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Structure information has been increasingly incorporated into computer vision, however most trackers
have ignored the inner spatial structure of the object. In this paper, we develop a simple yet robust track-
ing algorithm based on local structural cell graph (LSCG). This approach exploits both partial and spatial
information of the target via representing the object with local structural cells (LSCs) and constructing a
graph to model the spatial structure between the inner parts of the object. The tracking is formulated as
matching LSCG, whose nodes are target parts and edges are the interaction between two parts. Within the
Bayesian framework, we achieve object tracking by matching graphs between the reference and candi-
dates. Eventually, the candidate with the highest similarity is the target. In addition, an updating strategy
is adopted to help our tracker adapt to the fast time-varying object appearance. Experimental results
demonstrate that the proposed method outperforms several state-of-the-art trackers.

� 2015 Elsevier Inc. All rights reserved.
1. Introduction

Visual tracking is an essential component of many applications
in computer vision, such as surveillance, human–computer inter-
action and robotics [1]. For robust object tracking, many different
methods have been proposed. Despite reasonably good results
from these approaches, some common challenges remain for track-
ing targets through complex scenes, e.g., when objects undergo sig-
nificant pose variations or other severe deformations, i.e., object
pose variations accompanied with long-term object partial occlu-
sions or object intersections. In order to handle these problems, a
wide range of appearance models for tracking have been presented
by researchers [2]. Roughly speaking, these appearance models can
be categorized into three types: based on visual representation
such as global feature-based representations [3–5,12,15] and local
feature-based representations [6–8,16]; based on statistical mod-
eling containing generative models [3,9–11,17] and discriminative
models [12,13,15,16]; based on structure information including
[14,18–20]. Although structure information has drawn increasing
interest in object recognition [20] and object detection [21,22],
much less attention is paid to it in visual tracking.
In this paper, we exploit effective and efficient structure infor-
mation for object tracking. Object is firstly segmented into super-
pixels. Then we construct the structural appearance model based
on the superpixel map of object. The structure information is gen-
erated by superimposing a rectangular grid on top of the super-
pixel map as shown in Fig.1(d). In the rectangular grid, each grid
is represented by its center point, which is annotated with the fea-
ture vector of the covered superpixel. Thus we obtain an undi-
rected graph G, whose nodes are the grid center points and edges
are the interactions between the grid points. Further, taking the
local relationship of the inner object parts into consideration, a
novel approach is proposed to construct the local structural cell
(LSC) for each grid point. We employ these local structural cells
(LSCs) to substitute the grid points in G and obtain a new local
structural cell graph G, whose nodes are the LSCs and edges are
the interaction between LSCs. Therefore, the appearances of object
parts and their relations are embedded into the local structural cell
graph (LSCG), and the tracking is viewed as matching LSCG in the
subsequent frames. Within the Bayesian inference framework,
we can track the object by the similarities of the local structural
cell graphs (LSCGs) between the reference and candidate targets,
and select the candidate with maximal similarity as the object.
Meanwhile, an online updating mechanism is used to adapt our
tracker to occlusions and deformations.

The contributions of this work are summarized as follows.
Firstly, we propose a novel appearance model LSCG to represent
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1 The surrounding region is a square area centered at the location of target Xc
t , and

its side length is equal to ks½Xt
s�

1
2 , where Xc

t represents the center location of targe
region Xt and Xs

t denotes its size. The parameter ks is a constant variable, which
determines the size of this surrounding region.
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the target, in which both the spatial and structural relationship is
considered in the inner object parts. Secondly, a tracking method
based on LSCG is proposed and implemented via the Bayesian
framework. Finally, an intuitive and effective updating mechanism
is introduced to improve robustness of the tracker in presence of
appearance changes.

2. Related work

General tracking approaches can be categorized into either gener-
ative or discriminative models [2], however, only a few trackers take
structure information into consideration. The discriminative methods
regard tracking as a classification problem which aims to best sepa-
rate the object from the ever-changing background. These methods
employ both the foreground and background information. Avidan
[23] proposes an ensemble tracker which treats tracking as a
pixel-based binary classification problem. This method can distin-
guish target from background, however the pixel-based representa-
tion needs more computational resources and thereby limits its
performance. In [7], Grabner et al. present an online boosting tracker
to update discriminative features and further in [24] a semi-online
method is proposed to handle drifting problem. Kalal et al. [25] intro-
duce a P-N learning algorithm to learn effective features from positive
and negative samples for object tracking. This tracking method never-
theless is prone to induce drifting problem when structure variations
of object occur. Babenko et al. [12] utilize the multiple instance learn-
ing (MIL) method for visual tracking, which can alleviate drift to some
extent. Whereas the MIL tracker may detect the positive sample that is
less important because it does not consider the sample importance in
its learning process. Further in [26], Zhang et al. propose the online
weighted multiple instance learning (WMIL) by assigning weight to
different samples in the process of training classifier. Nevertheless,
the above methods undermine the robustness to occlusion and
non-rigid distortion ignoring structure information.

