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Abstract

In particle filter framework, there are many parameters need to be set to have the
object tracking work best. On the other hand, the success of an object tracking is also
determined by the characteristics of the video being used. Different videos might require
different values of parameters to obtain best performance. This paper investigates
thoroughly the effect of parameters in object tracking within particle filter framework for
videos with different characteristics. We also propose a new method in selecting particle
number and matrix value that used in propagation model. This work finds best
parameters for video with particular characteristics and contributes in providing
guideline of parameter setting in particle filter-based object tracking.
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1. Introduction

Object tracking is a problem of estimating object position in image sequences.
Many researchers put their interest in this field since object tracking is related to
issues about automated surveillance, motion-based recognition, human-computer
interaction, and automated video analysis. Many approaches for object tracking have
been proposed. In this paper we apply particle filter as framework in object tracking
task as it is proven to be robust and work well in non-Gaussian environments [1-2].

Particle filtering is a sequential Monte Carlo method that computes the posterior
probability density function of a state space recursively by means of Bayesian
equation. This sequential Monte Carlo (SMC) approach is known variously as
bootstrap filtering, the condensation algorithm, particle filter, interacting particle
approximation, and survival of the fittest [3-4]. The state space model is changing in
time and the information about the state is gathered through a noisy observations. In
general, state of the system is changed according to equation [5]:

X = (X vy) 1)

Where X, is vector that define the state of the system at time k, vy is state of noise
vector, and f, is non-linear time-dependent function to describe evolution of state
vector. Information of x, is collected from noisy observation by the following
equation:

z, =h(x,,n,) (2)

Particle filter has been implemented in many tracking problems. The aim of
tracking is to estimate x, recursively from observation (2). The basic idea of particle
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filter is to approximate the posterior probability density by a set of samples S, where
each sample (particle) is weighted by ax. .

5= {xé;m m;{}g‘:j_ (3)
Weight e, is normalized as:
T wi=1 (4)

Sample S gives a random measure of posterior pdf p(xg.lz;:..) wWhere
Xox = 1%,/ =0, ..., k} is the set of all state up to time k [5]:
The set S is propagated through a first order dynamic model :

St =A Si1 t+ B W1 (5)

Where A is deterministic component in form of 4 x 4 matrix and B is a constant
matrix to regulates particles distribution and w is multivariate Gaussian random
variable.

Performances of object tracking is determined by parameters such as number of
particles N, variance of Gaussian random noise o, number of histogram bins, and
propagation constant B. Increasing number of particles N will enhance the accuracy
of the tracking with the cost of computation time. The values of o and B regulate
the spreading of particles which also affects the tracking performance.

Object representation also plays important role in object tracking. The most
common feature used by many researchers to represent the object is color histogram
[1,6-9]. The color histogram can be built by the use of three-dimensional color, like
RGB, by dividing color values into bins with uniform interval. Larger value of bin
means smaller interval which gives better feature, but increases the computation
time.

Different researchers use different bin configurations and numbers of particles
without explaining the reasons and the impacts they have on the accuracy of
tracking. They also did not explicitly mention the noise and the spreading of
particles. For example, ref. [1] uses bin configuration of 8 x 8 x 8 of RGB color
space with N = 75. Ref. [9] compares the use of 75 and 500 particles for 8 x 8 x 8
bin configuration and ref. [10] uses bin 10 x 10 x 10 for HSV color space. 200
particles is used by [11] with 10 x 10 x 10 RGB color space.

There is no paper that studies thoroughly the impact of number of particles, bin
configurations and other parameters such as variance of Gaussian noise and particle
spreading to the accuracy of tracking. In this paper, we investigate the values of
those parameters by means of rigorous simulations in particle filter-based object
tracking to achieve best performance in term of tracking accuracy. We also propose
a new method to find number of particle and the constant matrix B. The number of
particle is set proportional to target object resolution (number of pixel within object
region), and B is set relative to object size.

