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ABSTRACT
Tracking non-rigid objects with significant shape variation in
complex scenario is a difficult problem. Human tracking is
a special case of this problem since human body has good
local rigid properties. In this paper, we propose a novel hu-
man tracking method which explores the local rigid properties
while keeping the global structure very well. This method
consists of three stages. First, the human body is represented
by structured rigid parts extracted using patches clustering
method. Then, the rigid parts are tracked through a structured
constraint method. Finally, the optimal estimated state of the
object is obtained through global similarity. Experimental re-
sults show that the proposed method has good performance
for human tracking with big posture and shape change.

Index Terms— Human tracking, structured body parts

1. INTRODUCTION

Visual tracking of non-rigid objects in complex scenario is a
difficult problem for the reasons of background clutter, sce-
nario altering and object’s appearance changing, etc. A sur-
vey about this topic is given by Yilmaz [1]. Human tracking,
however, is different from ordinary non-rigid object tracking.
On one hand, human has non-rigid property in the global ap-
pearance for changing of posture. On the other hand, the ap-
pearance of local body parts, such as torso, hand, and arm,
has rigid property. Therefore, modeling the global non-rigid
appearance, with consideration of local rigid body parts, is a
reasonable solution for human tracking.

There are many methods trying to combine the local parts
and the global object model. These methods can be classified
into two categories: 1) the local body parts are generated by
the object model, 2) the object model is represented loosely
by the set of local body parts. In the first category, articulated
models are used to represent the object. Qu [2] uses graphical
model to represent human body. One inner vertex of the graph
represents a body part, which is tracked by an independent
sub-tracker. Ramanan [3] uses puppet of rectangles to model
human body. The model is detected to obtain the tracking
result. Although articulated model can describe the human
body well, it needs to be provided or learned previously.

In the second category, a set of small blocks or patches
are used to represent the appearance of the tracked object.
Nejhum [4] uses rectangle blocks to represent approximate
shape of the tracked object. The positions of these blocks are
adjusted to get maximal coverage of the foreground object.
Kwon [5] uses patches to represent the tracked object, and
these patches are located around the object’s center point.
The center point is selected by sampling method and the
patches are adjusted adaptively in tracking process. Although
this kind of methods obtains remarkable results, it is not ro-
bust when there is cluttered background or distracting objects
in foreground. The reason is that the structure between the
blocks and the patches is lost when updating their positions.

According to the above analysis, there should be more
flexible object model obtained adaptively for the first cate-
gory, and more structured constraint between the body parts
for the second category. In this paper, considering these two
issues, we propose a novel human tracking method. First,
when the initial tracked object is given, small patches are ex-
tracted and clustered to compose the body parts. These body
parts are then organized as a tree structure. Second, models
are designed to simulate the local motions of each body part,
and a structured constraint method is employed to track ev-
ery body part sequentially. Finally, a set of candidate tracking
states are produced. A global measurement is used to choose
the best one as the final tracking result. Experimental results
show that the proposed tracking method based on structured
parts can handle the abrupt change of human body shape.

The remainder of this paper is organized as follows. In
section 2, we present human tracking method based on tree
structured constraint and global similarity appraisal. In sec-
tion 3, we provide the experimental results. Finally, we con-
clude this paper in section 4.

2. LOCAL PARTS AND GLOBAL STRUCTURE
COMBINED HUMAN TRACKING

In this section we present the proposed method in detail. First,
we introduce how to extract the multi-parts structure. Then
we explain a structured constraint tracking method for the
body parts. At last, a global measurement is proposed to



Fig. 1. Generate structured parts for articulated object.

choose the optimal state.

2.1. Multi-parts structure for human tracking

Articulated object tracking has attracted more significant at-
tention in recent years. However, how to get the articulated
structure is a hard problem. In this section, we design a
method to obtain the articulated structure of human body.
This method consists of three stages: collecting small patches
in the selected region, composing the body parts from the
patches, and representing the structure of the parts through a
tree. Figure 1 shows two examples.

We extract small patches in the selected area of object
through condition number method [5]. The patches which
have similar color distribution with the background around
the object are deleted.