The generative models formulate the tracking problem as
searching for regions most similar to object. These methods are
based on either subspace models [3] or templates [4,17]. To solve
the problem of appearance variations caused by illumination or
deformation, the appearance model is updated dynamically. In
[3], the incremental visual tracking method suggests an online
approach for efficiently learning and updating a low dimensional
PCA subspace representation for the object. However, this PCA sub-
space based representation scheme is sensitive to partial occlusion.
Adam et al. [4] present a fragment-based template model for visual
tracking. Kwon et al. [17] decompose the appearance model into
multiple basic observation models to cover a wide range of illumi-
nation and deformation. Similarly, the ignorance of structure infor-
mation results in bad performance in deformation and occlusion.

Recently, several part-based tracking methods have been pro-
posed [4,18,19]. In [4], the object is segmented into several frag-
ments to construct appearance model, while this model does not
consider the geometry relations between parts. Kwon et al. [18]
use SIFT descriptor to generate parts, which is very unstable, and
the tracking results usually consist of bad tracked parts. The
tracker in [19] generates parts by oversegmenting the target into
superpixels. This method formulates tracking task as figure/ground
segmentation and models superpixels correspondence with CRF
during the process of segmentation, whereas the high complexity
of CRF constraints its further application in object tracking.

Another work similar to ours is [6], in which only a probability
map of superpixels is constructed to distinguish the target from
background without consideration of structure information, which
is easy to cause tracking drift in color-similar background. In our
work, we take structure information of target appearance into
account, which enables our tracker to robustly track object in pres-
ence of occlusions and deformations.
3. Structural appearance model

In this section, the structural appearance model for tracking is
presented. Section 3.1 introduces the process of constructing
LSCG and the LSCG method is illustrated in Section 3.2.

3.1. Local structural cell graph (LSCG)

For the rectangular region R (target region) in one frame (See
Fig. 1(a)), we firstly extract the surrounding region1 of the target
and segment it into superpixels via SLIC [28] (see Fig. 1(b) and (c)).
A rectangular grid H is then utilized to superimpose on the super-
pixel map of the target area M (see Fig. 1(d)), which segments object
into several uniform blocks. In the rectangle grid, each grid block is
denoted by its center point, which is related to the feature vector of
the covered superpixel. Assume that the rectangular grid H consists
of m� n grid points, and the collection of these points is represented
by X ¼ gijji ¼ 1;2; . . . ;m; j ¼ 1;2; . . . ;n

� �
, where gij denotes grid

point. Taking spatial relation between the grid points into account,
we can construct an undirected graph G ¼ ðX;EÞ, where X is the
node set and E represents the edge set between adjacent nodes

respectively (see Fig. 1(e)). The E is defined as E ¼ eðijÞðklÞjði� kÞ2þ
n

ð j� lÞ2 6 r2
o

, where r represents the distance (i.e., the radius of

the cell node in local structural cell graph). For each node gij in G,
we select the associated superpixel from the superpixel map M.
Specifically, let spij ¼MðpijÞ represent the covered superpixel
of the grid gij located at position pij. For gij, the feature vector
f ij of the superpixel spij is used to represent its feature vector. The
collection of these feature vectors is specified by F ¼

f ijji ¼ 1;2; . . . ;m; j ¼ 1;2; . . . ;n
� �

.
In order to further exploit local spatial relationship between

inner object parts, we define the local structural cell (LSC). For each
node gij in G, its LSC cij is represented by its node members

gc
ij ¼ fgijg [ fghkjðh� iÞ2 þ ðk� jÞ2 6 r2g, node member features

f c
ij ¼ ff ijg [ ff hkjðh� iÞ2 þ ðk� jÞ2 6 r2g and local interactions of the

node members (see Fig. 1(f)), where r is radius of the cell node.
We utilize LSCs to replace the nodes in G, and a new LSCG

G ¼ ðV; EÞ is obtained (see Fig. 1(g)), where V ¼ gc
ijji ¼ 1;2; . . . ;m;

n
j ¼ 1;2; . . . ;n

o
is the cell node set and E is the edge set representing

the interactions between cell nodes in G. The spatial structure infor-
mation of the target is thus encoded in the proposed appearance
model through G.