Another contribution of this paper is finding optimum parameters for particle
filter-based object tracking. The evaluation method is performed by a thorough test
of varying parameters for various videos with different characteristics.

The paper is organized as follows. In Section 2, we briefly review particle filter
in the context of object tracking. The method of setting parameter values is
described in Section 3. Section 4 presents the test videos and the experimental
results, followed by conclusion in Section 5.
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2. Particle Filter

In particle filter, state of an object being tracked is defined as vector xx and the
observation up to time-k is defined as vector z, Particle filter often used when
posterior density p(x|z) and observation density p(z|x) are non-Gaussian. In this
research, we apply particle filter in the context of object tracking with the use of
color space as object representation.

Firstly, color feature space is chosen to provide the characteristics of the object.
Then, the target is represented in probability density function (pdf), noted by g, in
the feature space. The target model is defined to be located in the spatial location
(0,0). In the next frame, target candidate, defined at location vy, is characterized by
pdf p(y). The object location then estimated by measuring the different between g

and p(y).

2.1. Target Model

In order to reduce computation cost, we use m bins color histogram to represent
target model. The target model is defined as:

q={a,},., . (6)

Where m is the number of bins, and q is the target model.
The probability of u=1, .. , min target model is computed by [12]

q, =C3 (k[ x 1)5b(x]) - u] (7)

i=1
Where ¢ is Kronecker delta function and k is a monotonic decreasing kernel that
assign smaller weight to pixels that farther from object center.

2.2. Target Candidates

Let {x]} ;-1 ., be the pixel located in a region of target model. Color histogram is
produced by function h(x;) that assigns the color at location x; to the corresponding
bin, i.e. the index h{(x]) of its bin in the quantized feature space. The target
candidate py(y) is computed as [12] :

P, () = CELy k (ly — %118 () —ul 9)

Where 6 is the Kronecker delta function. The normalization constant C is derived
such that 72, p,(v) =1

2.3. Bhattacharyya Distance

The state estimate is updated in each iteration using new observation. Since we
use color histogram as feature, we require a measure of similarity based on the color
distribution. Similarity measurement of two distribution p, and q, is provided by
Bhattacharyya coefficient [13]:

p[p(}-‘jl, Q] = E::l:j_\-' Py D}L?.J (10)

The value of p defines distance between p and . Larger p means that both
distributions are more similar. For normalized distribution, o = 1 is achieved by two
identical distributions.The distance between two distributions is defined by
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d(y) = J1-plp(y),ql (11)

Known as Bhattacharyya distance.

3. Object Tracking in Particle Filter Framework

3.1. The Algorithm

We use a generic particle filter with resampling [5]. The particles distribution is
regulated by the motion model and the measurement noise as variance of Gaussian
distribution (o). Setting too small value of o will lead to degeneracy problems,
while setting o too large spreads particles widely that tends to reduce tracking
accuracy. We modify the original motion model in [1,14] by adding a constant
matrix B to further regulates particle distribution.

The Algorithm for object tracking is presented below:
1. Initialize by defining object to be tracked
2. Calculate the distribution of the target model g

q, =Cy (kI x 19)5b(x7) - u]

3. Propagate N sample set using motion model S.
Sk = As1 + Bwig

4. Calculate the distribution for each sample of the set using
p, () = C, xk(y - x,[Hslbx,) - u]

5. Calculate the Bhattacharyya coefficient for each sample
plp.al= [/p,q,du

6. Compute weight

o = l( 1 }e':F'_j-:'-'"':zﬂz}
N\ Emo
7. Resample
8. Estimate the mean state
E[S,] = 2 wis)

3.2. Environment and the Parameter Setting

The experiments run on 32-bit CPU 2.4 GHz. We use RGB color space as feature
space. Tracking performances are qualified by Root Mean Square Error (RMSE).

a. Number of Particles

The first experiment is performed by varying number of particles N to be used on
tracking. This number is set proportional to target object resolution R (number of
pixel within object region). For example, for target object of a circle with radius 17
pixels, the resolution R is computed as area of a circle = 907 pixels. N is than varied
from R/10, R/8, R/4, R/2, R, and 2R.

