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Learning A Superpixel-Driven Speed
Function for Level Set Tracking

Xue Zhou, Xi Li, Member, IEEE, and Weiming Hu, Senior Member, IEEE

Abstract—A key problem in level set tracking is to construct
a discriminative speed function for effective contour evolution.
In this paper, we propose a level set tracking method based on
a discriminative speed function, which produces a superpixel-
driven force for effective level set evolution. Based on kernel
density estimation and metric learning, the speed function is
capable of effectively encoding the discriminative information on
object appearance within a feasible metric space. Furthermore,
we introduce adaptive object shape modeling into the level set
evolution process, which leads to the tracking robustness in com-
plex scenarios. To ensure the efficiency of adaptive object shape
modeling, we develop a simple but efficient weighted non-negative
matrix factorization method that can online learn an object shape
dictionary. Experimental results on a number of challenging
video sequences demonstrate the effectiveness and robustness of
the proposed tracking method.

Index Terms—Level set tracking, metric learning, non-negative
matrix factorization (NF), speed function, superpixel (SP)-driven.

I. INTRODUCTION

AS A FUNDAMENTAL and challenging problem in
computer vision, object tracking has a wide range of

applications, including motion-based recognition, automated
surveillance, video indexing, human-computer interaction,
traffic monitoring, and vehicle navigation [1]. Recently more
and more visual tracking related survey papers pay attention
to appearance modeling which is a key issue for the success of
a visual tracker [2], [3]. Especially by making use of the joint
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Fig. 1. Illustration of our level set tracking method.

dynamic shape and appearance model becomes a hot topic in
the visual tracking field [4]–[6].

Different from the bounding box-based tracking framework,
due to the effectiveness and flexibility in coping with non-
rigid object tracking, level set-based active contour methods
aim to accurately segment the target objects across successive
frames, and therefore have been widely used in the tracking
field [7]–[10]. In theory, most of these methods rely on itera-
tive contour evolution [11], which is associated with a variety
of speed functions in solving partial differential equations. In
general, a speed function is determined by both internal force
(e.g., curvature) and external force (e.g., edge-based [12], [13]
and region-based [14], [15]). Therefore, how to construct an
effective speed function (based on appearance and shape cue)
for contour evolution plays a vital role in robust contour
tracking.

Typically, most existing level set tracking methods con-
struct speed functions by modeling the pixel-wise sta-
tistical properties of object appearance using genera-
tive/discriminative models (e.g., Gaussian fitting [14] and
AdaBoost classification [7]). Due to using pixel-wise appear-
ance models, these speed functions may suffer from weak
discriminative power and low contour evolution efficiency. To
alleviate this problem, we design an effective speed function
that constructs a superpixel (SP)-wise discriminative appear-
ance model for contour evolution. Since a SP has high internal
consistency and effective object boundary preservation, the
speed function is able to capture more discriminative informa-
tion on object/nonobject classification, and meanwhile makes
the contour evolution of each pixel in the SP more consis-
tent, leading to the high computational efficiency. Based on
the speed function, we propose a level set tracking method
that is robust to challenging appearance changes caused by
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Fig. 2. Schematic illustration of our tracking framework by fusion of appearance model and shape priors. The two parts enclosed by dashed lines, respectively,
denote the processes of appearance model construction and shape reconstruction based on shape priors. Specifically, the goal of metric learning technique in
appearance model is to guarantee that the k-nearest neighbors always belong to the same class while samples from different classes are separated by a large
margin. The reconstructed shape is approximated by a linear combination of basis images which are obtained offline by using shape training samples. The
final contour evolution result is obtained by fusion of appearance cue and shape prior force hierarchically.

complicated factors (e.g., noisy corruption, background clutter,
motion blurring, and drastic shape deformation).

This paper is a major extension of paper [16]. By analogy
to our previous work, this paper also adopts a SP-based image
representation method and fuses appearance with shape priors
in a two-layer level set evolution framework. The differences
between these two methods mainly lie in the following three
aspects.

1) In order to improve the discriminative ability of fea-
tures, we introduce metric learning technique into kernel
density estimation (KDE)-based appearance modeling
framework, while [16] simply adopts an Euclidean dis-
tance metric.

2) Other than following the Rousson’s idea [17] and adopt-
ing a pixel-wise Gaussian distribution shape model in
previous work, for the consideration of obtaining local
shape information we propose an effective online updat-
ing part-based shape dictionary model with each word
encoding a semantic local part.

3) An adaptive shape prior introduction mechanism is
proposed to balance the appearance cue and shape
prior. Specifically, we propose a non-negative least
square (NNLS)-based criterion to determine if the shape
prior is needed after the first layer evolution, however,
Zhou et al. [16] directly conducted the shape prior-based
contour evolution without judging if it is needed.

As shown in Figs. 1 and 2 (an intuitive illustration), the
main contributions of this paper are as follows.

1) We learn an effective speed function based on a
SP-driven discriminative appearance model, which mod-
els the statistical properties of object appearance in the
framework of KDE.

2) We introduce metric learning into the process of level
set tracking where object/nonobject classification is
performed in a learned Mahalanobis distance metric
space. This ensures intraclass compactness and interclass
separability.

3) We embed shape dictionary learning into level set evolu-
tion. The task of shape dictionary learning is efficiently
accomplished by on-line weighted non-negative matrix
factorization (ONMF).

