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Abstract Traditional particle filter which uses simple geo-
metric shapes for representation cannot track objects with
complex shape accurately. In this paper, we propose a refined
particle filter method for contour tracking based on a deter-
mined binary level set model (DBLSM). In contrast with
other previous work, the computational efficiency is greatly
improved due to the simple form of the level set function.
The DBLSM adds prior knowledge of the target model to the
implementation of curve evolution which improves the curve
acting principle and ensures a more accurate convergence to
the target. Finally, we perform curve evolution in the update
step of particle filter to make good use of the observation
at current time. Some appearance information are consid-
ered together with the energy function to measure weights
for particles, which can identify the target more accurately.
Experiment results on several challenging video sequences
have verified the proposed algorithm is efficient and effective
in many complicated scenes.

Keywords Tracking · Particle filter · Active contour ·
Level set · Dynamic scenes

1 Introduction

Visual tracking refers to the task of generating the trajectories
of the moving objects in a sequence of images. Its results can
be used as a basic input for many upper applications in the
field of computer vision [1–3]. Numerous approaches have
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been dedicated to computing the translation of an object in
consecutive frames [4,5], where several key components are
referred: the first is object representation, such as using color
histogram to model the appearance [6,7], active contours
to model the shape [8]; the second is a similarity measure
between the reference model and candidate targets; and the
third is a local mode-seeking method for finding the most
similar location in new frames, such as mean shift [9] or
particle filter [10].

The following are the two main categories into which most
tracking strategy, in previous literature, fall: deterministic
models [9,11,12] and stochastic models [10,13,14]. Deter-
ministic model often estimates targets position directly by
a gradient descent search over a cost function or by online
learning. Although deterministic models are usually compu-
tationally efficient in real-time applications, they have a sig-
nificant drawback that easily become trapped in local minima
and produce unpredicted results.

Stochastic methods, in contrast, fusing some stochastic
factors, are well adopted since their searching process can
cover a much larger region and have a higher probability
of reaching the global optimum of the cost function. Parti-
cle filter methods, also known as Sequential Monte Carlo
[15] and with almost no strict assumption on the dynamical
model and measurement model, have become more and more
prevalent in object tracking, especially in solving nonlinear
and non-Gaussian problems. They formulate tracking as a
problem of Bayesian inference in state space and use a set
of random samples with associated weights to simulate the
required posterior density function.

There is a lot of efficient work using particle filtering for
real object tracking. In [16], the authors embedded the fea-
ture selection procedure into the particle filtering process and
proposed a method to keep the tracker robust to background
clutters by online selecting discriminative features from a
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large feature space. A particle filter that effectively deals
with interacting targets was described in [17]. The particle
filter includes a Markov random field motion prior that helps
maintain the identity of targets throughout an interaction,
significantly reducing tracker failures. Li et al. in [18] pro-
pose an incremental self-tuning particle filtering framework
for visual tracking on the affine group. Particles are incre-
mentally drawn and intelligently tuned to their best states by
an online pose estimator until searching is terminated when
the maximum similarity of all tuned particles satisfies a tar-
get similarity distribution modeled online or the permitted
maximum number of particles is reached. Nevertheless, tra-
ditional particle filter-based methods usually use rectangle or
oval to represent the tracking results, while objects, in prac-
tice, may have complex shapes, for example, hands, head and
shoulders that cannot be well described by simple geometric
shapes.

Some attempts in literature have been made to use silhou-
ette or contour, segmenting technique for dynamic tracking
[19–21]. A prior dynamical model on the deformation and
on the similarity group parameters is defined in [19], within
a particle filter framework which is used to track the defor-
mation and the global motion over time. Chen et al. [21]
propose a contour tracker and the contour is parameterized
as an ellipse. Given the observation likelihood and the state
transition probabilities, the current contour state is estimated
where HMM and the Viterbi algorithm are involved. Isard
and Blake apply the B-spline representation for contours of
objects and propose the Condensation algorithm in [10]. The
authors formulate a propagation rule of shapes as an equiv-
alent to Bayes’ rule for inferring a posterior state density
from data for time-varying cases given a learned prior. Snake
model [22] and its improved models are also prevalent and
taken into account for tracking [8,23–25]. In [8], as an exam-
ple, an algorithm combined Kalman filter and active contours
to track nonrigid objects is proposed, where the prominent
B-spline method is again used for representation. Leymarie
and Levine [24] try to segment and track deformable objects
like amebas and proved the convergence of Snake’s motion.
Since these approaches represent the contours using explicit
representation and only track the affine parameters, they can-
not handle local deformations of the deforming object.