b. Bin

Color histogram represents the number of pixels that have colors in each bin that
span the image's color. The bin configurations that we testare 4 x 4 x 4; 6 x 6 x 6; 8
x8x8;12x12x 12 and 16 x 16 x 16.
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c¢. Variance of Gaussian Noise ¢

The variance of Gaussian measurement noise is varied to the value of 0.05, 0.1,
0.15, 0.2 and 0.25.

d. The Constant Matrix B

The dimension of propagation matrix B is 4 x 4. The values are set as: B = [1 d;
00;0100;001d,;0001]; where d; and d, are varied relative to the object
dimension dy and dy as shown in Figure 1. The values of d, and d, start from 1/8, Y.
Y%, 1, 1.5 dan 2 time of object dimensions dy and dy, and we denote them as B, B,

B3, B4, Bs, and Bg respectively.

dx

Figure 1. The Value of B is Relative to the Size of the Object
4. The Experiments

4.1. The Test Videos

We perform particle filter-based object tracking using several videos that have
been used by various literatures. The first video is a slow movement ping-pong
player video used in [15-16]. Car video from PETS database
(http://ftp.pets.rdg.ac.uk/PETS2000/) used in [17-18] and cup video [19] are another
videos of slow moving objects. The differences are that there are similar objects in
the car video and scaling and moving background for cup video.

For object with changing speed and direction, we track ball in the juggling ball
video from http://fcl.uncc.edu/ nhnguyel/balltracking.html and the ping pong ball
video used in various literatures [7,11,16,20].

Video of moving cam, rotation, and direction changes from Bonn Benchmark on
Tracking (BoBot) (http://www.iai.uni-bonn.de/~kleind/tracking/) is used as the sixth
test video. This video is used in [19,21]. Tracking object with occlusion is
performed by video from trictrac (http://www.multitel.be/trictrac/) [22] as the
seventh video. The eighth video is of soccer player with deformable and dynamic
movement. Figure 2 displays the test videos.

(a) Ping-Pong Player (b) Car (c) Cup (d) Juggling Ball

(e) Ping-Pong ball  (f) BoBot Ball (g) Trictrac Ball (h) Soccer
Figure 2. Videos Used in the Experiments
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4.2. Results

We perform the experiments on the test videos and find the best parameters that
deliver best results in term of accuracy (RMSE) and computation time. Table 1
summarizes the results.

Table 1. Tracking Results

Video object N Bin s B RMSE Time (s)
Ping-pong player | head R/4 | 888 0.05 dJ/4;d,/4 | 1.6062 | 3.3707
Juggling ball ball R|444 0.15 dy; d, 1.8194 | 3.1229
Ping-pong ball ball R/2 | 666 0.2 dy; d, 2.9144 | 2.2437
BoBoT Ball ball R 444 0.2 d/2;d,/2 3.1209 132.174
Cup cup R/4 | 666 0.05 dJ/4;d /4 3.7875 | 82.4762
Trictrac ball R 888 0.2 d,/2;d,/2 5.6141 | 66.8452
Soccer player(white) R 666 0.2 dy/2;d,/2 | 3.1777 | 18.2103
Car car R 121212 | 0.2 dJ/2;d,/2 | 40905 | 35.8206

a. Number of Particle N

Video with different characteristics require different parameter values to achieve
best performance. Increasing number of particles surely increases accuracy and
computation time as well. For videos with slow object movement, we find that small
number of particles (N), as much as a quarter of object resolution, already deliver
good tracking accuracy. Further increase of N does not give significant
improvement, while the computation cost is greatly increased. Therefore, there is a
tradeoff between accuracy and computation time. Examples of tradeoff are shown in
Figure 3.