This leads to the tracking robustness in complex conditions.

II. RELATED WORK

Level set tracking conducts contour evolution driven
by a level set speed function, which encodes either the
image region information [10], [14], [18], [19] or the image
gradient information [12], [20]. Existing level set tracking
methods [7], [10], [21]–[23] are often based on pixel-wise
level set speed functions (e.g., pixel-wise neighborhood
competition [10] and boosting classification [7]). Due to hav-
ing low discriminative ability and low evolution efficiency,
such pixel-wise level set speed functions are usually sensitive
to noisy corruption, and simultaneously induce a high compu-
tational cost. Because they contain sufficient image structure
information, SPs have recently emerged as one of the most
powerful tools for image presentation [24]–[27], and have
many desirable properties, including computational efficiency,
perceptual meaning, edge preservation, and flexible forms
such as fragments [21], triangles [28], image patches [29], and
over-segmented SPs [30].

Moreover, level set tracking is generally associated with
an object/nonobject classification task in a particular metric
space. However, the conventional Euclidean metric is inca-
pable of effectively reflecting the intrinsic affinity relationships
between samples. Motivated by this issue, much work has been
done to learn a variety of distance metrics and this ensures the
intraclass compactness and interclass separability of training
samples [31]–[36].

In general, objects contain some underlying shape prior
information that is greatly helpful for contour evolution. To
ensure the tracking robustness, lots of researchers integrate
such shape prior information into the level set evolution
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process [37], [38], which could effectively avoid the drifting
problems in the case of noisy corruption or partial occlusion.
Usually, the shape prior information is modeled in several
statistical learning frameworks [11], [17], [37], [39], [40]. For
example, Cremers [37] learned a low-dimensional shape sub-
space for contour evolution by principal component analy-
sis. To model arbitrary distributions, nonparametric KDE is
employed in [39]. Note that the above methods pay more
attention to modeling the global statistical properties of shape
priors. Subsequently, a number of shape modeling methods are
proposed to encode the local statistical information (e.g., grid-
based representation [17]). More recently, non-negative matrix
factorization (NMF) [41]–[43] has been utilized for learning
a part-based codebook (consisting of a set of part-based basis
samples).

III. PROPOSED LEVEL SET TRACKING METHOD

In this section, we firstly formulate the level set track-
ing problem, then describe the construction of the SP-driven
appearance model and NMF-based shape prior, and finally the
hierarchical level set evolution is presented.

A. Level Set Tracking Formulation

Typically, level set tracking is cast as an iterative contour
evolution problem, where a contour C is evolved according to
the following gradient descent equation:

∂C
∂t

= −∂E(C)

∂C (1)

where E(C) is the energy function with respect to the
contour C, and the contour is usually represented as the zero
level of some embedding function � [44]

C = {x, y ∈ �|�(x, y) = 0}. (2)

The embedding function � is typically chosen as a signed
distance function (SDF)

�(x, y) =
⎧
⎨

⎩

0 (x, y) ∈ C
d(x, y, C) (x, y) ∈ Rout
−d(x, y, C) (x, y) ∈ Rin

(3)

where Rin and Rout, respectively, denote the regions inside and
outside the contour C, and d(x, y, C) is the nearest Euclidean
distance from point (x, y) to the contour C

d(x, y, C) = min
xc,yc∈C

√

(x − xc)2 + ( y − yc)2. (4)

According to the Euler–Lagrange theory, the level set
evolution is governed by

∂�

∂t
= −∂E(�)

∂�
= −F|∇�| (5)

where F is the speed function pointing to the inward direc-
tion of the contour. The speed function F typically consists
of three components: 1) the internal force Fcurv; 2) the exter-
nal force Fdata; and 3) the shape prior-based force Fshape. The
internal force Fcurv is correlated with the curvature, and it
has a regularization and smoothness effect on contour. The
external force Fdata is dependent on image data and usually

modeled as the force representing the competition between
two regions (object and background). In our method, we use
SPs as atomic units for image representation, and further
construct a SP-driven discriminative appearance model for
effective object/nonobject classification used in Fdata. As an
important property of object prior, the shape knowledge of
an object is often used to constrain the contour evolution for
robust level set tracking in the presence of noisy corruption
or occlusion. In this paper, we model the shape prior using a
simple but efficient matrix factorization technique called NMF,
which is capable of effectively capturing the local part-based
information. In the following, we describe how to construct the
SP-driven appearance model and how to set up the NMF-based
shape prior model.

B. Superpixel-Driven Discriminative Appearance Model

Due to being visually compact and perceptual meaningful,
SPs are utilized as atomic units to construct the appear-
ance model. In order to effectively capture the discriminative
information on SPs, we propose a SP classification criterion
based on nonparametric KDE, which can adaptively take into
account the interclass separability without the need of careful
model selection. To further improve the discriminative power
of our appearance model, we learn an effective distance metric
by large margin metric learning. In this paper, for the sake of
computational efficiency, we only consider the small context
region surrounding the object (similar to [30]) and apply the
fast simple linear iterative clustering algorithm [26] on this
region to obtain the SP segmentation.

