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ABSTRACT

We derive an adaptive data-driven kernel in this paper to si-
multaneously address the kernel scale/orientation selection
problem as well as the constant kernel shape in deformable
object tracking applications. Level set technique is novelly
introduced into the mean shift sample space to implement
kernel evolution and update. Since the active contour model
is designed to drive the kernel constantly to the direction that
maximizes target likelihood, the kernel can adapt to target
shape variation simultaneously with the mean shift iterations.
Thus, it can give a better estimation bias to produce accu-
rate shift of the mean and successfully avoid performance
loss stemmed from pollution of the non-object regions hiding
inside the kernel. Experimental results on a number of chal-
lenging sequences validate the effectiveness of the technique.

Index Terms— Object tracking, adaptive kernel, mean
shift, active contour

1. INTRODUCTION

Kernel is a crucial factor to the performance of the mean shift
trackers [1, 2], which defines the scale of target candidate and
the number of samples considered in mode seeking process.
However, there is currently no sound mechanism for choosing
this scale maturely. Inappropriate kernel may result in either
noisy background pollution or poor object localization [3].

The intuitive approach is to test different kernel band-
widths and select the one maximizing appearance similar-
ity [4]. R. Collins proposed a method [5] using differ-
ence of Gaussian mean shift kernel for efficient blobs track-
ing through scale space. Afterwards, to better fit the object
shape, the selection procedures is not only considered through
scales but also extended to orientation, Fig.1(a). A multi-
mode anisotropic mean shift is derived in [6], where the
center, size and orientation of the bounding box are simul-
taneously estimated during the tracking. In [7], the authors
present a probabilistic formulation of kernel-based trackers
which use the EM-estimation and KL-divergence to update
the target-center and kernel bandwidth. Nevertheless, objects
in practice may have complex shapes that cannot be well de-
scribed by these simple symmetric kernels, Fig.1(b). In [8],
the authors set a rectangle on each sample within the mean

(a)Kernel scale/orientation(b)Complex object shape (c) Data-driven kernel

Fig. 1. Motivation of the proposed method.

shift kernel window, then evolve it in level set manner and
use its final energy values to weight the sample. Then the
curve with maximum energy is outputted as dynamic tracking
result. However, it still use rectangle kernel, and as a result
suffers traditional scale/oritation selection problem.

With the expectation that the kernel ideally has the shape
of the tracked object, asymmetric kernels are introduced for
dynamic tracking. In [9] asymmetric kernels are generated
using implicit level set functions. The new object location,
scale and orientation are simultaneously estimated in a higher
dimensional search space. Yi et al. propose a mean shift ob-
ject tracker in [10]. They use an object mask to construct the
asymmetric kernel and implement probabilistic estimation for
the scale and orientation adaptation. These methods, how-
ever, invite constant kernel shape throughout the sequence
and could not therewith to the target shape variation over time.

In this paper, we derive an adaptive data-driven kernel
which can adapt to target shape variation simultaneously with
the mean shift iterations. Level set technique is novelly in-
troduced into the mean shift sample space to implement ker-
nel evolution and update. Since the active contour model is
specially designed to drive the kernel constantly to the direc-
tion that maximizes target likelihood, this adaptive kernel can
continually seize the target shape to give a better estimation
bias, Fig.1(c), and successfully avoid the performance loss
stemmed from pollution of background pixels hiding inside
the kernel.

2. TRACKING BY DATA-DRIVEN KERNEL

2.1. Kernel representation

An ideal kernel is expected to have the shape of the actual
tracked object and with the capability of adapting to object
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variation. Level set methods, first proposed by Osher and
Sethian in [11, 12], offer a very effective representation of
contours. It embeds the contour C as the zero level set of a
higher dimensional graph function φ(x, y, τ), then evolve the
graph so that this level set moves according to the prescribed
flow. In this manner, the level set may develop singularities
and change topology while φ itself remains smooth and main-
tains the form of a graph.

Based on the competitive properties, the level set comes
into sight as a reasonable consideration of presenting the ex-
pected adaptive kernel. A kernel function K : Rd → R in
mean shift framework is supposed to satisfy

K(x) = k(‖x‖2) (1)

where ‖x‖2 = xT x and k : [0,∞] → R is the profile function
with following properties:

• k is non-negative.
• k is non-increasing, i.e. if a < b then k(a) ≥ k(b).
• k is piecewise , and

∫∞
0

k(r)dr < ∞.

Level set function φ(x), encoding the signed distances of the
pixels x from the object boundary, provides a smooth and dif-
ferentiable function, and basically meets the requirements of
a mean shift kernel. However, there is an exception that it is
negative outside the object boundary. Therefore, we truncate
its outside boundary portion (set to 0) as in [9] and normalize
the inside portion to meet the density estimator standard

K(x, y, τ) =

{
φ(x,y,τ)∑

φ(x,y,τ)>0 φ(x,y,τ) , if [x y]T inside Cτ

0, else
(2)

Fig.2 illustrates the level set kernel mechanism. In [9], the
asymmetric kernel is only constructed once and used con-
stantly throughout the sequence. Since it doesn’t adapt to ob-
ject change in shape, the method can only estimate the object
scale and orientation of in-plane rotations. In case of 3D or
in-depth rotations, it is a challenge for the method to there-
with to the object shape, Fig.2(f). Differently, we derive a
data-driven kernel, which is able to adapt to the object shape
simultaneously with the mean shift iterations.