3.2. Similarity of local structural cell graph

In graph matching, a key aspect is how to measure the similarity
between two undirected graphs. Two crucial problems exist in this
process: (1) The instability of undirected graph and (2) the criteria
for evaluating the correspondence between undirected graphs. In
general, the object parts are represented by nodes in graph. As the
target is non-rigid and deformable, the number of nodes is change-
able. Even worse, some nodes in the graph may disappear, other
new nodes may be generated and the spatial structure relation
between nodes are mutable due to object appearance variations,
which greatly constrains the application of graph model in com-
puter vision. In addition, there are lack of effective criterias and
methods to measure the similarity between graphs.

To solve the problems, we exploit both partial and spatial
t



Fig. 1. Process of constructing LSCG appearance model. (a) Select target region in the frame. (b) Extract surrounding area of the object. (c) Segmentation results of (b). (d)
Superimpose a rectangular grid on the superpixel map of the target. (e) Design the undirected graph. (f) Develop LSC for each grid node in (e). (g) Construct LSCG.
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information of the target via representing the object with local
structural cells (LSCs) and constructing a local structural cell
graph (LSCG) to model the spatial structure between the inner
parts of the object. The tracking task is formulated as LSCG graph
matching in Bayesian framework. In LSCG, the relative position of
each node and node number are fixed, which ensures the stability
of graph structure. When computing the similarity between
graphs, we compare the corresponding node pairs and edge pairs
between the two graphs. When occlusions or deformations hap-
pen, some cells may be corrupted, which leads to failure match
between certain node pairs or edge pairs. However, our local
structural cell graph (LSCG) can handle these cases. Because of
the stability structure of LSCG, the matching can be divided into
corresponding node matching and edge matching as shown in
Fig. 2(e). During matching, we firstly detect the matching degree
of each node pair. In the presence of occlusions and deformations,
although certain node pairs or edge pairs are invalided, others can
be matched successfully, and the similarity between two graphs is
obtained with the matched pairs. The process of handling occlusions
or deformations can be illustrated in Fig. 2. However, other
graph-based methods view object as an undirected graph. As the tar-
get is non-rigid and deformable, the number of nodes is changeable.
Even worse, some nodes in the graph may disappear, other new
nodes may be generated and the spatial structure relation between
nodes are mutable due to object appearance variations. It is difficult
to match two undirected graphs for object tracking.

In order to match two graphs, we need to expand the undi-
rected graph LSCG to the weighted undirected graph. Let graph

G ¼ fV;Wg and graph G0 ¼ fV0;W0g, where V ¼ fv igN
i¼1 and

V0 ¼ fv 0ig
N
i¼1 are the node sets, W ¼ fwijgN

i;j¼1 and W0 ¼ fw0ijg
N
i;j¼1

denote the weighted edge sets in G and G0 respectively. The ele-
ment wij of W is used to indicate interaction between nodes v i

and v j and can be defined via

wij ¼
expð�kf c

i � f c
j k

2
2Þ; v i and v j are adjacent cell nodes

0; otherwise

(
ð1Þ
Fig. 2. The illustration of LSCG matching. Image (a) is the target in frame t, and (b) is the c
the LSCG of the object with some nodes being invalided. Image (e) illustrates the matchi
LSCG, and the green solid dots are the occluded nodes. The green and blue solid curled
dotted curled lines are the invalided pair match, which are not counted in computing mat
reader is referred to the web version of this article.)
where f c
i and f c

j are the vector features of v i and v j in G respectively.
Similarly, w0ij can be gotten by Eq. (1).

For the arbitrary node pair ðv i;v 0iÞ in G and G0, we utilize di to
indicate how well these two nodes are matched, which is obtained
through

di ¼ expð�kf c
i � f c0

i k
2
2Þ ð2Þ

Virtually, some nodes in the graph may be invalid due to deforma-
tions and occlusions, which undermines graph matching (see
Fig. 2(e)). We use qi 2 f0;1g to denote the matching degree of node
pair ðv i;v 0iÞ, and it can be determined by a threshold Dth through

qi ¼
1; di P Dth

0; di < Dth

�
ð3Þ

where if qi equals to 1, the node pair ðv i;v 0iÞ is valid, otherwise inva-
lid. In the graph, the edges are much dependent on nodes. If the
nodes are invalid, it is meaningless to match the edge pairs.
Therefore, the match similarity zij for edge pair ðwij;w0ijÞ can be
obtained by the edge weight via

zij ¼ qi � qj � exp �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðwij �w0ijÞ

2
q� �

ð4Þ

In this work, the graph matching is divided into node matching
and edge matching. Thus the similarity CðG;G0Þ between graphs G
and G0 can be represented via