In contrast with parametric active contour model, level
set technique [26–29] is an implicit representation of con-
tours and able to deal with changes in topology. Explicit
representation defines the boundary of the silhouette by a
set of control points while implicit representation defines
the silhouette by means of a function defined on a grid. In
level set technique, the contour, which is formulated in a
parameterization independent manner, is represented as the
zero level set of the graph of a higher dimensional func-
tion and deformed until it minimizes an image-based energy
functional. Some closely previous work on tracking using

level set methods is given in [30–34]. In [30], the authors
put dynamics into the geodesic active contour framework for
tracking. In [31], the authors describe a unified approach for
the detection and tracking of moving objects by the propa-
gation of curves. An original scheme is proposed that can
be viewed as a geodesic active motion detection and track-
ing model which basically attracts the given curves to the
bottom of a potential well corresponding to the boundaries
of the moving objects. Yilmaz et al. [32] model the object
shape and its changes by means of a level set-based shape
model, where the grid points of the level set hold the means
and the standard deviations of the distances of points from
the object boundary and the object occlusions are resolved
during the course of tracking. In [33], the authors propose a
nonlinear model for tracking a slowly deforming and moving
contour despite significant occlusions. The contour is repre-
sented implicitly as the (infinite-dimensional) locus of zeros
of a given function, which evolves in time under the action of
a group. In [34], the authors add Mumford–Shah model into
the particle filter framework. The level set function need to
be re-initialized to the signed distance function of the curve
after each iteration, which takes very expensive calculation.
The curve evolution is included in the prediction step which
is a function of the previous state and observation. Actu-
ally, the current observation can be fully used once it became
available at current time. The only factor they considered is
the energy function of the curves, which is not enough to
determine the target. Bibby and Reid [35] derive a proba-
bilistic framework for robust tracking of multiple previously
unseen objects. The observed image data are used to com-
pute a posterior over the objects poses, shapes and relative
depths where the shapes are implicit contours represented
using level sets. Some other approaches to tracking are given
in [36,37]. In [36], the authors use deformable templates to
model prior shapes allowing for many deformation modes
of shapes. Mansouri [37] uses the optical flow constraint for
contour tracking.

In this paper, we propose a refined particle filter approach
based on a determined binary level set model (DBLSM)
for contour tracking. The proposed DBLSM maintains the
advantage of using a two-valued level set function to replace
the signed distance function used in traditional level set mod-
els. It avoids the re-initialized process of the level set func-
tion in each iteration as well as the cumbersome numer-
ical realization, so the computational efficiency is greatly
improved while maintaining the capability of processing
topology changes. In addition, the target information is intro-
duced into the energy function of the DBLSM as one of curve
acting forces, which improve the convergence principle of
traditional level set model. Namely, in contrast with the tra-
ditional level set model whose performance is inclined to
the unicolored target segmentation, the DBLSM adds prior
knowledge of the target model to the implementation of curve
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evolution and ensures a more accurate convergence for the
multicolored target. Finally, we perform curve evolution in
the update step of particle filter to make good use of the
observation at current time. Some appearance information
are considered together with the energy function to mea-
sure weights for particles, which can identify the target more
accurately.

The rest of this paper is organized as follows: we briefly
go over the particle filter framework in Sect. 2. In Sect. 3, the
proposed active contour tracking algorithm is described in
detail. Experiment results on different video sequences are
shown in Sects. 4, 5 is devoted to conclusion.

2 Particle filter framework

Particle filter algorithm, more detail in [38], is an esti-
mate process based on sequential Monte Carlo methods
whose substance is using the samples sequentially to imple-
ment stochastic simulation and accomplish online learning
within a Bayesian framework. The purpose is to estimate the
unknown state xk at time k from a sequential observations
z1:k = {z1, . . . , zk} perturbed by noises. Two basic equa-
tions, state equation and observation equation, are referred
in the whole filter algorithm:

xk+1 = fk(xk, uk) (1)

zk = hk(xk, vk), (2)

where xk, zk are the system state and observation, uk and
vk are the system noise and observation noise, fk and hk

represent the state transition and observation models.
The two equations correspond to probability distributions

p(xk |xk−1) and p(zk |xk), respectively. The key idea of par-
ticle filter is to estimate the posterior probability distribu-
tion p(xk |z1:k) by a set of weighted samples {xi

k, w
i
k}N

i=1,
which are sampled from a proposal distribution q(·) : xi

k ∼
q(xk |xi

k−1, z1:k), (i = 1, . . . , N ). The weight of each parti-
cle is set to

wi
k ∝ p

(
zk |xi

k

)
p

(
xi

k |xi
k−1

)

q
(
xk |xi

k−1, z1:k
) (3)