1) Discriminative Criterion: Based on the mutual informa-
tion theory, we define a discriminative criterion for separating
object SPs from background. In the discriminative criterion,
the mutual information between a SP (denoted as sp) and the
object class is computed as

MI(sp, obj) = log
P(sp|obj)

P(sp)

= log
P(sp|obj)

P(obj)P(sp|obj) + P(bac)P(sp|bac)

= log
2

1 + P(sp|bac)
P(sp|obj)

(6)

where obj (bac) stands for the object (background) class,
and P(obj) = P(bac) follows an equal prior distribution
assumption. Clearly, MI(sp, obj) has a range of (−∞, log 2).
To obtain a balanced region competition force for level set evo-
lution, we further modify MI(sp, obj) and define a confidence
score Ssp

c as follows:

Ssp
c = exp(MI(sp, obj)) − 1

= 1 − P(sp|bac)/P(sp|obj)

1 + P(sp|bac)/P(sp|obj)
. (7)

As a result, the confidence score has a balanced range of
(−1, 1) such that

⎧
⎨

⎩

−1 < Ssp
c < 0 P(sp|bac) > P(sp|obj)

0 P(sp|bac) = P(sp|obj)
0 < Ssp

c < 1 P(sp|bac) < P(sp|obj).
(8)
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2) Kernel Density Estimation With Metric Learning: To
compute the likelihood ratio (P(sp|bac))/(P(sp|obj)) in (7),
we use KDE to approximate both P(sp|bac) and P(sp|obj)
such that

P(sp|bac) = 1

|Tbac|
|Tbac|∑

j=1

exp

(

−D2
(

fsp, fj
)

2σ 2
1

)

(9)

P(sp|obj) = 1
∣
∣Tobj

∣
∣

|Tobj|∑

j=1

exp

(

−D2
(

fsp, fj
)

2σ 2
1

)

(10)

where Tobj and Tbac are the object and background SP buffers,
σ1 is the bandwidth parameter of Gaussian kernel, and ft
denotes the feature descriptor for the tth SP. For computa-
tional efficiency, only the top k nearest neighbors of the sp in
Tobj and Tbac are used for density estimation [45]. As a result,
we have the following relation:

P(sp|bac)

P(sp|obj)
≈

1∣
∣TkNN

bac

∣
∣

∣
∣TkNN

bac

∣
∣

∑

j=1
exp

(

−D2
(

fsp,f kNN
j

)

2σ 2
1

)

1∣
∣
∣TkNN

obj

∣
∣
∣

∣
∣
∣TkNN

obj

∣
∣
∣

∑

j=1
exp

(

−D2
(

fsp,f kNN
j

)

2σ 2
1

)
(11)

where TkNN
bac and TkNN

obj are the k-nearest neighbors of sp in
Tbac and Tobj, | · | denotes the size of the buffer, and D(·) is a
distance measure.

A standard distance measure is the Euclidean distance mea-
sure such that DE( fsp, fj) = ‖ fsp − fj‖2

2 = ( fsp − fj)T( fsp − fj),
which treats different feature dimensions equally and ignore
the correlation information between feature dimensions. As a
result, the Euclidean distance measure is incapable of well
reflecting the intrinsic affinity relationships between samples.
To address this issue, distance metric learning (DML) has
emerged as a useful tool in recent years [34]–[36]. Motivated
by this observation, we introduce DML into the process
of KDE, and therefore adopt such a metric learning method
called large margin nearest neighbor (LMNN) [35], which is
capable of effectively handling the metric learning problem
with the training samples of multimodal distributions. The goal
of training the metric in LMNN is to guarantee the k nearest
neighbors always belong to the same class while samples from
different classes are separated by a large margin. After met-
ric learning operated by LMNN, we obtain a discriminative
distance metric denoted as M = LTL. As a result, we have a
Mahalanobis distance measure

DM
(

fsp, fj
) = ∥

∥L
(

fsp − fj
)∥
∥2

2 = (
fsp − fj

)TM
(

fsp − fj
)
. (12)

In this way, we directly replace D(·) with DM(·) in the process
of KDE [referred to (11)].

The updating rule for appearance model is as follows. The
new SPs inside and outside the contour are put into their corre-
sponding training sets, respectively. We construct two buffers
with a fixed size for the object and the background, if the
number exceeds the buffer size, the oldest SPs are discarded
from their buffers. The original SPs obtained from the train-
ing stage are always kept for avoiding the drifting problems.
For the efficiency consideration, we update the distance metric

Fig. 3. Illustration of basis images obtained by NMF. (a) Elmo sequence.
(b) Indoor sequence. (c) Lemming sequence.

every s frames. With respect to metric learning, the contour
and SP segmentation results corresponding to the newest frame
are saved, and with interval s, the newest SPs with their labels
are used to relearn the metric L by LMNN algorithm [35]. The
old L is used as the initial value for the online update process.

C. NMF-Based Shape Prior

In many cases, incorporating the shape prior informa-
tion into level set evolution is very helpful for robust
contour tracking [37], [38]. Conventional shape prior mod-
els (e.g., PCA [37]) in level set tracking often consider the
global shape properties, and are therefore weak in local shape
variations modeling.

To alleviate this problem, we present a simple but efficient
NMF-based shape prior model. NMF is a powerful tool of
learning local features [41]. In this model, the construction of
shape variations is viewed as a shape dictionary learning prob-
lem with each word encoding a local part of shapes. Generally,
the NMF problem is associated with the following constrained
least-square optimization problem:

min
W,H

‖V − WH‖2 s.t. W ≥ 0, H ≥ 0 (13)

in our method, V is a nonnegative m × n shape data matrix,
in which each column represents a shape vector, and W is an
m × p matrix with each column representing a basis image.
Each column of H(p×n) consists of the coefficients by which
a sample is represented with a linear combination of basis
images. Specifically, to obtain the nonnegative shape data vec-
tor, each aligned shape sample (represented by signed distance
map) is first converted to a binary image and then flattened
into a column vector.