CðG;G0Þ ¼
XN

i¼1

qi � di þ
XN

i¼1

XN

j¼1

zij ð5Þ

Through LSCG appearance model, we can represent the object
via a stable graph. With the help of LSCG matching method pro-
posed in this paper, it is easy to locate object among the candidates
under different scenes (e.g., partial occlusion, deformation and
background clutter). For each candidate, we can get a similarity
score via matching, and the one with the maximal similarity is cho-
sen to be the target. Fig. 3 illustrates the whole process.
onstructed LSCG of the target in (a). In (c), the object is occluded partially, and (d) is
ng process in the presence of occlusions. The pink solid dots represent the nodes in
lines are node pair match and edge pair match respectively, while green and blue
ch similarity. (For interpretation of the references to colour in this figure legend, the



Fig. 3. Similarities between the reference and candidate objects. The reference is manually selected by a red rectangle in (a). In (b), the target undergoes deformation, and we
sample some candidates by rectangles with different color. Through LSCG matching, the red frame with the maximal similarity value among all the candidates is determined
to be the object as shown in (e). The target is severely occluded in (c) and (d) respectively. Likewise, we sample some candidates and compute their similarity values via
matching with the reference. The red rectangles in (f) and (g) indicate the tracked object. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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4. Proposed tracking algorithm

During the tracking process, the LSCG is a stable structure graph
model (See Fig. 4), and thus the tracking task can be formulated as
tracking LSCG. In this section, we will introduce our LSCG tracker.
Section 4.1 describes the tracking formulation in this work, and an
online dynamic updating mechanism is presented in Section 4.2.

4.1. Tracking formulation

Our tracker is implemented within the Bayesian inference
framework. Given the observation set of target Yt ¼ y1; y2; . . . ;f
ytg up to the frame t, we can obtain estimation bXt by computing
the maximum a posterior viabXt ¼ argmax

Xi
t

pðXi
tjY

tÞ ð6Þ

where bX t denotes the i-th sample at the state of Xt . The posterior

probability pðXi
tjY

tÞ can be obtained by the Bayesian theorem recur-
sively via

pðXt jYtÞ / pðytjXtÞ
Z

pðXt jXt�1ÞpðXt�1jYt�1ÞdXt�1 ð7Þ

where pðXt jXt�1Þ and pðXt�1jYt�1Þ represent the dynamic model and
observation model respectively.
(a)

Fig. 4. During the tracking process, the structure of the LSCG appearance model keeps sta
of the LSCG. The pink solid dots denote LSC nodes in the LSCG.
The dynamic model indicates the temporal correlation of the
target state between consecutive frames. We apply affine transfor-
mation to model the target motion between two consecutive
frames within the particle filter framework. The state transition
can be formulated as

pðXtjXt�1Þ ¼ NðXt ; Xt�1;WÞ ð8Þ

where W is a diagonal covariance matrix whose elements are the
variance of affine parameters. The observation model pðyt jXtÞ repre-
sents the probability of the observation yt as state Xt . In this paper,
the observation is designed by

pðyt jXtÞ / CtðG;GtÞ ð9Þ

where the right side of the equation denotes the similarity between
the candidate and the target based on the LSCG tracking. With the
template updating, the observation model can robustly adapt to
the appearance change of the target.

4.2. Online update

In this paper, a novel updating mechanism is proposed for LSCG
to avoid the drift caused by occlusions and deformations. We
update each LSC node alone to complete the updating of LSCG.
An intuitive and effective strategy is adopted here. For each LSC
node in LSCG, it is much dependent on its member grid points.
(b)

ble and unchangeable. (a) Shows the tracking process and (b) is the spatial structure



Table 1
The tracking sequences used in our experiments.

Sequences Frames Main challenges

Basketball 725 Occlusion, Scale changes, Background clutter
Bicycle 271 Occlusion, Scale changes, Scale changes
Bolt 350 Occlusion, Deformation, Background clutter, Scale

changes
Cup 303 Background clutter, Scale changes
Deer 71 Fast motion, Motion blur
Face 415 Occlusion
Gymnastics 767 Deformation, Scale changes
Iceskater 445 Deformation, Scale changes
Jogging 307 Deformation, Occlusion, Scale changes
Lemming 1336 Motion blur, Occlusion, Illumination Variations, Scale

changes
Liquor 1500 Occlusion, Background clutter
Woman 551 Occlusion, Scale variation, Pose change, Scale changes
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For i-th node v i in G, we assume it consists of L grid nodes
fgjg

