5.

600 -

+

400 -

200,

y position /m
o
y position /m

*

* * * o+
) — ;*f’@ﬁf% ***i * . . R S
-600 B0y, 4T Fory ey b TR
% i * s \ \ * 4

-600 -400 _‘200 0 200 ' 400 600 -600 -400 -200 0 200 400 600
X position /m X position /m
-- : real trajectory, * : measurements -- : real trajectory, * : measurements
(a) The crossing target scenario (b) The paralleling target scenario

Fig. 2. Measurements and trajectories of targets

Fig. 3 shows the OSPA distances and NTE of different filters in crossing/paralleling target scenarios.
When targets are well separated in crossing target scenario, the OSPA distances and NTE of the MDB
filter and three GM-PHD-based algorithms are lower than those of the GM-PHD filter. It is evidently that
the proposed algorithm achieves better performance than the other filters. When two targets move near
each other in the scenario, the proposed algorithm not only offers better performance than the MDB filter,
but also has similar performance to the Refine GM-PHD and Multi-scan GM-PHD filters. Due to clutter
and pseudo missed-detection caused by closely spaced targets, the GM-PHD offer poor filtering
performance in term of OSPA distance and NTE. It is difficult for the MDB filter on its own to
reasonably solve the pseudo missed detections. Therefore, there is a peak on OSPA distance and NTE
between the time steps 40 and 65. This phenomenon indicates the filtering accuracy of the MDB filter is
comparatively low. Benefiting from two proposed methods, the proposed algorithm achieves accurate
target number estimation and low OSPA distance between the time steps 40 and 65 shown in Fig. 3(b).
Although the Refined GM-PHD filter can deal with the missed-detection problem, it provides relatively
poor filtering performance because of clutter and parameter initialization problem. Affected by the fixed
and empirical thresholds of auxiliary parameters, the Multi-scan GM-PHD filter gives two peaks in
OSPA distance shown in Fig. 3(a).

When tracking paralleling targets in cluttered scenario shown in Fig. 2(b), it can be seen from the Fig.
3(c) and Fig. 3(d) that the filtering performances of the MDB filter and three GM-PHD-based algorithms
are better than that of the GM-PHD filter. Additionally, the proposed algorithm outperforms the other
filters again. The reason for larger OSPA distance and NTE of the MDB filter is that the filter cannot
resolve pseudo missed-detection caused by the closely spaced targets with parallel motion. Due to the
deficiency of the Refined GM-PHD filter in handling the paralleling targets, the filter cannot effectively
track the targets between the time steps 80 and 100. With the help of the exponential decay function, the
tracking performance of the Multi-scan GM-PHD filter is similar to the proposed algorithm. Better
filtering performance provided by the proposed algorithm is mainly attributed to the high resolution of
pseudo undetected targets by using two proposed schemes, which are able to recoup and refine the
incorrect target posterior PHD caused by the pseudo missed-detection problem.
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Fig. 3. Performance comparison of different algorithms in both scenarios

Example 2. This example is used to study the effectiveness of the proposed algorithm in two scenarios
men-tioned above with various detection probabilities, where the probabilities of detection are set to
Par= 0.8,0.85,0.9,0.95,1, and the other parameters of both scenarios remain unchanged.

As can be observed that the proposed algorithm provides relatively reliable and accurate state
estimates of targets reflected by the low OSPA distances for all the probabilities of detection shown in
Fig. 4(a) and Fig. 4(c). Additionally, the NTE of the proposed algorithm shown in Fig. 4(b) and Fig. 4(d)
illustrates the estimated target number is close to the number of real targets in both scenarios. As shown
in Fig. 4, when the probability of detection increases, the filtering performances of all algorithms tends to
rise. For the same probability of detection, the proposed algorithm outperforms the MDB and Refined
GM-PHD filters in Fig. 4(a), and achieves similar OSPA distance with the Multi-scan GM-PHD filter in
Fig. 4(c). The reason for the better performance of the proposed algorithm is that the inaccurate weights
of targets can be effectively revised by applying the pseudo missed-detection renovation, and finally a
relative optimal target posterior PHD can be obtained by using the proposed pruning and merging
scheme of the Gaussian components.

