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Abstract

A new particle filter, Kernel Particle Filter (KPF), is pro-

posed for visual tracking for multiple objects in image se-

quences. The KPF invokes kernels to form a continuous

estimate of the posterior density function and allocates par-

ticles based on the gradient derived from the kernel density

estimate. A data association technique is also proposed to

resolve the motion correspondence ambiguities that arise

when multiple objects are present. The data association

technique introduces minimal amount of computation by

making use of the intermediate results obtained in parti-

cle allocation. We show that KPF performs robust multiple

object tracking with improved sampling efficiency.

1 Introduction

In computer vision, the superior performance of the par-

ticle filter (PF) over Kalman filter in tracking objects in

heavy clutter has been reported in [11] and by many other

research groups thereafter. Despite its success in various

applications, it was observed that PF does not perform well

when the dynamic system has a very small process noise,

or if the observation noise has very small variance. In these

cases, the particle set quickly collapses to one single point

in the state space and the filter performance is severely af-

fected.

Various approaches have been proposed to improve par-

ticle filter’s performance in handling weak dynamic mod-

els and high dimensionality. Existing methods are based

on the idea that samples should be allocated to the high

probability mass areas [8], and a general approach is to in-

troduce optimization procedures to re-allocate particles to

peaks of the likelihood after the initial sampling [2, 8, 17].

To maintain particles as fair samples from the posterior,

multiple Markov chains are used in [6] to explore the state

space. Previously we have proposed a Kernel Particle Filter

(KPF) [4, 3] that invokes mean shift [5] to allocate particles

more efficiently and use importance sampling to maintain
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Figure 1. Three independent PF trackers

tracking 3 tennis balls. The particle set of

the leftmost ball collapses to a mode created

by the nearby ball.

fair samples from the posterior. In this paper we review

KPF and employ it in a new formulation of the problem of

tracking multiple objects.

In the context of multiple object tracking (MOT), estab-

lishing the correspondence between objects and observa-

tions, namely the motion correspondence problem [1, 15,

2, 22], is not a trivial task. Particle filtering is appealing

in MOT because of its ability to carry multiple hypotheses.

Direct application of PF on multiple object tracking, how-

ever, is not feasible because of the following facts: First,

the standard particle filter does not define a way to iden-

tify individual modes (or hypotheses). Secondly, the parti-

cle set of a standard particle filter often quickly collapses

to one mode and discards all other modes, as indicated in

[10] and [20]. Fig. 1 shows this typical error of a particle

filter. Thirdly, a particle filter working in the product space

of individual object spaces, obtained by concatenating the

state variables of individual objects, is computationally ex-

pensive [12, 13, 21]. Finally, particle filters tracking objects

individually lack a consistent way to resolve the ambiguities

that arise in associating objects with measurements.

This paper examines MOT under the assumption that

the tracked objects are indistinguishable from each other in

terms of the observation model used. The proposed work

explores kernel particle filter’s ability of tracking multi-

ple objects in a single-object state space with a particle-

based data association technique. The work differentiates it-

self from previous work by using an iterative mode-seeking

technique that finds the modes in the posterior density, in-
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stead of the likelihood density. An efficient association

technique introduces minimal amount of extra computation

by making use of the intermediate results obtained during

mode-seeking. We show that KPF performs robust single

and multiple object tracking with improved sampling effi-

ciency.

2 Kernel Particle Filter

The idea of kernel-based tracking was originally pub-

lished in [7] where kernels are used for object representation

and localization. Recently, mean shift is used with a particle

filter to find the likelihood modes [9]. We have used mean

shift as a mode-seeking procedure to locate the posterior

modes [4, 3].

2.1 Kernel-based Posterior Estimation

Denote the target state and the observation at (discrete)

time as x and y respectively and x < y < .

Let Y = {y0 y } be the history of observations up to
time . In recursive Bayesian estimation, the posterior PDF

is estimated by propagating the PDF over time:

(x |Y ) (y |x ) (x |Y 1) (1)

where

(x |Y 1) =

Z
(x |x 1) (x 1|Y 1) x 1 (2)

Kernel density estimate (KDE) [16] is used in this work

to form a continuous estimate of the posterior in order to

facilitate gradient estimation. Given a particle set at time

: S = {s
( )
} =1 and associated weights {

( )
} =1, the

kernel density estimation of the posterior with kernel can

be formulated as

ˆ(x |Y ) =
X
=1

³
x s

( )
´

( )
(3)

where is the kernel scaled by the kernel width :

³
x s

( )
´
=

1
Ã
x s

( )
!