L
j¼1

. For each grid node gj , f ij denotes its feature vector (f ij is ini-

tialized to f 1
ij) and f t

ij represents its feature vector in frame t. Then

we can compute their similarity Ht
ij as follows

Ht
ij ¼ exp �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXB

b¼1
ðf ijðbÞ � f t

ijðbÞÞ
2

r !
ð10Þ

where B is the bin number of feature vector. We define two states
for each grid node: live and dead. For grid node gj of v i in frame t,

its state is based onHt
ij. A threshold k is set to determine its state via

Ht
ij P k live

Ht
ij < k dead

(
ð11Þ

Intuitively the more the live member grid points are, the more
useful the LSC nodes are for LSCG matching. Based on the rate of
live grid points, we use the weight wt

i to measure the i-th LSC node
v i of LSCG in frame t. Let Nt

il and Nt
id be the number of live and dead

grid points the LSC respectively, and the definition of weight wt
i is

given by

wt
i ¼

Nt
il

Nt
il þ Nt

id

ð12Þ

For each v i in G, let f c
i1 denote its initial feature vector, f c

it denote
its feature vector in frame t and f c

i represent its feature vector. The
feature vector f c

i is constructed as a combination of the feature vec-
tor f c

i1 and f c
it according to the weight wt

i through

f c
i ¼ f c

i1 � ð1�wt
i Þ þ f c

it �wt
i ð13Þ

By taking this updating strategy, our LSCG can robustly adapt to the
occlusions and deformations.

So far, we have introduced the overall procedure of the pro-
posed tracking method, and we implement it as shown in
Algorithm 1.

Algorithm 1. Tracking based on proposed method.

Initialization:
1 Extract the surrounding region of target and segment it into

superpixels;
2 Establish a rectangular grid H superimposing on the target

area;
3 Develop undirected graph G and feature vector collection F

based on Section 3.1;
4 Construct initial LSCG G for the target according to

Section 3.1;
5 Initial LSCG of object Gc ¼ G;

Tracking:
6 for t ¼ 2 to the end of the sequence do
7 Generate K candidate targets within the framework of

particle filter;
8 for k ¼ 1 to K do
9 Construct LSCG Gt

k for the k-th candidate object;
10 Compute the similarity Ck between Gc and Gt

k based on
Section 3.2;

11 end for
12 K ¼ argmax

k
Ck

13 The K-th candidate target is chosen to be the object;
14 Update LSCG Gc of target with the tracking result

according to Section 4.2;
15 end for

End
5. Experimental results

In order to evaluate the performance of our tracking algorithm,
we test our tracker on twelve challenging image sequences. These
sequences cover most challenging situations in visual tracking as
shown in Table 1. For comparison, we run eight state-of-the-art
tracking algorithms with the same initial position of object.
These algorithms are ‘1 tracking [9], Frag tracking [4], IVT tracking
[3], MIL tracking [12], TLD tracking [16], CT tracking [15], OAB
tracking [13] and SPT tracking [6] approaches. Some representative
results are shown in this section.
5.1. Parameter

The proposed algorithm is implemented in MATLAB on a
3.2 GHz Intel E3-1225 v3 Core PC with 8 GB memory. The param-
eters of the proposed tracker are fixed in all experiments. The num-
ber of particles in Bayesian framework is set to 300–500. The
resolution of superpixels is empirically fixed to 300 in our work.
The parameters m and n are based on initial rectangle of the target.
In the rectangle, the size of grid block is fixed to 10� 10. Thus m
and n can be gotten by m ¼ width=10 and n ¼ height=10 , where
width and height are the initial size of the object. The parameter
ks and radius r in Section 3.1 are set to 1.5 and 1 respectively in
all the experiments. The bin number B in Eq. (11) is set to 8. The
threshold Dth in Eq. (4) is set within [0.3, 0.5]. The threshold k in
Eq. (12) is fixed to 0.4.
5.2. Discussions

In order to study the influence of the parameters in our tracking
approach, we test two parameters most concerning the perfor-
mance of the tracking method, which are grid block size and cell
radius r. We change the parameters to obtain different tracking
results and give detailed analysis based on these results in the
following.
5.2.1. Influence of grid block size
We test four kinds of grid block size: 5� 5;10� 10 and 15� 15.

If the grid block size is too small, the number of grid points is too
many and they are close to each other. In consequence, the local
structural cell constructed is less discriminative. If the grid block
size is too large, the number of grid points is too less and they can-
not extract enough information. Therefore using middle-size is



Table 5
Average overlapping rate (OR). Red fonts indicate the best performance while the blue
fonts indicate the second best.

Table 2
Influence of grid block size (average center location errors).