2.2. Data-driven kernel evolution

Given an initial kernel region learned from previous mean
shift iteration, our goal is to evolve the kernel so as to adapt
it to the new target shape according to current observation.
Let Iτ : x → Rm denote the image at time τ , C(s) =
[x(s) y(s)]T , s ∈ [0, 1], denote a closed curve in R2. An
implicit function φ(x, y) is defined as a signed distance func-
tion of the curve

φ(x, y, τ) =





d((x, y), Cτ ), if [x y]T inside Cτ

0, if [x y]T at Cτ

−d((x, y), Cτ ), if [x y]T outside Cτ

(3)
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Fig. 2. Level set kernel mechanism. (d)(e) are the correspond-
ing 3-dimensional map of the level set function and kernel.

We firstly extend the view to a larger ring of neighboring of
the current kernel, within which the samples are evaluated
by the Bhattacharyya measurement. Therefore, a new kernel
function can be adapted without being confined by the current
kernel scope. Let q and p denote the density distribution gen-
erated from the object model and candidate regions, then the
weight at pixel x is given by:

w(x) =
√

q(I(x))/p(I(x)) (4)

We include the active contour model into this sample space
as an unsupervised clustering manner to automatically sepa-
rate the samples into foreground and background classes, and
drive the kernel to the area with maximum likelihood of being
the target.

Let mt and mb denote the cluster center of the target and
background classes, then we can define the variance of cluster
D∗ by

e2
∗ =

∑

x∈D∗

‖w(x)−m∗‖2 (5)

where ∗ ∈ {t, b} denotes the target and background class re-
spectively. Under the intuition that the weight values of pixels
on the object and background should both be tightly clustered,
i.e. low within class variance, we use the sum of squared error
as the clustering criterion function

Je =
∑

∗∈{t,b}

∑

x∈D∗

‖w(x)−m∗‖2 (6)

The clustering criterion function optimization is a combi-
natorial optimization problem. Since the exhaustive compu-
tation is unrealistic, we bring this problem into the level set
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framework and achieve the process of iteratively finding op-
timal solution by the form of level set function evolution. We
define the energy function of the active contour as

Eτ (m∗, C) =
∫

Ω+
‖w(x)−mt‖2dx +

∫

Ω−
‖w(x)−mb‖2dx

+ ξ

∫

C

−T (x)dx + µ

∮

C

ds (7)

where Ω+ presents the region inside curve C and captures the
samples belonging to the object class, while Ω− denotes the
region outside C and captures the samples of the background
class. T (x) is the image gradient for edge detecting

T (x, y) = |∇[Gσ(x, y) ∗ Iτ (x, y)]|2 (8)

where ∇ denotes spatial gradient operator, ∗ denotes convo-
lution and Gσ is the Gaussian filter with standard deviation
σ.

The first two items of (7) are used to measure the within
class variation of the object and background classes. The third
item is used to ensure the two classes division is on the object
boundary. The last item measures the length of the curve C,
playing the role of smoothing region boundaries. Therefore,
when we minimize the energy function of (7), obviously, we
expect to obtain the classification result that both tightly clus-
ters the object/background samples and with division rightly
convergent to object edge.

Employing the level set function as a differentiable thresh-
old operator, we unify the integral region and rewrite (7) as

Eτ (m∗, φ) =
∫

Ω

‖w(x)−mt‖2H(φ(x))dx

+
∫

Ω

‖w(x)−mb‖2[1−H(φ(x))]dx

−
∫

Ω

δ0(φ(x))[ξT (x)− µ|∇φ(x)|]dx (9)

where Ω = Ω+
⋃

Ω− is the image domain, H(·) denotes the

Heaviside function that H(z) =
{

1, if z ≥ 0
0, else and δ0(·) is

the Dirac function.
By fixing the cluster center of the target and background

samples as the mean weight value:

mt =

∫
Ω
w(x)H(φ(x)) dx∫
Ω

H(φ(x)) dx
,mb =

∫
Ω
w(x)[1−H(φ(x))] dx∫
Ω
[1−H(φ(x))] dx

(10)
and minimizing the energy functional (9), the associated
Euler-Lagrange equation for this functional can be given by

0=δε(φ)[(w(x)−mt)2− (w(x)−mb)2− ξT (x)−µdiv(
∇φ

|∇φ|)]
(11)

where div is the divergence operator, and

δε(z) =
1
π

ε

ε2 + z2
(12)

This can be implemented by the following gradient de-
scent:

φ̂τ = φ(M)
τ = evolve(φ(0)

τ , Iτ , q) (13)

where φτ denotes the level set function at time τ , and go
through M iterations in the direction of reducing the energy
Eτ as fast as possible:

φ(ω) = φ(ω−1) − η(ω)∇φEτ (m∗, φ(ω−1)),

ω = 1, 2, · · · ,M and φ(0) = φ̂τ−1 (14)

2.3. Mean shift formulation

Based on the final clustering result φ̂τ , whose zero level set
is the object/background division contour, we can obtain the
corresponding kernel K(x, y) as described in Section 2.1.
Then the density estimator can be given by

f̂(x) =
∑N

i=1 K(x− xi)w(xi)∑N
i=1 w(xi)

(15)

where N is the number of the samples. Therefore, given the
tracking result of target position xτ of time τ , on the new
arriving image Iτ+1, the mean shift vector that maximizes
the density is computed by

∆x =
∑N

i=1 K(xi − xτ )w(xi)(xi − xτ )∑N
i=1 K(xi − xτ )w(xi)

(16)

After convergence, the kernel is then updated for serving
the tracking task of time τ + 2. This process is repeated until
the whole video sequence is finished.

3. EXPERIMENTAL RESULTS

In this section, the proposed method was tested on several
video sequences with different challenges for tracking. The
initial kernel curve of the first frame was a rough polygon
supplied manually while the subsequent ones were fed by the
results of previous frame.

The first sequences consists 230 frames and describes a
waving hand with significant shape deformations as well as
scaling, rotation changes. In Fig.3 (Green), we can see that
the conventional mean shift tracker [4] could not give well
presentation by typical symmetric kernel conjunction with
bandwidths selection mechanism. For the same sequence, the
proposed method (Red) can accurately follow the target due
to the adaptation of the kernel to the object shape variation.

Further more, we compared three kernel based algorithms
on a high jump sequence to show the superiority of our ap-
proach. This sequence records a high jump match, which
contains a player undergoing significant shape deformations
simultaneously with fast and drastic motion. The three al-
gorithms we tested are: (a) standard mean shift using sym-
metric kernel with different scales selection [4]; (b) con-
stant asymmetric kernel tracker with both scale and orienta-
tion adaptation [9]; (c) the proposed method. Fig.4 shows
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Fig. 3. Tracking results of the proposed method (Red) and
standard mean shift (Green) on hand sequence.

(a) Standard mean shift [4]

(b) The method in [9]

(c) The proposed method

Fig. 4. Tracking results of the three methods on high jump
sequence.

the tracking results of these algorithms. We can see that in
typical mean shift, the pollution of background pixels in the
rough kernel region easily results in performance loss and
does not guarantee to focus on the target accurately. The al-
gorithm (b), based on constant kernel shape throughout the
image frames, is impotent to well present the deforming tar-
get only by scale/orientation adjustment. The proposed algo-
rithm, in contrast, effectively adapts the kernel to target vari-
ation and obtains pleasant results.

Another four challenging sequences were tested to further
evaluate the proposed method. The first sequence describes a
complex scenario where a girl is moving quickly in a circu-
lar path with a boy, undergoing significant shape deformation.
The second sequence contains a man riding on a busy road,
with the camera moving fast and background changing dra-
matically. The third sequence describes a toy QQ being pulled
across the table with clutter background behind and similar
icon beside. Large appearance changes occur when the toy
is occluded or turned around. The fourth sequence describes
a woman walking in a street with large posture changes and
sheltering cases. we use the decreasing rate of object size over
previous few frames as an occlusion detector. Once detected,
we slow down the speed of updating the target density distri-
bution, enabling tracking to resume when the target reappears,
Fig.5 shows the tracking results on these sequences, indicat-
ing the competence of the proposed method in dealing with
these challenging cases.

Finally, we tested the proposed method on gray scale im-
ages. The first sequence captures a fish whose shape under-
goes sudden deformation as it turns or gets occluded. The sec-
ond sequence describes a toy dog which is held and swayed
under a lamp with large appearance and illumination changes.

(a) Tracking results of the proposed method on children sequence.

(b) Tracking results of the proposed method on ridl sequence.

(c) Tracking results of the proposed method on toy QQ sequence.

(d) Tracking results of the proposed method on pedestrian sequence.
Fig. 5. Experimental results of further evaluation.

(a) Tracking results of the proposed method on fish sequence.

(b) Tracking results of the proposed method on toy dog sequence.

Fig. 6. Experimental results of evaluation on gray scale video
sequences.

Fig.6 shows the tracking results of these gray scale video se-
quences. As we can see in images, our work can get pleased
performance even with large appearance changes and severe
sheltering cases in gray scale images.

4. CONCLUSION

We have presented a novel data-driven kernel in this paper
for non-rigid object tracking. By introducing and designing
the active contour model within mean shift sample space to
implement kernel evolution and update, the proposed kernel
successfully achieves adaptation to target variation simultane-
ously with the mean shift iterations. Thus this adaptive kernel
can give a better estimation bias and produce accurate shift of
the mean, addressing the scale/orientation selection problem
and constant kernel shape facing typical kernel based track-
ers. Experimental results have verified the effectiveness of
the proposed method in many complicate scenes.
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