(4)

When a Gaussian kernel is used and the posterior is also

Gaussian with a unit covariance matrix, the optimal ker-

nel width that minimizes the Mean Integrated Square Error

(MISE) is given by [16]

=

µ
4

( + 2)

¶ 1
+4

(5)

Although (5) is optimal in the 2 sense only for equally

weighted particles and Gaussian density, it can still be used

in the general case to obtain a suboptimal filter [14]. In

practice when densities are often multi-modal, we let =

0 =
1
2 [14, 16].

2.2 Posterior Gradient Estimation

Given the posterior estimation (3), we now estimate its

gradient and move particles along the gradient direction to-

ward the modes of the posterior. This can be achieved using

the mean shift procedure [5]. In this procedure, each parti-

cle is moved to its sample mean determined by

³
s
( )
´
=

P
=1

³
s
( )

s
( )
´

( )
s
( )

P
=1

³
s
( )

s
( )
´

( )
(6)

It is shown that the mean shift vector (x) x using kernel

would be in the gradient direction of (3) if the kernel

profiles satisfy ( ) = 0 ( ) for all [0 ) and
some (0 ) [5]. It is also shown in [5] that mean
shift is a steepest ascent procedure that will find all the local

maxima of the KDE of the posterior.

Given S and the associated weights, the empirical co-

variance matrix Ĉ of the particle set is computed first and

a “whitening” step is performed on each particle in which

s
( )
is changed to A 1s

( )
, where A A = Ĉ , in order

to achieve a unit covariance matrix. A symmetric can

then be used for mean shift and the results are multiplied by

A .

2.3 Particle Re-weighting

Themean shift can be applied repeatedly to a particle set.

A problem arises when particles change their positions: the

new particles do not follow the posterior distribution any-

more. This is compensated in KPF by re-weighting the par-

ticles. Denote the particle set after the -th mean shift pro-

cedure at time as
n
s
(·)
o
. After each mean shift procedure,

the weight is re-computed as the posterior density evaluated

at the new particle positions augmented with a particle den-

sity balancing factor

( )
=

³
s
( )
|Y
´

³
s
( )
´ (7)

where the denominator is the new proposal density that cap-

tures the non-uniformity of the new particle set

(x ) =
X
=1

³
x s

( )
´

(8)
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Table 1. The Kernel Particle Filter algorithm

Given {s
(·)
1

(·)
1} :

s
(·)
0 = Propagate({s(·)1

(·)
1});

Calculate the empirical covariance matrix Ĉ of {s
(·)
0};

Compute A such that A A = Ĉ ;

Draw e(·) (0 I ) ;

s
(·)
1 = s

(·)
0 + 0 ·A · e(·);

(·)
1 = Weight(s(·)1);
Gradient ascent on the posterior :

For = 1 : 1

s
(·)
+1 = Meanshift({s(·) (·)

}); Equation (6)

Draw e(·) (0 I ) ;

s
(·)
+1 = s

(·)
+1 + ·A · e(·);

(·)
+1 = Reweight(s(·)+1); Equation (7)

end

x̂ =
P

=1 s
( ) ( )

;

s
(·)
= s

(·)
;

(·)
=

(·)
; (0 )

and the posterior density is given by (1):³
s
( )
|Y
´ ³

y |s
( )
´
·
X
=1

³
s
( )
|s
( )
1

´
( )
1 (9)

The second term on the right-hand side of (9) is a sample-

based approximation of the prior density. When mean shift

is performed onS , the next generation of particles will con-

centrate more on the approximated density modes, but the

weight will contain a factor that offsets this effect.

2.4 Implementation

A pseudo-code of the KPF algorithm at one time-step

is shown in Table 1. Note that to prevent local plateaus in

the density from stopping the gradient ascent too early, a

small perturbation is added to the particles at each iteration.