5� 5 10� 10 15� 15

Basketball 12.36 4.93 9.54
Bicycle 7.6 4.40 9.2
Bolt 21.1 6.70 30.5
Cup 5.6 2.60 6.4
Deer 45.6 7.43 13.5
Face 5.61 4.38 6.87
Gymnastics 7.5 8.11 15.4
Iceskater 23.4 18.63 21.54
Jogging 10.5 9.08 24.2
Lemming 21.2 5.44 35.6
Liquor 7.86 5.26 10.54
Woman 9.8 6.13 45.6

Average CLE 15 7.01 19.07

Table 3
Influence of cell radius (average center location errors).

r ¼ 0 r ¼ 1 r ¼ 2

Basketball 15.4 4.93 11.5
Bicycle 3.8 4.40 17.9
Bolt 16.5 6.70 24.21
Cup 4.61 2.60 10.54
Deer 9.54 7.43 21.14
Face 8.69 4.38 11.6
Gymnastics 19.87 8.11 30.4
Iceskater 25.64 18.63 40.62
Jogging 14.21 9.08 13.6
Lemming 10.56 5.44 14.6
Liquor 12.4 5.26 8.6
Woman 8.9 6.13 28.6

Average CLE 12.51 7.01 19.44
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reasonable. Table 2 shows a comparison among results of different
sizes of the grid block (from column 2 to column 4).
5.2.2. Influence of cell radius
We test three kinds of cell radius: 0, 1 and 2. If the cell radius r is

0, each LSC contains only one grid node and there will be no edge
match similarity in LSCG match. If r is 1, each LSC contains a center
grid node and its adjacent nodes. In this case, LSC is stable. If r is 2,
each LSC consists of too many grid nodes, which leads to mutable
structure of LSC. Thus r ¼ 1 is suitable. Table 3 shows a comparison
among results of different values of the cell radius (from column 2
to column 4).
Table 4
Average center location errors (CLE) (in pixels) and average frame per second (FPS). The b
5.3. Quantitative comparison

We evaluate the above-mentioned trackers via overlapping rate
[27] as well as center location error, and the comparing results are
shown in Tables 4 and 5.

Fig. 5 shows the center location error of utilized tracker on
twelve test sequences. Overall, the tracker proposed in this paper
outperforms the state-of-the-art algorithms.

5.4. Qualitative comparison

5.4.1. Heavy occlusion
The targets in the sequences Face, Bicycle, Woman and Liquor

undergo severe occlusion as shown in Fig. 6(a). It is difficult for
IVT and CT to locate the object because they do not have any mech-
anism to resist heavy occlusion. Although MIL, ‘1, OAB, TLD and Frag
are robust under occlusion, they still do not have a good perfor-
mances in these sequences because they are prone to update back-
ground into target and drift away. SPT can basically track the target
in these sequences, however, it shrinks to the non-occluded parts of
the target since the inner structure information of the object has not
been appropriately taken into account. LSCG can keep the inner
structure of the target, thereby our tracker robustly locate the target
even in heavy occlusion, as depicted in Fig. 6(a).

5.4.2. Deformation
Deformation is a challenge for tracker, because the template

features have completely changed when deformation occurs. As
shown in Fig. 6(b), MIL, CT, IVT, OAB, TLD and ‘1 do not have good
est result is shown in red and the second best in blue fonts.
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Fig. 5. Quantitative evaluation in terms of center location error (in pixel). The proposed method is compared with eight state-of-the-art algorithms on twelve challenging test
sequences.
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performances in the sequences Gymnastics, iceskater, Bolt and
Jogging. Differently, Frag and SPT have relatively better tracking
results in these sequences, because part-based trackers are less
sensitive to structure variation than holistic appearance.
Whereas, the lack of effective updating strategy still easily cause
drifting away even failure. Our tracker have obvious advantage in
handling structure deformation even in high frequency, since the
inner structure of the target is exploited carefully and with the
help of effective updating mechanism, our tracking method
robustly adapts to the structure deformation.
5.4.3. Fast motion and motion blur
Fig. 6(c) demonstrates experimental results on two challenging

sequences (Deer and Lemming). Because the target undergoes fast
and abrupt motion, it is more prone to cause blur, which causes
drifting problem. It is worth noticing that the suggested approach
in this paper performs better than other algorithms. When motion
blur happens, our LSCG can still effectively represent the target
appearance at the level of superpixel. Besides, our updating mech-
anism can resist motion blur to some degree. Hence our tracker
will not be undermined by the abrupt movement.



Fig. 6. Tracking results on various challenging sequences.
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Table 6
Full comparison between SPT and the proposed tracker with average center location
errors (CLE) and frame per second (FPS).

SPT in [6] Ours

Lemming 7.38 5.44
Liquor 8.28 5.26
Singer1 5.64 10.15
Baskerball 4.82 4.93
Woman 12.22 6.13
Transformer 14.23 –
Bolt 6.85 6.7
Bird1 47.24 52.4
Bird2 17.54 27.1
Girl 10.34 8.11
Surfing1 48.12 –
Racecar 4.24 6.8

Average CLE 15.34 13.3

Average FPS 0.4 0.9
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5.4.4. Background clutter
The sequences Cup and Basketball in Fig. 6(d) are challenging

due to the background clutter and the target undergoes the scale
variation. Our tracker performs well in this sequence as the target
can be differentiated from the cluttered background with the use
of our LSCG model. In addition, the updating scheme is also robust
to the complex background.