Fig. 3(a)–(c) shows the obtained basis images in the 3 × 4
montages on three sequences, respectively. The NMF algo-
rithm learns to represent variation of shapes with a set
of basis images resembling parts of shapes (highlighted by
darker gray).

For the continuous tracking task, when the new data arrives,
it is required that our shape model can be updated incremen-
tally and automatically. We adopt a batch data-based updating
scheme and store a data matrix of q samples during the
tracking process. Every time when the new data arrive, we
transform it to a non-negative column vector and put it into
this matrix, and delete the oldest one. Once all the samples
in the matrix are replaced, the whole data matrix is used for
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on-line shape model updating. Recall NMF decomposition, the
original data matrix V is factorized as the product of W and
H : V = WH. Assume that there is a new batch data repre-
sented by a nonnegative matrix U. Reconsider the factorization
problem on the whole data matrix: Ṽ = (

V U
) = W̃H̃, where

W̃ is the new base matrix. An approximation solution to the
above problem in Cao et al.’s method [42] is simplified by
replacing V by the old base W

(
W U

) = W∗H∗ = W∗(H∗
1 H∗

2

)
. (14)

By setting W̃ = W∗, the updating rule for W̃ is obtained
according to [42]

W̃ = W
(
H∗

1

)−1
. (15)

Different from [42], in order to adjust the contributions of
the new arriving data and alleviate forgetting of the old base,
we impose a weighting constraint by construction of a weight
matrix �

� =

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

Lα

. . . 0
Lα

α

. . .0
α

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

⎫
⎬

⎭
p

⎫
⎬

⎭
q

︸ ︷︷ ︸
p

︸ ︷︷ ︸
q

s.t.(Lp + q)α = 1

(16)

where � is a nonnegative diagonal matrix with �ii represent-
ing the weight of each factor, L > 0 is the forgetting factor,
and p and q correspond to the number of the old basis images
and the new samples, respectively. The summation of the diag-
onal elements in � equals to one, i.e., (Lp+q)α = 1. Multiply
matrix

(
W U

)
and �

(
W U

)
� = (

W�p U�q
)

(17)

where �p and �q are the sub diagonal matrices of �. By
replacing W with W�p in (15), the update rule becomes

W̃ = W�p
(
H∗

1

)−1
. (18)

To summarize, we describe the updating process in
Algorithm 1.

D. Hierarchical Level Set Evolution

In the following, we describe how to conduct level set-
based contour evolution with our two-stage speed functions.
For efficiency consideration, we adopt a hierarchical level set
evolution framework. Our proposed NNLS-based shape cri-
terion is capable of filtering out some unnecessary contour
iterations.

1) Contour Evolved by External Speed Force: In the level
set evolution framework (see Section III-A), the external evo-
lution speed Fdata is dependent on the image data and reflects
the competition between the object region and the background
region. The confidence score Ssp

c for each SP obtained by

Algorithm 1 On-Line Updating NMF With a Weighting
Schema

Input :
the old base matrix W, the new batch data U, the number of the
old latent factors p, the number of the new data q, the “forgetting
factor” coefficient L
Output :
the new base matrix W̃
ith stage :
1. Construct the new matrix Ṽ = (

W U
)

2. Compute the NMF of combined matrix Ṽ:(
W U

) = W∗H∗ = W∗(H∗
1 H∗

2
)

3. Construct the weight matrix � according to (16), in which α =
1

Lp+q , �p is the corresponding sub diagonal matrix of �

4. Update W̃ with the old base W
W̃ = W�p(H∗

1 )−1

the appearance model has this kind of property. For exam-
ple, when P(sp|bac) > P(sp|obj), Ssp

c has the negative sign,
assuming that the SP is inside the contour, the speed term
on this SP has the force to pull the contour inward along the
normal direction. Otherwise if the SP is outside the contour,
the contour is pushed outward. Thus, we use Ssp

c as the level
set external evolution speed function directly, i.e., Fsp

data = Ssp
c .

However, the level set evolution is carried on pixel level, so
we need to obtain a speed field for each pixel on the entire
frame subsequently. We assign every pixel in the SP x with
the same speed being equal to the SP external speed Fsp

data,
and every pixel outside the context region with −1. Finally,
we have the speed field on the entire image, which is denoted
by Fall

data. Specifically, for the pixel xi,j, the external speed Fi,j
data

is formulated by

Fi,j
data =

{
F

spt
data = S

spt
c if xi,j ∈ {spt}N

t=1−1 if xi,j /∈ contex region
(19)

where N is the total number of the segmented SPs.
By modifying � iteratively, the initial contour is evolved

to the desired boundary with the external speed Fall
data and the

internal force Fcurv in the normal direction

∂�

∂t
+
(

Fall
data + Fcurv

)
· |∇�| = 0 (20)

where Fcurv = εκ is the internal force proportional to the cur-
vature κ of the contour [46], which has a smoothness effect on
the contour. Overall, the external speed force-driven contour
evolution process is summarized as follows.

a) Extract the surrounding region of the target in the current
frame based on the result in the previous frame.

b) Do the SP segmentation on this region and extract the
feature vector for each SP.

c) Compute the external speed for each SP and extend it
to the whole speed field.

d) Iteratively update the level set evolution equation accord-
ing to (20).