Rather than using a constant , it is more effective to use

a wide kernel at first to smooth out certain weak modes in

the PDF and gradually scale it down to move particles to

the most dominant modes. In our experiments we set =

0 where is a number empirically chosen to be 0.8.

The iterative mode-seeking produces a set of particles

that are clustered around posterior modes. When multiple

objects are present in a cluttered background, it is neces-

sary to associate each mode with the correct object. In the

next section we present a framework for tracking multiple

objects using KPF.

3 Multiple Object Tracking

To differentiate a KPF tracking a single object and a KPF

that tracks multiple modalities, we will call the latter MM-

KPF, although both filters can share the same code. The

MM-KPF tracker starts with the same mode-seeking proce-

dure used in KPF. The posterior modes are subsequently de-

tected through a clustering algorithm. Since mean shift pro-

duces naturally clustered particles around posterior modes1,

we choose an efficient basic sequential algorithmic scheme

(BSAS) [19], in which each incoming data point either joins

an existing cluster closest to it or forms a new cluster, de-

pending on a distance threshold . Fig. 2(a) shows two

clustering results using BSAS. Once posterior modes are

detected, a hypotheses generation and evaluation module is

initiated to assign modes to objects.

3.1 Hypotheses Generation

Suppose posterior modes are detected at the current

frame. We call the sequence of modes associated with one

object a track. To associate objects with tracks, the

following assumptions are made: (A1) Each object in the

group generates one and only one mode in the posterior den-

sity. (A2) Each mode in the posterior originates from either

an object or background clutter. It then follows .

Note that assumption (A1) may not be true in the case of se-

vere occlusion. However removing (A1) will significantly

increase the number of hypotheses. We choose to handle

the case of through other measures, as will be

discussed in 3.3.

Denote the detected modes as { } =1 and tracks as

{ } =1. MM-KPF generates multiple hypotheses by enu-

merating all possible associations for the current frame. Let

denote a hypothesis containing a set of assignments, and

let denote an assignment rule that associates the -

th mode with the -th track. We have = { } with
[1 ] and [0 ], in which 0 means the mode

is associated with background clutter. A hypothesis can be

represented by a hypothesis matrix in which detected poste-

rior modes are represented by the rows and the known tracks

by the columns. A nonzero element at matrix position ( )
denotes that is associated with track . An additional

column 0 is appended to the matrix denoting false alarms.

The two assumptions (A1) and (A2) can be imposed by re-

stricting an hypothesis matrix to have ony a single nonzero

value in any row or column, except for the first column.

Fig. 2(b) shows a scenario where a tracker tracking two ten-

nis balls detected 3 modes in the posterior. In this case,

there are 2
3 = 6 possible hypothesis matrices.

3.2 Hypotheses Evaluation

The fitness of can be computed by measuring the

motion coherence between the -th cluster at time with its

1It was shown in [5] that iteration of mean shift gives rise to natural

clustering algorithms in which sample points will merge into cluster cen-

ters.
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(a) Particles in frame #29 and #30.

(b)The 6 hypothesis matrices and their corresponding MC matrices shown as 60× 60× 1 plots.

Figure 2. Particle-based motion correspondence for TENNISBALLS sequence. In (b), the sum value
on top of each plot is the summation of all elements of the corresponding MC matrix as defined in

(15). In this example, the second hypothesis is the winning hypothesis.

assumed source cluster at time 1. Based on this idea, we
formulate a Maximum a Posteriori estimate of . Assum-

ing

( |Y ) =
Y ¡

|Y
¢

(10)

we have

ˆ = argmax
Y ¡

|Y
¢

= argmax
Y Z ¡

x |Y
¢
x (11)

The above equation can be approximated by replacing inte-

gral with summation:

ˆ argmax
Y X ³

s
( )
|Y
´

(12)

When = 0, ( s
( )
|Y ) is the probability that the

particle s
( )
originates from clutter. In this work we sim-

ply let the probability be a constant for = 0. This es-
sentially means we have no prior information to believe

that one hypothesis is better than another2. When 6= 0,

2When association is regarding low-level features such as edges and

points, a prior distribution of may be derived given the clutter level of

the background [11].