Then, the posterior probability distribution can be approx-
imated as

p(xk |z1:k) =
N∑

i=1

wi
kδ

(
xk − xi

k

)
, (4)

where δ(·) is the Dirac function.

3 The proposed active contour tracking method

In the refined particle filter algorithm, we regard the parti-
cle represented by a rectangle (in prediction step) or active

contour (in update step) as the state x and treat the image at
time k, zk as the observation. In the prediction step, we gen-
erate a new set of particles based on the old set according to
the probability distribution p(xk |xk−1). In practice, we can
assign the position and size of the new particle by the way of
constant velocity model [39]. Then we include the curve evo-
lution equation of the proposed determined binary level set
model in the update step, whose energy function is refined
by the prior knowledge of the target model and makes the
convergence to the target more accurate. Finally, we use the
energy function derived from the DBLSM together with the
appearance information to assign weights for particles. The
update step is described in detail as follow.

3.1 The level set framework

Level set methods, first proposed by Osher and Sethian in
[26,27], offer a very effective implementation of curve evo-
lution. The basic idea of the level set approach is to embed
the contour C as the zero level set of the graph of a higher
dimensional function φ(x, y, k), that is,

Ck = {(x, y)|φ(x, y, k) = 0} , (5)

where k is an artificial time-marching parameter, and then
evolve the graph so that this level set moves according to the
prescribed flow. In this manner, the level set may develop sin-
gularities and change topology while φ itself remains smooth
and maintains the form of a graph.

Generality, the curve evolution equation can be defined as

∂C

∂k
= V N, (6)

where v represents the speed of curve evolution while N rep-
resent the inward unit normal vector. Since the level set func-
tion φ(x, y, k) uses the zero level set to present the contour
C , i.e. φ(Ck, k) = 0, by computing derivative with respect
to k on both sides of the equation, we can get the following
equation:

∂φ

∂k
+ ∇φ × ∂C

∂k
= 0 (7)

Based on the definition of the level set function φ(x, y, k)

described above, the vector N can be written as N =
−∇φ/‖∇φ‖. Then we can get the level set implementation
corresponding to the curve evolution Eq. (6):

∂φ

∂k
= V ‖∇φ‖ (8)

Given an initial curve, one must generate an initial level
set function. Furthermore, level-set function also needs to
be re-initialized continually during its update process which
usually takes a lot of computing time.
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Fig. 1 Illustration of the role of
function u used in level set
energy function. a is the original
image in size of 84 × 84; b
represents the inaccurate
contour and c represents the
corresponding piecewise
constant-valued function u,
where we can see it has a great
difference compared with the
original image; d represents the
accurate contour and e represent
its function u, respectively,
which is more close to the
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3.2 The determined binary level set model

In response to the low efficiency of the traditional level set
models, the proposed DBLSM maintains the advantage of
using two-valued level set functionφ to replace the traditional
signed distance function:

φ(x, y, k) =
{

1, if (x, y) inside Ck

−1, if (x, y) outside Ck
(9)

Using this simple form can avoid the re-initialized process
of the level set function in each iteration as well as the cum-
bersome numerical realization.

A piecewise constant-valued function u is used to approx-
imate the image intensity distribution I . The image is divided
into two regions Ω1 and Ω2, in region Ω1, φ = 1 and u = c1

while in region Ω2, φ = −1 and u = c2. So the piecewise
constant-valued function can be defined as

u = c1

2
(φ + 1) − c2

2
(φ − 1), (10)

where c1 and c2 are positive constants.
Then the energy function of the level set active contour

model can be defined as follows:

Eimage = ER(c1, c2, φ)

= 1

2

∫∫

Ω

|u(c1, c2, φ) − I |2 dx dy

+μ

∫∫

Ω

|∇φ| dx dy

+ 1

τ

∫∫

Ω

W (φ) dx dy, (11)

where μ and τ are the proportional coefficients and set to 1
in this work. The first item is used to measure the similarity

of the two-valued function u with the image I and make the
function u more close to the image intensity distribution I .
The second item is used to measure the length of the curve
C , playing the role of smoothing region boundaries. The last
item is for constraint of φ2 = 1, and W can be defined as
(φ2−1)2.