The evolution results obtained at this stage are denoted by �a.
Fig. 4 shows a comparative illustration of two speed fields

generated by SP-based and pixel-based methods, respectively.
Each grid stands for a pixel. In Fig. 4(a), pixels belonging
to the same SP (with the same color) have the consistent
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Fig. 4. Comparative illustration of speed fields generated by two methods.
(a) SP-based. (b) Pixel-based.

Fig. 5. Illustration of NNLS residual-based shape criterion and sensitivity of
threshold parameter. (a) Shape criterion determined by the residual of NNLS.
(b) Accuracy comparison among different selections of threshold parameter T .

speed both in the direction and in the magnitude, whereas
with the pixel representation [Fig. 4(b)], the inconsistent speed
field makes the contour evolution with lower efficiency and
accuracy.

2) Contour Evolution by Shape-Based Speed Force:
Integration of shape prior knowledge of objects is effective
against the drifting in active contour-based tracking problem.

In our method, we propose a non-negative least
square (NNLS)-based [47] criterion to determine if the shape
prior is needed after the first stage evolution. Specifically, this
criterion is constructed according to the residual of NNLS

r = ‖V�a − W · c‖2 (21)

where the nonnegative coefficient c is solved to mini-
mize the constrained least-square optimization problem, i.e.,
min

c
‖V�a − W · c‖2 s.t. c ≥ 0, and W is the basis images

trained by NMF in Section III-C. The test shape �a obtained
in the first stage is first converted to a binary image and regis-
tered with the shape model, and then flattened into a column

TABLE I
AVERAGE RUNTIME AND ACCURACY COMPARISONS BY

CHOOSING DIFFERENT PARAMETER T

vector denoted by V�a . The residual of NNLS reflects how
closely the test shape is related with the shape prior model.
The larger the residual, the more likely the test shape can be
disturbed seriously. Thus, we use a threshold T to discriminate.
If r ≥ T , �a is not accurate enough, the high-level shape infor-
mation should be involved. Otherwise, contour result obtained
based on appearance cue is accurate enough, the step of con-
tour evolution wish shape constraint which is time-consuming
is not necessary. This criterion is verified in Fig. 5(a), which
shows how the residual of NNLS reflects the shape corrupt-
ness. The vertical axis is the reconstructed residual value
of each frame for Lemming sequence. The results obtained
by appearance model are placed next to their corresponding
nodes. Fig. 5(b) illustrates the influence of different settings
of threshold parameter T . In this sub-figure, five cases corre-
sponding to T = 0, T = 20, T = 25, T = 30, and T 
 30 are
compared. For the first four cases, the overall performances
of different parameters outperform the last case and behave
similarly. However, the first case (T = 0) conducts contour
evolution with shape constraint each frame, which leads to
a high computational cost. The average computational cost
and accuracy comparisons among these five cases are given
in Table I. Thus by considering accuracy and computational
efficiency simultaneously, we select the threshold parameter T
within a limited range from 20 to 30.

In the shape-driven contour evolution stage, the recon-
structed shape is given by: Ṽ�a = W · c. The reconstructed
column vector Ṽ�a can not be used to conduct contour evo-
lution directly and it needs several steps to form the standard
shape template (denoted by �m). First, we need to reshape
Ṽ�a with the same size of the model shape. Then con-
vert the obtained matrix to SDF according to fast marching
method [38] and align with �a. Finally, we get the registered
reconstructed shape �m.

The shape prior is incorporated into the level set evolution
process through adding the shape prior-based speed item Fshape

∂�

∂t
= Fshape · |∇�| (22)

Fshape is obtained by solving the Euler–Lagrange equation (5)
associated with the shape energy Eshape. Inspired by the idea
in [17], the shape energy Eshape is usually modeled based
on the distance between current shape � and the shape
template �m

Eshape =
∫

�

(�(x) − �m(x))2dx. (23)
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Fig. 6. Illustration of contour evolution by shape-based speed force. Fshape
is the shape prior-based speed and the color map �m denotes the signed
distance map of registered reconstructed shape.

Fig. 7. Tracking examples of our proposed method in twelve cases cor-
responding to Elmo, Diving, Basketball, Lemming, Girl, Indoor, Monkey,
Ex-sports, Nemo, Single-skating, Liquor, and Woman sequences, respectively.

Different from [17], we design an exponential constant item
independent of � to control the level set convergence speed
at each pixel location. This item is introduced to balance the
result �a (obtained by the external speed force) and �m. The
corresponding energy function in our method is turned out
to be

Eshape =
∫

�

(�(x) − �m(x))2

⎛

⎜
⎜
⎝1 − e

−(�a − �m)2

2σ 2
2

⎞

⎟
⎟
⎠dx (24)

where σ2 is the parameter controlling how fast the expo-
nent function converges to zero and is estimated adaptively
in our experiments. According to (5), we can obtain the speed
function as

Fshape = −2(� − �m)

⎛

⎜
⎜
⎝1 − e

−(�a − �m)2

2σ 2
2

⎞

⎟
⎟
⎠. (25)

The initial value for (22) is �a obtained in the first stage. Fig. 6
intuitively illustrates how the shape priors conduct the contour
evolution. Given a corrupted test sample (the red contour in
Fig. 6), shape-based speed Fshape has the capability to evolve
the corrupted one in the direction of approaching the zero level
of the signed distance map (denoted by �m) corresponding to
the registered reconstructed shape.