( s
( )
|Y ) is the probability that s

( )
originates from

clusterC which is associated with track . Let us assume

the clusters at time 1 have been properly re-labeled such
that C 1 is associated with . In this case the posterior

can be evaluated as:³
s
( )
|Y
´
=P ³
s
( )
|s
( )
1

´
( ) ( )

1 · 1 ·
(13)

where 6= 0 and is the Kronecker defined as

=

½
1 s

( )
belongs to cluster C

0 otherwise
(14)

Equation (13) is similar to (9) except that it is non-zero only

for particles that belongs toC and the prior is only evalu-

ated over particles that belongs to C 1. This computation

involves evaluation of the weight
( )
and the transition

kernel
³
s
( )
|s
( )
1

´
for each particle, whose values have

all been acquired in the re-weighting step of equation (7).

The computation hence can be conveniently implemented

by constructing a × matrix P where is the number

of particles, such that the element at position ( ) is given
by (9). Equation (13) can be conveniently implemented by

masking and summing up elements of P.

It is illuminating to look at howmasked matrixP reflects

the “fitness” of each hypothesis. To do so, define for each
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assignment an × mask matrixM
¡ ¢

such that the

element at position ( ) is 1 if s
( )

C and s
( )
1

C 1 and 0 otherwise. Let P̃
¡ ¢

denote the element-wise

product of P andM
¡ ¢

. We define for each hypothesis

aMotion Correspondence (MC) Matrix ( ) as:

( ) =
X

P̃ ( ) (15)

where for simplicity the superscripts of are omitted. The

MC matrix can serve as a rough visual indicator of the “fit-

ness” of each hypothesis. In Fig. 2(b), the 6 hypothesis ma-

trices are shown for the TENNISBALLS sequence where 3

clusters are to be assigned to two tracks. The 6MCmatrices

are plotted at the bottom of the figure, along with the sum

of their elements. In this example, the winning hypothesis

is the second hypothesis.

3.3 Implementation

An object interaction mechanism is used to detect if two

objects are close and to adaptively switch between inde-

pendent KPF trackers and a MM-KPF tracker: MM-KPF

is only invoked when one object’s particle set reaches the

-cut covariance ellipse of other objects. Given object sizes

and their dynamic covariance matrices, a distance threshold

can be calculated for each pair of objects. Let denote

the distance between a pair of objects. If is true, we

say the two objects are close. A group G is a set of objects
where for anyO G: O is close to at least one other object
and any object close to O is in G. For each group, particles
from its members will be combined into a single particle

set and MM-KPF is invoked to perform the iterations out-

lined in TABLE 1. Before processing the next frame each

group will be split back into individual particle sets by re-

sampling for each object its associated cluster and its closest

cluster that represents a false mode, if there is any. A total

of particles will be generated for each objects. There are

several benefits of doing this. First, by propagating clusters

individually each object is allowed to have its own motion

model. Secondly, a cluster with only a few particles but

associated with an object can have more than a few “chil-

dren”, reducing the risk of losing one object mode. Finally,

propagating by cluster ensures that when groups are formed,

most particles generated for one object are initially stored

next to each other in computer memory. This reduces pos-

sible errors made by the BSAS clustering algorithm where

the order in which data is presented may lead to different

clustering results. Note that the threshold also provides

a clue for automatically deciding the clustering threshold

. It is found that in general 13
1
2 is a good

choice.

The MM-KPF does not try to resolve the occlusion or-

der during occlusion, but instead focuses on how to resolve

the correspondence ambiguity after occlusion. To do so it

needs to be aware of two exceptions caused by severe oc-

clusion: (1) When , it usually means severe oc-

clusion has occured. (2) It is possible that occlusion has

occurred, but the tracker detects . A winning hy-

pothesis with a very small score (e.g., out of the 3 5 region

of previous scores) usually accompanies the occurrence of

the latter case. The principle employed in MM-KPF is that

the tracker should avoid blindly trusting the clustering re-

sult in occlusion and should keep looking for the objects ac-

cording to their motion model. Therefore, when MM-KPF

detects the two exceptions, the tracker will temporarily use

particles before the first iteration ( = 0) for estimation and
will propagate these particles with equal probability, until

it detects neither situation is true. This makes the tracker

actively look for the occluded object and latch onto it once

the object reemerges. We have found that this works ef-

fectively for most video sequences with short full occlusion

where objects do not change their motion pattern dramati-

cally during occlusion.