In traditional binary level set method, there is no any
prior knowledge taken into account and the positive con-
stants c1, c2 can be got directly as follows by minimizing
the energy function:

c1 =
∫∫

Ω
I (1 + φ) dx dy

∫∫
Ω

(1 + φ) dx dy
, c2 =

∫∫
Ω

I (1−φ) dx dy
∫∫

Ω
(1−φ) dx dy

(12)

We can see that, c1 and c2 are the average intensity of image
I in region Ω1 and Ω2.

So when we minimize the energy function Eimage, we want
the function u more close to the image I , that is, the region
with average intensity is close to the original image. As a
result, this definition of u makes the level set mode more
inclined to segment out the region with consistent intensity
(see Fig. 1), which is similar to the thresholding segmenta-
tion method. However, the object may consist of inconsistent
intensity which occurs most often in practice. Additionally,
the prior knowledge of the target model usually can be got
first in tracking applications, which can be explored to refine
the evolution of the curve.

Assuming ctarget is the average intensity of the target
region identified in the first frame, cbackground is the average
intensity of a larger range around the above target region,
i.e. its local background region, we can redefine c1, c2 as
follows:

c1 = ctarget, c2 = cbackground (13)
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After that, the energy function Eimage contains both the con-
tour and the appearance information of the target. Then we
minimize the energy function Eimage over the level set func-
tion φ, we expect to obtain the contour inside which the
pixel’s intensity is close to ctarget and outside which the
pixel’s intensity is close to cbackground. Therefore, instead
of considering the region intensity consistency, the tar-
get/background information is taken into account and the
contour is evolved depending on the regions’ consistency
with the target/background information.

As the c1 and c2 have the capabilities of encoding the mul-
tiple color information of target/background, the proposed
model has the corresponding ability of dealing with the multi-
colored objects. Here, in this paper, we use the average inten-
sity of the target/background region for the consideration of
computational simplicity and it is adequate for most multi-
colored cases where the colors on the target (background)
are closer to their average intensity than the background (tar-
get) colors. And for the more complex cases where the aver-
age intensity is not enough for target/background modeling,
one can further improve it by modeling the target as well as
the background using more discriminative descriptor such as
GMM and update them after each time step.

Then the Euler–Lagrange equation for the functional
Eimage can be implemented by the following gradient
descent:

∂φ

∂t
=− [u (c1, c2, φ) − I ]

∂u

∂φ
+ μdiv

( ∇φ

|∇φ|
)

− 1

τ
W ′(φ)

(14)

3.3 Curve evolution for each sample

For each particle pi
k get from the prediction step, we evolve

the curve using the DBLSM depending on the observation at
time k, Zk , which can be realized by doing a gradient descent
on the image energy Eimage:

Ci
k = evo

(
si

k, Zk

)
= si(M)

k , (15)

where sk denote the contour at time k and go through M
iterations in the direction which reduces the energy Eimage

as fast as possible:

si(ω) = si(ω−1) − ηi(ω)∇s Eimage

(
si(ω−1), Z

)

ω = 1, 2, . . . , M and si(0) = pi (16)

Note that, the contour s is represented as the zero level set
of φ, and the evolution is carried out in form of Eq. (14). So
particles with state closer to the true state will have smaller
energy than other particles after evolution.

3.4 The appearance models

Only considering the energy function of the curve are not reli-
able. In the proposed method, we also introduce some appear-
ance models to identify the target accurately. The color-
cues likelihood model is constructed due to its availability
and simplicity. A similarity measure between the color his-
tograms of the particle region p = {p(u)}u=1,...,m and the
template q = {q(u)}u=1,...,m had been defined as

ρ[p, q] =
m∑

u=1

√
p(u)q(u) (17)

The larger ρ, the more similar the distributions. For two iden-
tical normalized histograms we obtain ρ = 1, indicating a
perfect match.

Due to the mobile camera, the proposed method uses
motion compensation first, from which we can get the corre-
sponding parts in two successive frames. It is obvious that the
differencing method based on the two parts is valid. The sum
of pixel values in particle region corresponding in differences
image, sum, can show the amount of moving elements.