—RMSE

— RMSE
Time 20

Time

RMSE Time  RMSE 12 - Time
sk SRC) ©

)

L " L L L L L L L L T ! L L L L L L
i} 02 04 06 08 1 12 1.4 16 18 2 1] 02 04 06 08 1 12 14 16 18 2
N/R N/R

(@) (b)

Figure 3. Trade-Off Between Accuracy and Computation Cost (a) Ping-Pong
Player ; (b) Ping-pong Ball Video

Other videos with faster moving objects such as juggling ball and car video
require larger number of particles, relative to object dimension (See Table 1).

b. Bin

In investigating the effect of bin to tracking accuracy, we perform the
experiments by varying number of bin. Bin 4 4 4 creates histogram of 4 x 4 x 4 = 64
dimensions and bin 16 16 16 creates histogram of 16 x 16 x 16 = 4096 dimensions.
Larger number of bin yields histogram with smaller interval. Figure4 shows
histograms of a target object and its histograms in various bin configurations.

270 Copyright © 2015 SERSC



International Journal of Multimedia and Ubiquitous Engineering
Vol.10, No.11 (2015)

MR T

(b) (©) (d)

Figure 4. Histogram of a Target Object. (a) The Target Object; (b) Histogram
of Bin 4 4 4 ; (c) Histogram of Bin 8 8 8; (d) Histogram of Bin 16 16 16

We may assume that larger bin number gives better performance in the cost of
computation time. However, this is not true for some videos. Objects with one
dominant color, such as the white ping-pong ball, performs best with 4 x 4 x 4 bin
configuration, while objects with wider color span, such as player head in ping-pong
player and ball from trictrac video requires larger bin configuration to achieve
accurate tracking.

c¢. Variance of Gaussian Noise

Varying o is affecting the accuracy of tracking, not the computation time. Setting
small values of measurement or variance noise o might lead to degeneracy problem
[5]. This is a common problem with particle filters. After a few iterations, a large
number of particles will have negligible weight. It is impossible to avoid the
degeneracy phenomenon since the variance of the importance weights increase over
time [23]. Resampling strategy is used to reduce the effects of degeneracy. The
degeneracy is measured by an effective sample size N [24]:

N

stf = 1+Varl:n.l:'{[} (12)
This measure cannot be evaluated exactly, but can be estimated as [5]:

———— _ 1

Verr = B &

In our experiments, we find that the value of o determines the number of particle
having nonzero weight. Small value of o causes only a few particles that have
nonzero weight and large value of o tends to spread particles in a large area. In
juggling ball video, the value of o = 0.05 produces only two out of 52 particles that
have nonzero weight. One of them weighted almost one, which results in Ngy of
1.0003. This will lead to poor result since only too few particles contribute in the
tracking. Increasing o distributes weight more equally to the particles with better
tracking performance. Figure5 displays distribution of nonzero weight particles for
small and largeo.
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Figure 5. Nonzero Weight Particles. (a) Small Value of c Reduces Nonzero
Weight Particles; (b). A More Distributed Weight with Larger

As described earlier, increasing o generates more nonzero weight particles and
yields in larger Ngk. But too large o will spread particles (after resampling) in a
larger area, and only a small portion of them fall in the tracked object, as shown in
Figure 6. Small number of particles that fall on the tracked object means only few
particles that contribute to tracking estimate, which reduce tracking performance.
The distributions of particles are displayed in red and yellow star. Yellow stars are
the initial particles and red stars are particles after resampling. (a). o = 0.05
generates only two nonzero particles after resampling; (b). o = 0.2 distributes
weights more equally among particles; (c). o = 0.4 spreads particles widely that
reduce tracking accuracy.

In video where objects move slowly between frames, we find that small values of
o perform best as in ping-pong player and cup video. Larger value of o is required
for faster moving objects, such as the juggling ball video.

(a) 0 =0.05 (b)o=0.2 (c)c=04
Figure 6. Particles Distribution

d. The Constant Matrix B

The constant matrix B defines the spreading of particles prior resampling.
Figure7 displays how particles spread in various value of B for video of ping-pong
player.