4 Experiments

Comparison of KPF with the standard PF and Regu-

larised PF [14] using simulated data on single object track-

ing is reported in [4]. In this paper we report experimen-

tal results on real video for both single and multiple object

tracking. The observation model used in the experiments

is determined by several factors based on color, gradient,

Principle Component Analysis (PCA), and motion. For the

color module , a cosine similarity is computed between

each hypothesis histogram and a model histogram obtained

prior to tracking. The gradient factor is determined by

the average pixel values of the gradient map over the con-

tour of the model. The PCA factor employs PCA analy-

sis in feature space and is used to track multiple faces. In the

motion factor , a background subtraction algorithm [18]

is used when tracking objects in distance. The KPF algo-

rithm is applied to track moving objects in various videos

containing both indoor and outdoor scenes. We now present

results obtained using some of the test videos as listed in Ta-

ble 2 (Test videos are available on the author’s website).

Table 2. Test videos
Single Object Multiple Objects

Videos 1FACE FIGURESKATE 3FACES PLAZA

Frames 797 120 654 458

Size 180x120 176x120 200x150 320x240

FPS 29 29 25 30

(x |Y ) · · ·
Particles 30 30 30 50

Iteration( ) 3 3 3 3
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Figure 3. Tracking a skater in FIGURESKATE sequence.

Figure 4. Results of frame #24, #27, and #31

from sequence 1FACE.

4.1 Single Object Tracking

KPF is applied to head tracking to test its ability in

tracking with a weak dynamic model. The test videos in-

volve various motions such as sudden acceleration, rota-

tion, abrupt changes of direction, jump, and out-of-plane

rotation. The first test video sequence, 1FACE, consists of

797 frames of a human face moving in a typical laboratory

environment. The face is modeled as an ellipse with a ver-

tical major axis and a fixed aspect ratio of 1.4. Trackers are

initialized manually. A few frames of the tracking results

using PF and KPF are shown in Fig. 4. The PF tracker with

the same dynamic model tends to lag behind the object and

eventually loses the head at the #373rd frame. A PF tracker

is able to succeed after doubling the dynamic noise and uses

250 particles to saturate the search region. On the other

hand, KPF with 30 particles and 3 iterations, despite being

occasionally distracted by the background clutter, is able

to track the face throughout the sequence. Fig. 4(c) shows

the intermediate samples of KPF in processing frame #27.

Starting from a poor prediction, the KPF is able to move

particles toward the correct direction through mean shift it-

eration and gives a better estimate. In the FIGURESKATE

sequence shown in Fig. 3, the KPF successfully tracks the

female skater’s head as she performs out-of-plane rotation

followed by a sudden acceleration.

4.2 Multiple Object Tracking

The first test sequence for multiple object is the TEN-

NISBALLS sequence containing 63 frames of size 320 ×
240. The sequence includes full occlusion of two balls by
the third ball. Two balls then stay close from frame 26 to

63, a duration long enough to distract independent PF track-

ers. An MM-KPF is configured to track all three balls in

a single-object state space with a constant velocity motion

model. The result is compared with that of using 3 indepen-

dent PF trackers with the same motion model. It is found

that PF had difficulty in robustly recovering from occlusion.

Even when PF did survive occlusion, it eventually failed

when two balls were close, as seen in Fig. 1. On the other

hand, the MM-KPF tracker was able to robustly handle oc-

clusion and kept three modes from frame 26 to frame 63.

Clustered samples from a few frames are shown in Fig. 5.

Figure 5. Clustered particles in MM-KPF for

TENNISBALLS.

A few typical clustering results during occlusion are

shown in Fig. 6. Fig. 7 shows the number of detected clus-

ters in KPF. By detecting severe occlusions, the KPF tracker

is able to handle occlusion more robustly.

Figure 6. A few typical cluster results in occlu-

sion (zoomed in). (a) . (b) .

(c) with a low score.
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Figure 7. The detected number of clusters and

winning hypothesis scores for the TENNIS-

BALLS sequence.