5.5. Full comparison with robust superpixel tracking

In [6], Yang et al. propose a superpixel based tracking method
(SPT), which is similar to ours. Different from [6], however, the pro-
posed tracker takes advantage of local information of the object
and its spatial structure relationship to track the whole object.
Therefore the proposed tracker can still locate target in the pres-
ence of local occlusions or deformations. In order to fully compare
our method with the robust superpixel tracking in [6], we run our
tracker with the challenging sequences presented in [6] and com-
pare the tracking results between these two methods. The compar-
ison results are shown in Table 6.

5.6. Limitations

The proposed tracking method usually performs well in han-
dling challenging cases, however there exist some scenarios where
our tracker may fail to locate the object, as shown in Fig. 7. In
Fig. 7(a), our tracker can locate the object when it suffers from par-
tial occlusion (frame 23), nevertheless it is not able to deal with
long time full occlusion situation (frame 30 and 44). Although
Fig. 7. Two fai
the target reappears later (frame 56), the proposed tracker cannot
locate it for lack of a re-initialization mechanism. In Fig. 7(b), the
object undergoes serious deformation and scale change. In the
beginning, the appearance and scale of the object varies slightly,
our tracker can locate it accurately (frame 1, 11 and 31).
However, as the scale of the target thoroughly changes, which
leads to serious deformation (frame 68 and 104), our tracker fails
to keep the track of the object.
6. Conclusion

In this paper, we propose and demonstrate an effective and
robust tracking method based local structural cell graph at the
level of superpixel. In our tracker, structure information is taken
into consideration to construct LSCG appearance model. The target
tracking is interpreted as matching the candidate particle to the
target. Moreover, the online updating mechanism is presented to
robustly adapt to the occlusions and deformations. Quantitative
and qualitative comparisons with eight state-of-the-art methods
on twelve challenging image sequences demonstrate the robust-
ness of our tracker.

Acknowledgment

This work was supported by the Fundamental Research Funds
for the Central Universities (Program No. 2014BQ083).

References

[1] Y. Wu, J. Lim, M.H. Yang, Online object tracking: a benchmark, in: IEEE Conf. on
Computer Vision and Pattern Recognition (CVPR), 2013, pp. 2411–2418.

[2] X. Li, W. Hu, C. Shen, et al., A survey of appearance models in visual object
tracking, ACM Trans. Intell. Syst. Technol. 4 (4) (2013) 2411–2418.

[3] D.A. Ross, J. Lim, R.S. Lin, et al., Incremental learning for robust visual tracking,
Int. J. Comput. Vision 77 (1-3) (2008) 125–141.

[4] A. Adam, E. Rivlin, I. Shimshoni, Robust fragments-based tracking using the
integral histogram, in: IEEE Conf. on Computer Vision and Pattern Recognition
(CVPR), 2006, pp. 798–805.

[5] H. Wang, D. Suter, K. Schindler, et al., Adaptive object tracking based on an
effective appearance filter, IEEE Trans. Pattern Anal. Mach. Intell. 29 (9) (2007)
1661–1667.

[6] F. Yang, H.C. Lu, M.H. Yang, Robust superpixel tracking, IEEE Trans. Image
Process. 23 (4) (2014) 1639–1651.

[7] H. Grabner, H. Bischof, On-line boosting and vision, in: IEEE Conf. on Computer
Vision and Pattern Recognition (CVPR), 2006, pp. 260–267.

[8] J. Fan, Y. Wu, S. Dai, Discriminative spatial attention for robust tracking, in:
European Conference on Computer Vision (ECCV), 2010, pp. 480–493.

[9] X. Mei, H. Ling, Robust visual tracking and vehicle classification via sparse
representation, IEEE Trans. Pattern Anal. Mach. Intell. 33 (11) (2011) 2259–
2272.

[10] Z.Y. Xiao, H.C. Lu, D. Wang, L2-RLS based object tracking, IEEE Trans. Circ. Syst.
Video Technol. 24 (8) (2014) 1301–1308.
lure cases.

http://refhub.elsevier.com/S1047-3203(15)00090-5/h0010
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0010
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0015
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0015
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0025
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0025
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0025
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0030
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0030
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0045
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0045
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0045
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0050
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0050


H. Fan et al. / J. Vis. Commun. Image R. 31 (2015) 54–63 63
[11] X. Jia, H. Lu, M.H. Yang, Visual tracking via adaptive structural local sparse
appearance model, in: IEEE Conf. on Computer Vision and Pattern Recognition
(CVPR), 2012, pp. 1822–1829.