81



A Multi-target Tracking Algorithm for Pseudo Missed-detection Based on the PHD Filter

160 ; ; ; 6

c 1401 —e— GM-PHD filter 5 B
= —+— MDB filter
£ —— Refined GM-PHD filter
‘é 120 Multi-scan GM-PHD filter ’g:_? 4t i
g —<— Proposed algorithm =
I S
& . o || —— GM-PHD filter
Z 100F B b & 3t
> = 3 —+— MDB filter
e = —=— Refined GM-PHD filter
z 801 ] w Multi-scan GM-PHD filter
: \ Z 21| —5— Proposed algorithm
o b
€N T O—
o o

60| .1 i

r
40 ! ! . = e S — —
0.8 0.85 0.9 0.95 1 s o085 00 005 §$
Probability of detection Probability of detection
(a) OSPA distance in crossing target scenario (b) NTE in crossing target scenario

160

150

m
N
o

185
120+

|| —©— GM-PHD filter B
—+— MDB filter

2| —5— Refined GM-PHD filter
Multi-scan GM-PHD filter
1.5 —<%— Proposed algorithm q

110¢———

100

NTE (average on time)
N
(4]

: E——

OSPA distance (average on time) /

—6— GM-PHD filter . Nl

80/| —*— MDB filter >~ 71 4L 1
—&— Refined GM-PHD filter g

70 Multi-scan GM-PHD filter 3 05F + * * 4
—<— Proposed algorithm

60 : . . liee— = — = =

0.8 0.85 0.9 0.95 1 0.8 0.85 0.9 0.95 1
Probability of detection Probability of detection
(c) OSPA distance in paralleling target scenario (d) NTE in paralleling target scenario

Fig. 4. Performance comparison of different algorithms with different detection probabilities

Example 3. This example is used to evaluate the filtering performance of the proposed algorithm in
cross-ing/paralleling target scenarios with the clutter rate 4,.=1,3,7,10,13, and the other parameters are
the same as the crossing/paralleling scenarios.

Fig. 5 shows the effect of various clutter rates on the OSPA distances and NTE of different filters. It
can be seen that the OSPA distances of all the filters increase with clutter rate. The reason for this
phenomenon is that these filters have to resolve higher detection uncertainty in distinguishing different
targets and clutter in dense false alarm scenes which are more sophisticated. Except the GM-PHD and
MDB filters, the NTE of the other filters almost maintain at zero, which shows relatively accurate
cardinality estimate. As is shown in Fig. 5(a) and Fig. 5(c), at each clutter rate the proposed algorithm has
consistently smaller OSPA distance than the GM-PHD, MDB and Refined GM-PHD filters. Compared
with the Multi-scan GM-PHD filter, the proposed algorithm achieves short OSPA distance in relatively
low clutter rate scenarios. When tracking targets in dense clutter rate scenes, the tracking performance in
terms of the OSPA distance and NTE obtained from the proposed algorithm and Multi-scan GM-PHD
filter is similar. The reason for the better performance of the proposed algorithm is that the target
posterior PHD can be accurately refined at each time step by using the proposed algorithm with two
effective schemes.
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Fig. 5. Performance comparison of different algorithms with different clutter rates

5 Conclusions

For solving the pseudo missed-detection problem caused by incorrect position distribution of target-
originated measurements in cluttered scenarios, a robust multi-target tracking algorithm is proposed
within the framework of the GM-PHD filter. Compared with GM-PHD filter, the proposed algorithm not
only integrates a novel PHD renovation scheme of pseudo undetected targets, but also improves the
pruning and merging method of GM-PHD filter. By using the pseudo missed-detection renovation
method, the PHD of pseudo undetected targets can be renovated from the multi-target posterior PHD at
each time step. Moreover, the improved fusion scheme of Gaussian component can refine the
components in the target posterior PHD by selecting the relative optimal components with a minimum
number that can efficiently approximate multi-target PHD. Experimental results illustrate that the
proposed algorithm is able to overcome the pseudo missed-detection problem in cluttered scenarios and
has a relatively stronger filtering performance than the standard GM-PHD, Refined GM-PHD and MDB
filters. However, the multi-target tracking experiment scenarios do not consider spawn targets, the
performance of the proposed algorithm will be further verified in more complex environments. In the
future, the proposed algorithm will be enhanced to estimate the trajectories of targets in the presence of
data association uncertainty, detection uncertainty, noise and false alarms.
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