IV. EXPERIMENTAL RESULTS

A. Experimental Setups

In order to evaluate the proposed method, we have con-
ducted a set of experiments on twelve challenging sequences,
as shown in Fig. 7. These video sequences are all captured

Fig. 8. Parameter σ1 sensitivity test on Lemming sequence. The overall
performances of these settings of σ1 behave similarly. This parameter is
insensitive and can be tuned in a limited range.

by moving cameras, including the most challenging factors in
contour-based visual tracking: noise disturbance, background
clutter, motion blur, appearance change, large shape deforma-
tion, partial or complete occlusion, etc [48]–[51]. For each
sequence, the first frame is used to initialize the appearance
model and the first 30 frames are used to learn the NMF-based
shape prior. The initial contour obtained manually is used to
assign each SP the corresponding label (indicating the object
or background class). Then the SPs with labels are further
used to learn the distance metric.

The proposed tracking algorithm is implemented in
MATLAB on a workstation with Intel Core 3.3 GHz CPU
and 3.88 GB RAM. The parameter configuration of our exper-
iments is listed as follows. For each SP, we extract 125D Hue,
Saturation, Intensity color histogram and 30D local binary pat-
tern histogram features. The nearest neighbor parameter k and
bandwidth parameter σ1 in KDE are set as 10 and 0.15, respec-
tively.1 The number of basis images [p in (16)] is set to 92 and
threshold T for shape prior judgement is between the range of
20 and 30. Note that the aforementioned parameters are fixed
for all the sequences. In order to further improve the nearest
neighbor searching efficiency, we utilize the ANN (a library
for approximate nearest neighbor searching) in our experi-
ments.3 The average runtime of our method is about 2.53 s
per frame.

In order to demonstrate the effectiveness of our proposed
method, we compare it with other state-of-art methods. They
are referred to as AdaBoost-based level (ADL) set method [7],
SP tracking (SPT) [30]) and our previous work SP-driven
level (SPDL) set method [16]). To quantitatively evaluate these
methods, we introduce an accuracy score (Ascore) based on
PASCAL visual object classes (VOC) overlap ratio (between
the ground truth contour Cgt and the tracking contour Ct), such
that Ascore = (area(Cgt ∩ Ct))/(area(Cgt ∪ Ct)). If the accu-
racy score is larger than a threshold, then it is considered as
successful tracking.

1Parameter k is determined based on the number of the segmented SPs N
(k ≈ N/50) and tuned in a small range via cross validation. Parameter σ1
is adaptively determined by averaging the distances between all the training
samples and their corresponding top k-nearest neighbors. σ1 can be tuned in
a limited range, the sensitivity test is shown in Fig. 8

2According to [41], p is chosen so that (m + n)p < mn, where m and n
denote the dimensions of the data matrix.

3http://www.cs.umd.edu/∼mount/ANN/

http://www.cs.umd.edu/~mount/ANN/
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Fig. 9. Illustration of performance comparison by incrementally adding
components in our method. (a) Lemming sequence. (b) Diving sequence.

B. Empirical Results

In this section, we present the effect of key components in
our method as well as some comparisons with other state-of-art
methods.

1) Performance Comparison by Incrementally Adding
Components: In order to demonstrate the effectiveness of
DML and shape prior, we design a set of experiments by
adding these two components incrementally and compare the
tracking results accuracy. In this task, three cases are com-
pared. First, neither of the metric learning and shape prior
is considered. Second, the metric learning is involved when
computing the confidence map but without considering the
shape prior. Third, both metric learning and shape prior are
considered in our method. Fig. 9 shows the accuracy compar-
ison curves. Two challenging sequences are tested. Lemming
sequence [Fig. 9(a)] is to track a Lemming toy with back-
ground clutter, motion blur and large variation of scale. Diving
sequence [Fig. 9 (b)] is to track a Diving player. When the
player is falling down and flipping, the appearance and the
pose keep changing. The method with DML obtains the more
accurate results compared with the one without considering
DML when confronted with challenging situations such as
noise disturbance, fast motion blur, pose change, etc. However,
the appearance-based model is still not robust to serious noise
disturbance. Thus, with the shape constraint, the contour is
evolved within the limited region, the probability of drift has
been decreased. Our method considering both of the two com-
ponents is more robust to large pose change and serious noise
disturbance.