3.5 Compute weight for each sample

Finally, the weight of the i th particle at time k is specified by
a Gaussian:

wi
k = 1√

2πσ
exp − d2

i

2σ 2 , (18)

where di is the distance between the i th particle and the true
state and can be defined as follows:

d2
i = α × Eimage

(
Ci

k, Zk

)
− β × ρ[pi , q] − γ × sumi ,

(19)

where α, β, γ are the proportional coefficients. We choose
them according to the order of magnitude of each item and
set them at 0.015, 0.6 and 0.4 × 10−5 experimentally. Then
the weights are normalized.

3.6 The proposed algorithm

Based on the description above, the completed proposed
algorithm can be summarized and presented as Algorithm 1.

4 Experiment results

In this part, we test the proposed method on several video
sequences with different challenge for tracking. We use HSV
color space and set σ = 0.15.

First, we compare the proposed method with some other
algorithms on a ship sequence to show the improvement

123



1732 X. Sun, H. Yao

Algorithm 1 The refined particle filter.
Input:

The target model q and its location xk−1 in the previous frame;
Output:

The new contour of the target and its corresponding location xk in
the current frame;

1: % Prediction step:
2: Generate samples { p̂i

k}N
i=1 according to p(xk |xk−1)

3: Thus we have

p(pk |Z1:k−1) ≈
N∑

i=1

1

N
δ(pk − p̂i

k)

4: %Update step:
5: Perform M iterations of curve evolution for each sample depend on

the observation Zk

Ĉi
k = evo(ŝi

k , Zk) = ŝi(M)
k

6: Compute the appearance similarity for each sample

ρ[ p̂i , q] =
m∑

u=1

√
p̂(u)

i q(u) and sumi

7: Weight each sample by

wi
k = 1√

2πσ
exp − d2

i

2σ 2

d2
i = α × Eimage(Ĉ

i
k , Zk) − β × ρ[ p̂i , q] − γ × sumi

8: Thus we have

p(Ck |Z1:k−1) ≈
N∑

i=1

wi
kδ(Ck − Ĉi

k)

9: Resample from the above distribution to generate particles {Ci
k}N

i
distributed according to p(Ck |Z1:k); then we have

p(Ck |Z1:k−1) ≈
N∑

i=1

1

N
δ(Ck − Ci

k)

10: Regard the location from which the final contour derived as xk and
go back to the prediction step for time k + 1.

of computational efficiency. The sequence consists of 350
frames and describes a ship, with similar color distribution to
the water, navigating on the river with moving waves behind
and illumination changes. The four algorithms tested are (a)
traditional particle filter, (b) the proposed method excluding

Table 1 Average CPU time per frame of the four algorithms on ship
sequence

Algorithm (a) (b) (c) (d)

CPU time (s) 0.1127 0.6332 0.6755 1.0828

appearance information process, (c) the proposed method and
(d) particle filter with tradition Mumford–Shah method, more
detail in Ref. [34]. We use 30 particles and M = 20. Table 1
shows the average CPU time of these algorithms (obtained
by Vc 6.0, CPU Pentium (R) Dual E2160 1.8 GHz 1.8 GHz),
and Fig. 2 shows the specific CPU time of each frame (from
the 10th frame to the 350th frame, sampled every 10 frames).
We can see that the computational efficiency of our method
is improved a lot compared with the close contour tracking
method (d), while the tracking performance is good as shown
in Fig. 3. For the traditional particle filter, since it does not
contain the curve evolution procedure, it could run in short-
est time. Here we show the traditional particle filter’s running
time in Table 1(a) as a standard reference. In the other hand,
because the traditional particle filter uses the simple rectan-
gle to present the tracking result, the nonrigid object we want
to track cannot be accurately abstract and will be mixed with
background pixels. Therefore, the tracker will get confused
and lose the target when the target model is polluted by these
background pixels hidden inside the target region as shown
in Fig. 3(a).

