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ABSTRACT

A novel level set method based on on-line discriminative
appearance modeling (DAMLSM) is presented for contour
tracking. In contrast with traditional level set models which
emphasize the intensity consistent segmentation and consider
no priors, the proposed DAMLSM takes the context of track-
ing into account and use a discriminative patch based target
model to guide the curve evolution. By modeling both the
region and edge cues in a Bayesian manner, the proposed
level set method can lead an accurate convergence to the can-
didate region with maximum likelihood of being the target.
Finally, we update the target model to adapt to the appear-
ance variation, enabling tracking to continue under occlusion.
Experiments confirm the robustness and reliability of our
method.

Index Terms— Contour tracking, level set, appearance
modeling, curve evolution

1. INTRODUCTION

Tracking refers to the task of generating the trajectories of
moving objects in a sequence of images. Most of existing al-
gorithms use rectangle or oval to represent the tracking results
while objects, however, in practice may have complex shapes
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
[1, 2, 3]. Level set technique [4, 5], as an implicit representa-
tion of contours, is widely used. The contour 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
function. Binary level set model [6], due to its improved com-
putational efficiency via using a two-valued level set function,
is more suitable for tracking applications. However, from a
performance perspective, the binary level set model is more
inclined to segment out the region with consistent intensity,
which is similar to the thresholding segmentation method.

Recently, many researchers apply level set models to vi-
sual tracking [7, 8, 9]. However, few refine them by the prior
target knowledge and deal with the problem of multi-mode
target segmentation. Bibby et al. [7] derive a probabilistic

framework for robust tracking of multiple previously unseen
objects where the shapes are implicit contours represented us-
ing level sets. In [9], the authors add Mumford-Shah model
into the particle filter framework. Once the particle filter gives
the candidate positions, the level set curve evolution is includ-
ed, with no prior target knowledge, to give the candidate con-
tours.

In this paper, we present a novel discriminative appear-
ance modeling based level set method (DAMLSM) for non-
rigid object tracking. Instead of acting towards intensity
consistency direction, the curve evolution of the proposed
DAMLSM is target-oriented and supervised by the on-line
constructed target model. By considering both the region and
edge cues, the proposed DAMLMS can achieve multi-mode
target segmentation, and the curve finally converges to the
candidate region with maximum likelihood of being target.

The rest of this paper is organized as follows: We analysis
the general curve acting principle of the level set model and
gives the antecedent of our improvement in Section 2. In Sec-
tion 3, the proposed tracking algorithm is described in detail.
Experiment results on challenging video sequences are shown
in Section 4, followed by conclusion in Section 5.

2. CURVE ACTING PRINCIPLE

In binary level set model [6], a piecewise constant-valued
function u is used to approximate the intensity distribution of
image I . The image is divided into two regions Ω1 and Ω2.
In region Ω1, the level set function ϕ = 1 and u = c1 while
in region Ω2, ϕ = −1 and u = c2. That is u = c1

2 (ϕ + 1) +
c2
2 (ϕ− 1).

Then the energy function of the active contour model can
be defined as follow:

Eimage(c1, c2, ϕ) =
1

2

∫∫
Ω

|u(c1, c2, ϕ)− I|2dxdy (1)

+ µ

∫∫
Ω

|∇ϕ|dxdy + 1

τ

∫∫
Ω

W (ϕ)dxdy

where the first item is used to measure the similarity of
the two-valued function u with the image I; the second item
refers to the length of the curve, playing the role of smoothing
region boundaries; the last item is for the binary constraint.
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In conventional level set methods, there is no any prior
knowledge taken into account and the positive constants c1,
c2 are obtained directly by minimizing the energy function:

c1 =

∫∫
Ω
I(1 + ϕ) dxdy∫∫

Ω
(1 + ϕ) dx dy

, c2 =

∫∫
Ω
I(1− ϕ) dx dy∫∫

Ω
(1− ϕ) dx dy

(2)

where, we can see, c1 and c2 are the average intensity of im-
age 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 mod-
el more inclined to segment out the region with consistent
intensity, which is similar to the thresholding segmentation
method. However, the object may consist of inconsistent in-
tensity which occurs most often in practice. Additionally, in
the context of tracking, we usually have a specific target of
interest, which can be explored to supervise the evolution of
the curve and refine its acting orientation.

3. THE PROPOSED LEVEL SET METHOD

3.1. Discriminative target appearance modeling

Given a target region learned from previous views, depending
on the assumption that the most informative object region for
tracking are the same region that best discriminate between
object and background, we divide its enclosing rectangle into
a number of patches from which we select the most discrimi-
native one as the tracking basis. A larger ring of neighboring
pixels is chosen to represent the background. Let X̂0 denote
the center location of the object and Y i

0 the ith patch, Ri
0 the

relative position between Y i
0 and X̂0.