2) Evolution Efficiency Comparison by Superpixel and
Pixel: The objective of this task is to evaluate the evolution
efficiency of three kinds of methods, including pixel-based,
SP-based without DML and our SP-based with DML. For a
fair comparison, we utilize the same initial contour and same

TABLE II
COMPARISON OF ACTUAL RUNTIME BY THE THREE METHODS

experimental configurations on the same frame. The level set
iteration time step ∂t is set as 0.5. Contour evolution is con-
ducted based on the confidence maps obtained by these three
methods. Fig. 10(f) shows comparison of the iteration times
among the three methods (distinguished by different color). In
Fig. 10(f), the horizontal axis is the level sets iteration times,
and the vertical axis denotes the accuracy score of the level set
evolution result. For intuitive display, we put the result image
next to its corresponding node. The initial contour (in yellow
color) and the evolution result are shown in the same image.
From the shown results, we can find that by our SP-based with
DML method (red color), only with 15 iterations, the level sets
iteration process is converged. However, the SP-based with-
out DML method (blue color) needs an extra ten iterations to
converge to the relative accuracy. Among the three methods,
the pixel-based method (green color) takes the most iteration
times for convergence. Besides, this kind of method easily
suffers from the over-iteration nonsteady problem, from 30 to
45 iterations, the accuracy rate is decreasing on the contrary.
We list the actual CPU runtime comparison among the above
three methods in Table II. To obtain the same accuracy score
Ascore, our SP and DML-based method has the highest evo-
lution efficiency. With respect to the case Ascore = 0.9, the
other two methods can not reach this accuracy. The confidence
maps corresponding to the three methods are also shown in
Fig. 10(c)–(e). The map obtained by our method [Fig. 10(e)]
is more accurate and cleaner and the number of ambiguous
SPs (the score is around zero) is decreased greatly. Overall,
the mid-level representation (SP) is more discriminative than
the pixel representation. With metric learning, both intraclass
compactness and interclass separability of SPs are improved.
The accurate confidence map facilitates the subsequent contour
evolution efficiency.

3) Evaluation of Different Appearance-Based Speed Forces:
Here, we aim to examine the performance on contour evolution
by three different appearance driven speed forces. For a fair
comparison, the initial contour is only evolved based on the
confidence map and no other constraint is incorporated. Three
methods are evaluated. They are mean-shift clustering-based
method [30], Gaussian mixture model-based method [6] and
ours, respectively. Fig. 11 shows the performance comparison
among the above three methods on two sequences. From the
results we can find our proposed speed force is superior to the
other two ones in the classification accuracy, resulting in the
higher contour evolution accuracy.

4) Sensitivity: Moreover, We have designed two experi-
ments to evaluate our tracker’s sensitivity to the initialization
and parameter selection. In the first experiment, we consider
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Fig. 10. Illustration for confidence map and number of iterations comparison. (a) Context region surrounding the object. (b) SP segmentation result of (a).
(c) Obtained confidence map based on pixel. Confidence map based on the SP (d) without metric learning and (e) with metric learning. (f) Accuracy comparison
of different number of iterations by the three methods.

TABLE III
QUANTITATIVE COMPARISON RESULTS OF FOUR TRACKERS OVER THE TWELVE VIDEO SEQUENCES.

THE NUMBERS DENOTE THE SUCCESS RATES. VOC THRESHOLD IS 0.6

(a) (b)

Fig. 11. Performance comparison of three appearance-based speed forces.
(a) Nemo sequence. (b) Single-skating sequence. The horizontal axes are the
accuracy score intervals and the horizontal axes correspond to the number of
frames fallen into each interval.

three different initialization situations, as shown in Fig. 12.
The initial contour (denoted by the yellow color) and the
corresponding evolution result (denoted by the red color) are
depicted in the same frame. The three cases are: a) the ini-
tial contour encloses part of the object; b) the initial contour
encloses the whole object; and c) the initial contour is far

away from the object. From this experiment, we can find that
our method is not sensitive to the contour initialization. In
the second experiment, we evaluate the influence of two key
parameters in our proposed method. The one parameter is the
number of SPs. It is used to decide how many SPs needed
to be segmented. The selection of this parameter may gener-
ate different confidence maps, leading to different level sets
evolution results. The other parameter is the buffer size for
object and background training sets. This one is composed
of |Tobj| and |Tbac|, respectively, corresponding to the over-
all number of the samples in object and background sets. In
order to evaluate how these parameters influence the track-
ing performance, we run our tracker by considering different
values for the above parameters in a reasonable range with
other parameters fixed. As shown in Fig. 13(a), we set the
number of SPs to 500, 600, and 700. Their corresponding
tracking accuracy scores are not changing obviously from each
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Fig. 12. Initialization sensitivity test on the Nemo and Lemming sequences.
Three cases corresponding to three columns are considered. (a) Nemo
sequence. (b) Lemming sequence.

Fig. 13. Parameter sensitivity test on the Nemo sequence. (a) Parameter: the
number of SPs. (b) Parameter: the buffer size for training sets.

other. For the buffer size parameter, we consider three cases:
case1 (|Tobj| = 800, |Tbac| = 1600); case2 (|Tobj| =
1200, |Tbac| = 2400), and case3 (|Tobj| = 1000, |Tbac| =
2000). From Fig. 13(b), we can find that the performance of
different parameters behave similarly. The tracking results are
not sensitive to the above parameter selection.