Fig. 8 shows frames from the 3FACES sequence and the

PLAZA sequence. The 3FACES sequence contains 3 hu-

man faces moving in a laboratory. The PLAZA sequence

contains multiple pedestrians walking in a campus environ-

ment. In both sequences objects are modeled as a rectan-

gle with a variable width and a fixed aspect ratio. Object

interaction reasoning is used to switch between indepen-

dent KPF trackers with random walk models and MM-KPF

trackers assuming constant acceleration. Two objects de-

tected to be close are connected by a line in Fig. 8. The

tracker is able to dynamically update the object relationship

and perform correct data association. The bottom row of

Fig. 8 shows the tracker tracking 9 pedestrians simultane-

ously. Note how two of the pedestrians (marked by an ar-

row) are tracked as a group for as along as 7 seconds as they

form and remove group relationship with other pedestrians.

4.3 Computational Cost and Accuracy

KPF improves filtering performance at the cost of intro-

ducing extra computation. Equations (6), (8) and (9) all

require ( 2) function evaluations. However, it is possi-
ble to greatly reduce the computation complexity to ( )
by seeking suboptimal results. Note that the kernel evalua-

tions in (6) and (8) only need to be computed once for every

iteration if we use a normal kernel such that =
(the derivative of a normal profile remains normal). Also,

the summation of terms in the two equations may be re-

duced to fewer terms by summing over samples with the

most significant weights. In our simulations it was possible

to reduce the summation to 10 terms from = 200 with-
out affecting the results significantly. A similar reduction

can be made to (9). Computations can be further reduced

when accurate initialization is available and the observation

model is robust, in which case the motion model may be re-

laxed by skipping the re-weighting step and mean shift will

find likelihood modes. On the other hand, since a MM-KPF

tracker tracking two objects does not expand the state space,

Table 3. Normalized computation time of the

TENNISBALLS and the 1FACE sequences

Meanshift Reweight MR Weighta

TENNISBALLS 1
10

1
5

1
3 3

1

1FACE 1
15

1
9

1
5 6

1

a‘MR’ is the summation of ‘Meanshift’ and ‘Reweight’. All shown

numbers are obtained by performing the corresponding operation on all

particles once.

it is possible to reduce the total number of particles by up to

1/2 when joining multiple particle sets into one.

Table 3 shows the time allocation in tracking the TEN-

NISBALLS and 1FACE sequence by KPF. The time spent

on hypotheses generation and evaluation only takes a frac-

tion of the total computation time (usually less than 1%).

Over 50% of the computation time is spent on feature ex-

traction and sample weighting. Therefore in visual tracking,

KPF can actually improve the filter efficiency by reducing

weight computation. Let us assume particles are used

in PF and in each iteration of KPF. If each sample

weighting takes seconds and each mean shift and re-

weighting takes , then · seconds are used by PF

for each frame and · + ( 1) · by a

KPF with iterations. Suppose on average a tracker switch-

ing between KPF and MM-KPF requires 4. In
this case, KPF will be less time-consuming than PF as long

as 1
3 5 , assuming = 3.

5 Discussion

A kernel-based particle filter (KPF) is introduced in this

paper. The new particle filter invokes kernels to form a con-

tinuous estimate of the posterior density function. This rep-

resentation allows direct estimation of the posterior gradi-

ent and efficient allocation of particles. A data association

approach employing intermediate results in mode-seeking

enables the KPF to simultaneously track multiple objects

with partial occlusion and short full occlusion. Experiments

show KPF perform robust visual tracking with improved

sampling efficiency.

Future work may address situations when themotion pat-

tern of objects within one group changes dramatically, espe-

cially during long and continuous full occlusion, in which

case the proposed association techniquemay fail. It is possi-

ble to improve the tracker by forcing a larger dynamic noise

and keeping all detected modes during occlusion. However,

we believe the problem is inherent to any purely motion-

based association techniques and a more robust solution

would be to employ both motion continuity and appearance
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Figure 8. Results on the 3FACES and PLAZA using KPF with object interaction reasoning. Two

objects detected to be close to each other are marked by a line connecting the objects.

difference between objects. But then, when different obser-

vation models can be used for different objects, these ob-

jects may not be tracked in a single-object state space by a

single particle filter.
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