We use the augmented variance ratio (AVR), the ratio of
the between class variance to the within class variance, to
measure the discriminative power of patches as in [10]. For
each patch and the background, by normalizing their his-
tograms, we can get a discrete probability density p(j) for
the patch, and density q(j) for the background, where index
j ranges from 1 to b, the number of histogram buckets.

The log likelihood of an image value j can be given by

L(j) = log
max{p(j), δ}
max{q(j), δ}

(3)

where δ is a small value (set to 0.001) that prevents dividing
by zero. It is obvious that the log likelihood maps the region
into positive values for colors distinctive to the object, and
negative for colors associated with the background. Colors
shared by both object and background tend towards zero.

Then the variance ratio of L(j) can be computed to quan-
tify the separability of the patch and background classes:

VR(L; p, q) =
var(L; (p+ q)/2)

[var(L; p) + var(L; q)]
(4)

where

var(L; a) =
∑
j

a(j)L2(j)− [
∑
j

a(j)L(j)]2 (5)

defines the variance of L(j) with respect to a discrete proba-
bility density function a(j).

Since we would like log likelihood values of pixels on
the object and background to both be tightly clustered while
the two clusters should ideally be spread apart as much as
possible, the denominator of the variance ratio enforces that
the within class variances should be small for both object and
background, while the numerator rewards cases where values
associated with object and background are widely separated.

After we got the most discriminative patch Ŷ0 with the
largest variance ratio and its corresponding R̂0, a target ap-
pearance model can be constructed base on it as follow

T0 = (X̂0, Ŷ0, R̂0) (6)

Fig.1 shows an example of the model on riding sequence.

3.2. The region based likelihood

Let C(s) = [x(s) y(s)]T , s ∈ [0, 1], denote a closed curve in
R2. Within a new arriving frame, for each candidate curve and
its respective location XC , we can get the candidate model
TC = (X̂C , ŶC , R̂C) where ŶC is the corresponding patch to
Ŷ0 in T0, determined by employing particle filter procedure
based on Ŷ0. Let Ŷ0C denote the patch in the new frame that
has the same relative position, R̂0, as Ŷ0. Then the region
based likelihood of curve C can be computed by measuring
the similarity between the candidate region and target model:

R(C, T0) = exp(−λDIS(Ŷ0C , ŶC)) (7)

where DIS function returns the distance between the two
patches, λ denotes the weighting parameter that is set to 25.

3.3. Level set formulation

For computational efficiency considerations, the proposed
DAMLSM maintains the advantage of using two-valued level
set function:

ϕ(x, y, k) =

{
1, if [x y]T inside Ck

−1, if [x y]T outside Ck
(8)

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

Let Ik : x → Rm denote the image at time k that maps a
pixel x = [x y]T ∈ R2 to a value. Given all the observations
I0:k up to time k, target model T0, and the previous contours
C0:k−1, we model the probability of contour Ck by consider-
ing both the region and edge cues in a Bayesian manner as

p(Ck|I0:k, T0, C0:k−1) ∝ pr(T0|Ck)︸ ︷︷ ︸
region

pe(Ik|Ck)︸ ︷︷ ︸
edge

p(Ck|C0:k−1)︸ ︷︷ ︸
prior

(9)
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where pr(T0|Ck) presents the likelihood of the region inside
Ck being the target object, and pe(Ik|Ck) the likelihood that
the contour is on image edge, p(Ck|C0:k−1) the prior proba-
bility which we regard equally for all candidate curves. Here,
the assumption we based on is that the measurements are in-
dependent of each other.

When we maximize the probability of (9), obviously, we
expect to obtain the contour that surrounds the target region
and just right converges to its edge.

The region based probability pr(T0|Ck) has been present-
ed as

pr(T0|Ck) ∝ R(Ck, T0) (10)

Under the objective of driving the contour to the target
boundary, we use image gradient for edge detecting, see
Fig.1, and the edge based probability pe(Ik|Ck) can be com-
puted as

pe(Ik|Ck) ∝
∑

[x y]T∈Ck

T (x, y) (11)

where
T (x, y) = |∇[Gσ(x, y) ∗ Ik(x, y)]|2 (12)

where ∇ denotes spatial gradient operator, ∗ convolution and
Gσ the Gaussian filter with standard deviation σ.