In the ship sequence tested above, the algorithm (d) per-
forms the similar good results as the proposed method and
the same phenomenon can be observed on other uni-color tar-
get sequences. And here, furthermore, we test them on two
multi-color targets to show the advantages of the proposed
method. The first sequence shows a man in colorful clothes
walking on the balcony in the directions of toward or deviat-
ing from the camera. So the scale of the target region varies
greatly due to his distance from the camera and it is a chal-

Fig. 2 The specific CPU time
per frame of the four algorithms
on ship sequence
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Fig. 3 Tracking results on ship sequence for frame 12, 45, 100, 170, 290. a The algorithm (a). b The refined particle filter method

Fig. 4 Tracking results on man sequence for frame 5, 15, 40, 55, 70. a The algorithm (d). b The refined particle filter method

lenge for traditional particle filter method to represent the
person accurately. We use 20 particles and M = 50. As we
can see in Fig. 4, the accuracy of the results using algorithm
(d), which uses only energy function to weight particles and
evolves the curve in prediction step, is not satisfactory while
our proposed algorithm can improve the tracking quality dra-
matically.

The second sequence describes a woman walking in a
clutter street with large illumination changes and sheltering
cases. We use 30 particles and M = 60. The tracking results
shown in Fig. 5 demonstrate that the algorithm (d) is incom-
petent due to the multicolor clothes and sheltering. Our pro-
posed algorithm, in contrast, is robust and could perform well
even when the target is partly occluded.

In order to further evaluate the performance of the pro-
posed algorithm, it is tested on another three video sequences
with objects undergoing scale changes, shape deformation
and unpredictable motion. The first video sequence con-
tains a student walking fast and randomly in a lab with
littered background; the shape of his head deforms as he
moves which cannot be well described by simple geomet-
ric shapes. We use 30 particles and set M = 30. As can
be seen in the images, Fig. 6, the proposed algorithm can
effectively track nonrigid deformations in the shape of the
head.

The second sequence records a high jump match, which
contains a player undergoing significant shape deformations
simultaneously with fast and drastic motion. Figure 7 shows
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Fig. 5 Tracking results on woman sequence for frame 4, 45, 70, 110, 160. a The algorithm (d). b The refined particle filter method

Fig. 6 Tracking results of the proposed algorithm on lab-student sequence for frame 1, 46, 67, 179 and 284

Fig. 7 Tracking results of the proposed algorithm on high jump sequence for frame 10, 27, 37, 56 and 66

Fig. 8 Tracking results of the proposed algorithm on car sequence for frame 5476, 5546, 5579, 5690 and 5744. The second row is the local
enlargement of the first row

the tracking results of this sequence. We can see that the
proposed algorithm can effectively adapt to target variation
and obtains pleasant results.

The third video sequence shows a distance view of a park-
ing, which contains a car driving through the square and then
turn around. The background is very cluster and has lots of
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Fig. 9 Tracking results of the proposed algorithm on pop can sequence for frame 2, 107, 110, 250, 254, 268 and 278. The second row is the local
enlargement of the first row

other stuff. The car is occluded as it passes through the lamp
post. We use 30 particles and set M = 20. Figure 8 shows the
tracking result of the second video sequences, which demon-
strates our algorithm is very robust to bypass the obstacles.

In the next experiment, we show the ability of the pro-
posed method to work on gray-scale images, which are usu-
ally difficult to track because a single color channel does not
provide enough information for tracking, as well as occlu-
sion case. Here, we use the rate of decrease in the object size
determined over the previous few frames to detect occlusion
and propose an approach to handling completed occlusion.
Once the object is determined to be occluded (the resulting
contour become extremely small), we discard the real out-
put contour and adopt the one just prior to the occlusion to
hallucinate the contour as long as the target is invisible. The
target location can be simply predicted by the constant veloc-
ity model until the target reappears and tracking resumes.
Figure 9 shows the tracking results of a gray-scale video
sequence. This sequence describes a pop can which is held
and swayed round a bunch of plant. As the pop can moves and
turns, appearance and illumination changes as well as severe
occlusion occur. We use 15 particles and set M = 20. As we
can see in images, our work can perform satisfactorily even
with large appearance changes and severe sheltering cases in
gray-scale images.

5 Conclusion

A refined particle filter algorithm for contour tracking based
on a determined binary level set model (DBLSM) has been
proposed in this paper. This method greatly improves the
computational efficiency and performs curve evolution in the
update step of particle filter to make good use of the observa-
tion at current time. The implementation of curve evolution
in the DBLSM is refined by prior knowledge of the target
model, which ensures a more accurate convergence to the
target. Some appearance factors are considered as well as the
energy function derived from the DBLSM to accurately local-

ize the target. Experiment results have verified that the pro-
posed method is efficient and robust in many complex scenes.
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