Then the patches are organized as a graph with the cen-
ters of the patches as the vertexes and the pairs of them as the
edges. The cost of an edge is calculated as the weighted sum-
mation of the Bhattacharyya distance of color histogram and
spatial distance. Based on this graph, a fast image segmen-
tation algorithm [6] is used to cluster the patches into several
segments. Then Bentley’ maximum sub-array searching al-
gorithm [7] is applied to obtain a maximized central rectangle
for each segment. Each rectangle is deemed as a rigid part.

Finally, Prim algorithm is used to get a minimum span-
ning tree to represent the structure of the parts with each node
for one part. The root node is initialized as the main part of
the human body, as shown by the red rectangle in Figure 1.

Let Tt = {Vt, Et} represent the tree at time t, where
Vt = {vit}

M−1
i=0 represents the set of nodes andEt = {eit}M−1i=1

represents the set of edges. Let Xt represent the state of the
object, which is formed by M components {Xi

t}
M−1
i=0 . Each

component represents the state of one node, and the first com-
ponent X0

t represents the state of the root node of the tree. In
our method, we use position and angle offset from x-axis to
form the state of each part. The state of part i is described as
Xi
t = (xit, y

i
t, �

i
t).

2.2. Tracking local parts with structured constraint

As mentioned in the previous section, each part in the tree
structure is deemed as a rigid part. Because these parts have
small size, we use pixel level features to represent them. In
our method, the covariance feature [8] is adopted to represent
the local parts. The mean shift style method based on Ker-
nel PCA (KPCA) analysis [9] is applied to track their local
motions for its effectiveness in tracking small rigid objects.

When template Q is transformed and matching with ob-
jective region R, the similarity J(R) is formulated by (1)[9]:

J(R) =
∑
x∈R

J(u(x)) =
∑
x∈R

m∑
k=1

(fk(u(x)))2

=
∑
x∈R

m∑
k=1

(

l∑
i=1

!ki k(ci, u(x)))2

(1)

In this process, the covariance feature of template patch
Q is analyzed by KPCA method with Gaussian Kernel for
k(ui, uj). As the result, m primary eigenvectors and l sifted
samples ci(i = 1⋅ ⋅ ⋅l) in template Q are kept to compute the
similarity of objective region R. The feature u(x) at each
pixel x in the region R is used to appraise the similarity accu-
mulatively. fk(u(x)) is its projection to the k-th eigenvector.
The feature u(x) can be written as:

u(x) = (u∗, w(x− x̂(p); p)) (2)

The first item is the color information extracted for this
pixel. The second one is the relative coordinate to the center
point x̂ by the transformation w(x − x̂(p); p), where p is the
parameter vector. The optimal transforming parameters p∗ is
calculated by maximizing J(R).

Taking the rotation as example, the parameter p is the rota-
tion angle � as shown in Figure 2 (a). The similarity function
of angle can be represented as a smooth curve as shown in
Figure 2 (b). In the current situation, the similarity of the part
0 and part 2 have manifest extreme points near the 80∘, but
that of part 1 has no extreme point.

(a)Rotation of template (b)Similarity Curve

Fig. 2. Similarity curve for the rotation of template.

Since the function k(ci, u(x)) is smooth and differen-
tiable, the parameter p can be calculated using gradient de-
scent method as (3).

p(t+1) = p(t) + �(t)∇pJ(R) (3)

The derivative of J(R) to p is obtained by (4):

∇pJ(R) =
∑
x∈R

m∑
k=1

(fk(u(x)))

(

l∑
i=1

!ki∇wk(ci, u(x))) ⋅ ∇pw(x− x̂(p); p)

(4)

For the multi-parts tree structure generated above, we
adopt three kinds of transformations for local motions of
the parts. The first transformation is the rotation around the
approximate joint point (at, bt) between itself and its parent
part. It is obtained by formula (5).



Fig. 3. The local motion of child part.

wx(�) = (x− at) sin � + (y − bt) cos � − lx̂t
wy(�) = (y − bt) sin � − (x− at) cos � − lŷt

(5)

where (lx̂t, lŷt) represents the offset of the joint point from
the part’s center.

This transformation is illustrated in Figure 3. The child
part with red color is initialized firstly. Then it undergoes
some transformations around the joint point (at−k, bt−k)(t =
k ⋅ ⋅ ⋅ 1), and finally comes to the state at time t.