[12] B. Babenko, M.H. Yang, S. Belongie, Robust object tracking with online multiple
instance learning, IEEE Trans. Pattern Anal. Mach. Intell. 33 (8) (2011) 1619–
1632.

[13] H. Grabner, M. Grabner, H. Bischof, Real-time tracking via on-line boosting, in:
British Machine Vision Conference (BMVC), 2006, pp. 47–56.

[14] F. Yang, H.C. Lu, M.H. Yang, Learning structured visual dictionary for object
tracking, Image Vis. Comput. 31 (12) (2013) 992–999.

[15] K.H. Zhang, L. Zhang, M.H. Yang, Fast compressive tracking, IEEE Trans. Pattern
Anal. Mach. Intell. 36 (10) (2014) 2002–2015.

[16] Z. Kalal, K. Mikolajczyk, J. Matas, Tracking-learning-detection, IEEE Trans.
Pattern Anal. Mach. Intell. 34 (7) (2012) 1409–1422.

[17] J. Kwon, K.M. Lee, Visual tracking decomposition, in: IEEE Conf. on Computer
Vision and Pattern Recognition (CVPR), 2010, pp. 1269–1276.

[18] J. Kwon, K.M. Lee, Highly non-rigid object tracking via patch-based dynamic
appearance modeling, IEEE Trans. Pattern Anal. Mach. Intell. 35 (10) (2013)
2427–2441.

[19] X. Ren, J. Malik, Tracking as repeated figure/ground segmentation, in: IEEE
Conf. on Computer Vision and Pattern Recognition (CVPR), 2007, pp. 1–8.

[20] J. Choi M, A. Torralba, A.S. Willsky, A tree-based context model for
object recognition, IEEE Trans. Pattern Anal. Mach. Intell. 34 (2) (2012) 240–
252.
[21] A. Toshev, B. Taskar, K. Daniilidis, Object detection via boundary structure
segmentation, in: IEEE Conf. on Computer Vision and Pattern Recognition
(CVPR), 2010, pp. 950–957.

[22] L. Zhu, Y. Chen, A. Yuille, et al., Latent hierarchical structural learning for object
detection, in: IEEE Conf. on Computer Vision and Pattern Recognition (CVPR),
2010, pp. 1062–1069.

[23] S. Avidan, Ensemble tracking, IEEE Trans. Pattern Anal. Mach. Intell. 29 (2)
(2007) 261–271.

[24] H. Grabner, C. Leistner, H. Bischof, Semi-supervised on-line boosting for robust
tracking, in: European Conference on Computer Vision (ECCV), 2008, pp. 234–
247.

[25] Z. Kalal, J. Matas, K. Mikolajczyk, P-N learning: bootstrapping binary classifiers
by structural constraints, in: IEEE Conf. on Computer Vision and Pattern
Recognition (CVPR), 2010, pp. 49–56.

[26] K.H. Zhang, H. Song, Real-time visual tracking via online weighted multiple
instance learning, Pattern Recogn. 46 (1) (2013) 397–411.

[27] M. Everingham, L.V. Gool, C. Williams, et al., Partbased visual tracking with
online latent structural learning, in: PASCAL Visual Object Classes Challenge,
2010.

[28] R. Achanta, A. Shaji, K. Smith, et al., SLIC superpixels compared to state-of-the-
art superpixel methods, IEEE Trans. Pattern Anal. Mach. Intell. 34 (11) (2012)
2274–2282.

http://refhub.elsevier.com/S1047-3203(15)00090-5/h0060
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0060
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0060
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0070
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0070
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0075
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0075
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0080
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0080
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0090
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0090
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0090
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0100
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0100
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0100
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0115
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0115
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0130
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0130
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0140
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0140
http://refhub.elsevier.com/S1047-3203(15)00090-5/h0140

	Robust tracking based on local structural cell graph
	1 Introduction
	2 Related work
	3 Structural appearance model
	3.1 Local structural cell graph (LSCG)
	3.2 Similarity of local structural cell graph

	4 Proposed tracking algorithm
	4.1 Tracking formulation
	4.2 Online update

	5 Experimental results
	5.1 Parameter
	5.2 Discussions
	5.2.1 Influence of grid block size
	5.2.2 Influence of cell radius

	5.3 Quantitative comparison
	5.4 Qualitative comparison
	5.4.1 Heavy occlusion
	5.4.2 Deformation
	5.4.3 Fast motion and motion blur
	5.4.4 Background clutter

	5.5 Full comparison with robust superpixel tracking
	5.6 Limitations

	6 Conclusion
	Acknowledgment
	References