We define the energy function, minimizing which over the
level set function is equivalent to maximizing the probability
of (9), as follow:

E(ϕ, T0) = −R(C, T0)+ξ

∫
C

−T (x)dx+µℓ(C)+
1

τ

∫
Ω

W (ϕ)dx

(13)
where ξ, µ and τ are the coefficients that weight the relative

importance of each item. ℓ(C) is the length of the curve. The
last item is for constraint of ϕ2 = 1, where W can be defined
as (ϕ2 − 1)2 and Ω = Ω1

∪
Ω2 is the image domain.

Employing the binary level set function, we rewrite (13)
as

E(ϕ, T0) =−R(ϕ, T0) (14)

+

∫
Ω

−ξT (x)(1− ϕ2) + µ|∇ϕ|+ 1

τ
W (ϕ)dx

where ℓ(C) =
∫
Ω
|∇ϕ|dx. The associated Euler-Lagrange

equation for this function can be given by

0 = −R′
ϕ(ϕ, T0)+2ξT (x)ϕ−µdiv(

∇ϕ

|∇ϕ|
)+

1

τ
W ′(ϕ) (15)

and implemented by the following gradient descent:

∂ϕ

∂t
= R′

ϕ(ϕ, T0)−2ξT (x)ϕ+µdiv(
∇ϕ

|∇ϕ|
)− 1

τ
W ′(ϕ) (16)

where div is the divergence operator.
In contrast with conventional level set formulations, ours,

instead of based upon intensity consistence, is supervised by
the specific knowledge of the target. Therefore, the curve, in

Fig. 1. Illustration of the proposed method. (a) shows the ini-
tial curve obtained from previous frame and the correspond-
ing discriminative patch based target model. Then we use the
target knowledge, conjunction with the edge cue shown on
the left side of (b), to supervise the curve evolution and final-
ly obtain the contour convergent to the target in frame #33.

DAMLSM, can be steered to the target from a wide variety
of states, without any request of the initial curve that must be
inside or outside the target completely. Fig.1 illustrates the
whole proposed algorithm.

4. EXPERIMENTAL RESULTS

In this section, the proposed method was tested on several
challenging video sequences. The initial curve of the first
frame was a rough polygon supplied manually while the sub-
sequent ones were fed by the results of previous frame. We
use HSV color space and 12× 12 patch size.

The first sequence consists of 820 frames and describes a
ship navigating on the river with moving waves behind and
illumination changes. We can see that the performance of our
method is good as shown in Fig.2.

In above test, many contour tracking approaches can
give good results as the proposed method and the same
phenomenon can be observed on other unicolor target se-
quences. Furthermore, in order to show the improvement
of our approach, we compared the proposed method on t-
wo multi-mode target sequences with conventional level sets
based method in [9], which adds Mumford-Shah model with-
in the particle filter framework for contour tracking without
considering any target information.

The first sequence describes a man in strip colorful clothes
walking on the balcony, undergoing significant scale changes
and shape deformation as he walked toward or deviating from
the camera. As we can see in Fig.3, it is a challenge for tra-
ditional intensity consistence based level set method to repre-
sent the person accurately. In contrast, the proposed method
shows pleasant results, demonstrating the effectiveness of the
technical. The second test is on a gray scale sequence, which
describes a toy dog held and swayed under a lamp. As shown
in Fig.4, our method can perform well even with large appear-
ance changes in gray scale images.

Next, we use another three sequences with different chal-
lenges to further evaluate the proposed method. The first se-
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(a) #18 (b) #46 (c) #54 (d) #70 (e) #92

Fig. 2. Tracking results of the proposed DAMLSM method
on boat sequence.

(a) Conventional level sets based method of [9]

(b) The proposed DAMLSM method

Fig. 3. Tracking results on man sequence for frames of #18,
#46, #54, #70, #92.

quence contains a man riding on a busy road, with the camera
moving fast and background changing dramatically. The sec-
ond sequence describes a toy lemming moving fast above the
table with a clutter background behind as well as sheltering
cases. The third sequence records a diving process, where
dramatic appearance changes and occlusion occurs. Fig.5
shows the tracking results of these three sequences, indicating
the robustness of the proposed method in dealing with these
challenging cases and its availability under severe occlusion,
profited by on-line updating of the target model.

5. CONCLUSION

A novel level set method has been presented in this paper for
non-rigid object tracking. In contrast with conventional in-
tensity consistence based level set models, our approach is
object-oriented and the curve evolution is refined by an on-
line constructed discriminative model of target. With the con-
sideration of both region and edge cues, the proposed method
can lead an accurate convergence to the targets in tracking ap-
plications. Experimental results on several challenging video
sequences have validated the effectiveness of the technique.
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