5) Comparison With Other State-of-Art Methods: We com-
pare our proposed method with other state-of-art methods
including ADL [7], SPDL [16], and SPT [30] both qualita-
tively and quantitatively. ADL uses an on-line AdaBoost to
train a strong classifier on pixels. Edge information is con-
sidered during the level set evolution process. SPDL proposes
a SPDL set tracker without considering metric learning and
on-line shape priors. SPT obtains the SP confidence map
based on mean-shift clustering, and according to this confi-
dence map, we conduct the subsequent tracking by level set
method. Fig. 14 shows the tracking results by the four trackers
on six sequences. Fig. 15 plots the frame-by-frame accuracy

score by the four trackers on the twelve video sequences.
In Table III, we report the success rates of the four trackers
over the twelve video sequences. The following scenarios are
compared.

a) Simple scenario: In this case, there exists obvious
appearance difference between the object and the background.
The color distribution of the object is simple with the clean
background. The Elmo sequence (shown in Fig. 7) contains
a toy Elmo moving with a very clean background. From
the accuracy curve comparison result (shown in Fig. 15),
the four trackers perform well with the similar accuracy.
Even with some frames, the pixel-based ADL method has
a higher accuracy compared with SP-based methods in the
simple case.

b) Background clutter and large variation of pose: In the
Nemo, Monkey, Basketball, Single-skating, Woman, and Ex-
sports sequences, objects move in the cluttered background,
due to a large variation in pose, the shapes of these objects
change. From the qualitative (Fig. 14) and the quantitative
(Fig. 15) comparison results, we can find that our method
is more robust to pose variation and background disturbance.
Both ADL and SPT trackers are more sensitive to the noise.
Even for the Monkey and Ex-sports sequences (observed from
Fig. 15), the SPT method drifts away from the target region
into the background region in frame 234 and 24, respec-
tively. In both sequences, there exists abrupt motion resulting
in the large pose changes: the Monkey is jumping abruptly
and rotating around the electrical wire; the skateboarder is
performing a flip trick. Because of the inaccurate mean-shift
classification results, some background SPs are included in
the object cluster gradually, thereby rendering imprecise track-
ing results. SPDL (without considering metric learning) is less
effective in accounting for background disturbance and large
pose changes.

c) Serious motion blur and heavy occlusion: Another
five challenging video sequences are tested to further eval-
uate the proposed method (shown in Figs. 14 and 15).
In the Lemming and Indoor sequences, the appearance of
some region of the background is very similar to the object.
Especially for Lemming sequence, there exists nearly complete
occlusion between frame # 335 to frame # 355. Moreover,
in the Lemming and Liquor sequences, objects are moving
abruptly and fast, resulting very serious motion blur. The
Diving sequence contains a player falling down fast and flip-
ping over with appearance change as well as large shape
deformation. The target in the Girl sequence undergoes heavy
occlusion by a similar-colored object for a long time. Once
we detect the area of external speed-driven tracking contour
is smaller than a threshold (set to be 200 in our experi-
ments), which means the heavy occlusion is happening. Then
the updating for appearance model and shape prior model
will stop, and the previous result is considered as the cur-
rent result. Since our SP-based appearance model with metric
learning is able to decrease the influence from the background
noise. Furthermore, fusion of the NMF-based shape prior is
effective in recovering our tracker from drift after occlusion.
These above factors along with the heave occlusion handling
mechanism make our method more robust to such challenges.
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Fig. 14. Tracking results on six sequences. From left to right, from top to bottom, they are Nemo, Monkey, Basketball, Single-skating, Lemming, and Girl
sequences. Each block stands for one sequence. The results by ADL, SPDL, SPT, and our tracker are listed in row. For each sequence, the first row is the
result by ADL, the second row is by SPDL, the third row is obtained by SPT, and the last one is by ours.

Table III reports the success rate comparisons of the four
methods over the twelve video sequences. We observe that
our proposed tracking method achieves the best tracking
performance on most video sequences.

C. Discussion

Overall, the proposed tracking algorithm has the follow-
ing properties. First, by adopting the DML, the intraclass
compactness and interclass separability of SPs are improved.
The obtained confidence map with obvious contrast between
the foreground and the background can facilitate the sub-
sequent contour evolution, as shown in Fig. 9. Second, the

number of level set iterations has been decreased greatly
with SP representation, thus, the initial contour is evolved
to enclose the object with a higher efficiency, as shown in
Fig. 10. Third, fusion of NMF-based shape prior can avoid the
contour evolution arbitrarily and alleviate the drifting prob-
lem, as verified in Fig. 9. Fourth, the performance of our
mutual information-based discriminative criterion is illustrated
in Fig. 11. Last, compared with other state-of-the-art meth-
ods, our tracker is capable of effectively and robustly handling
the following challenging situations: background disturbance,
motion blur, large shape changes, occlusion, etc., as shown in
Figs. 14 and 15 and Table III.
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Fig. 15. Quantitative comparison of ADL, SPDL, SPT, and our tracker on twelve video sequences corresponding to Elmo, Diving, Basketball, Lemming,
Girl, Indoor, Monkey, Ex-sports, Nemo, Single-skating, Liquor, and Woman.

V. CONCLUSION

In this paper, we have proposed a robust level set tracker
consisting of a SP-driven speed function. We have shown
that the use of SPs provide flexible and effective mid-level
cues, which are incorporated in an appearance model to dis-
tinguish the foreground and the background. Moreover, to
further improve the discriminative capacity, DML is combined
to capture the intrinsic affinity between feature dimensions. We
have also empirically proved that the NMF-based shape model
can capture the certain details and the on-line version with a
designed weighting schema is tailored for incrementally updat-
ing the model to reflect the shape changes. Compared with a
few state-of-the-art trackers on twelve challenging sequences,
both qualitative and quantitative experimental results have ver-
ified that our proposed method is more effective and robust
to large appearance changes, pose variations, motion blur,
occlusion, etc.
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