Small value of B produces high effective particles, i.e. particles that fall on the
object to contribute in the tracking estimate. B; has 90 % of effective particles with
equal weights. Increasing B helps in spreading particles in a wider area, but over
spreading tends to reduce particles that fall on the object, as shown in Figure7(d),
which results in poor tracking performance.
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(a) By (d) Be

Figure 7. Particles Distribution. Small Value of B Makes Particles Clustered
in a Small Area Within Tracked Obiject. Increasing B Spreads Particles More
Widely

In the video where object displacement between successive frames is small, the
tracking still performs well though the value of B is set small. But this is not true for
object that move fast and change direction. The juggling ball video in Figure8
illustrates this chase. In this figure, the red circle is the tracking estimate and the
yellow marks are the particles distribution

The object (ball) displacement before and after hitting player shoe between frame
50 and 51, and between frame 65 and 66, are quite large compared to other frames.
Small value of B values fails to track object as in Figure8 (b) where most of
particles follow the player shoe. In this case, we need a larger value of B to ensure
that most particles follow the object of interest as in Figure8(c). Few particles that
follow the shoe will be replaced with new particles after resampling,

(b)
Figure 8. Tracking Performances in Changing Speed and Direction
In tracking ping-pong ball, small B fails in tracking object with fast movement

and abrupt direction change. Figure9 illustrates these conditions. The yellow and red
marks are particle distribution before and after resampling respectively.

(a) frame 7 (b) frame 9 (c) frame 49

Figure 9. Particle Distribution for Ping-pong Ball Video. The Blue Circle is
the Tracking Estimate

Small value of B makes particles to cluster within the object, reducing the
diversity between particles and the probability to capture object with fast movement.
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The tracking is failed as shown in Figure9 (a) and (b). Large value of B in Figure9
(c) spreads particles widely, which also result in failure of tracking. The proper
value of B yields a good tracking result as shown in Figurel0.

(a) frame 8 (b) frame 11 (c) frame 12
Figure 10. Setting Proper Value of B Leads to Accurate Tracking
Performance

Large value of B is also useful when dealing object with occlusion. The trictrac
ball video in Figurell explains this case.

Figure 11. Tracking Ball in Trictrac Video. (a) The Ball is Occluded in Frame
751; (b) Small B in Frame 753; (c) Larger B Tracks Object After Being
Occluded.

In frame 751, only small portion of the tracked ball is visible. Small B does not
have particles fall in the object, and tracking is failed. Larger value of B distributes
particles widely to ensure that some particles fall in the object to continue the
tracking.

5. Discussions and Conclusions

We have presented comprehensively the effects of parameter values in particle
filter-based object tracking. Our experiments show that video characteristics should
be taken into account when setting values of tracking parameters.

Number of particles defines number of samples in tracking. Theoretically, larger
number of particles approaches optimal Bayesian estimate. In this experiment, we
find that particles as many as half of object resolution has already given good
accuracy, and increasing particles does not significantly increase performance while
computation time is greatly increased.

The interval of color histogram is defined by the number of bins. More bins create
denser histogram. Different video requires different bin configuration for best
performance. Lower bin configuration suits better for object dominated by single
color. Larger bin configuration is required when the color span of the object is wide.

The accuracy of tracking is also determined by the spreading of particles, which is
regulated by variance noise o and constant matrix B. Setting these values depend on
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the characteristics of the video to achieve best tracking performance. Small value of
B works for object with small displacement between frames (slow movement
object). Larger B is required when the object movement is fast, change direction, or
being occluded to ensure that some particles fall in the object.

The value of o determines the number of particles having nonzero weight. Small
value of o causes particles to cluster in a small area with only a few particles having
nonzero weight, and large value of o generates more nonzero weight particles
which tends to spread in a large area. Either one might result in poor accuracy or
even tracking failure.

In our experiments with eight different videos, the best values of o range from
0.05 to 0.2, depends from movement speed of the object. In video where objects
move slowly between frames, we find that small values of o perform best as in ping-
pong player and cup video. Larger value of o is required for faster moving objects,
such as the juggling ball video.
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