The second transformation is self-rotation around its own
center, which is a simple case of the first one. The third one is
calculating the optimal center position through the mean shift
process based on current rotated direction with angle �, which
is formulated as:

x̂ =

∑
x∈R

m∑
k=1

(fk(u(x)))(
l∑
i=1

!ki k(ci, u(x)) ⋅Δx)

J(R)

(6)

where Δx = (w(x; �)− xci).
These three kinds of transformation are combined to sim-

ulate the local motion of all rigid parts. For the root part, the
mean shift process is executed first, and the self-rotation is
used to match the possible direction change. For the non-root
part, the rotation around the joint between itself and its par-
ent part is done firstly, and the small adjustments of direction
and position are used to obtain optimized states by the second
and third transformations. Furthermore, a penalty represent-
ing the structured constraint is added to the similarity J(R)
of these transformations. It means the child part should not
leave the original relative position from his parent node too
far. The regularized parameter is calculated as (7):

p∗ = arg max
p

(J(R)− �D((x, y, �), (x0, y0, �0))) (7)

where � is the factor of penalty regular, and (x0, y0, �0) are
the relative states in the template as shown in Figure 3.

With this penalty regularization, the parameter � from the
first two transformations could be calculated as:

�(t+1) =�(t) + �(t)(∇�J(R)

− ��∇�D((x, y, �), (x0, y0, �0)))
(8)

The regularized mean shift process of (6) becomes:

x̂ =

∑
x∈R

m∑
k=1

(fk(u(x)))(
l∑
i=1

!ki k(ci, u(x)) ⋅Δx) + �xx0

J(R) + �x
(9)

where �� and �x are the factors of penalty regularization for
parameter � and x individually.
2.3. Tracking human with optimal global structure

In the previous section, we described how to track the rigid
parts in the tree structure when the root part is located. Be-
cause it is a root-part conductive process, choosing a right root
part has crucial influence on the tracking result. However, the
root part is assigned as the main part when the tracking is ini-
tialized. It is not always suitable to track human body based
on this root part at other times since it may have great posture
variation. So we design a method to automatically choose the
optimal root node for human tracking.

As mentioned previously, the tree structure can be de-
scribed as Tt = {Vt, Et}. Since the tree is generated by Prim
algorithm, the edges Et = {eit}M−1i=1 are sorted that each edge
has parent node which has appeared as child node in the pre-
vious edge except the root node. So we can scan the edges,
and use child node of each edge as the root node to construct a
new tree structure with only changing direction of the edges.
Based on this new tree, a candidate tracking result can be ob-
tained. Then we can get a set of tracking candidate results.
Global similarity is used to choose the optimal candidate from
these tracking results, according to formula (10). The corre-
sponding root part is chosen as the current root node.

S(Tt) = S(X0
t )

M−1∏
i=1

(S(Xi
t)S(eit)) (10)

The first item of formula (10) indicates the similarity of
root part to the template’s corresponding part. The second
one is the similarity of the child part and its edge with that in
the template’s structure. That is to say, we should not only
consider the similarity of corresponding parts but also keep
the relationship between the parts in the tree structure similar
with that in the template.

3. EXPERIMENTS

In our experiments, the covariance feature adopts the combi-
nation of the spatial information with the hue-saturation chan-
nels in HSV color space. The bandwidth of the kernels are set
to be �x = 5.0, �y = 5.0, �H = 50.0, �S = 50.0. The co-
efficients in the formulas (7),(8) and (9), which regularize the
parts’ transformation by the structured constraint, are set to
be �x = 10.0, �y = 10.0, �� = 0.05.

Some tracking results using our proposed method are
shown in Figure 4. The first column of the figure shows the
initialized parts structure. The other columns illustrate the
tracking results. In these examples, there exist posture chang-
ing, cluttered background, and distracting persons. We can
see from the results that the targets are tracked successfully
since the structures of their local parts are kept very well.

We compare our method with Multiple Instance Learn-
ing (MIL) based method in [10], the Adaptive Basin Hopping
Monte Carlo (A-BHMC) based method in [5] and Mean Shift



Fig. 4. Examples of tracking results.

based method [11]. For MIL, A-BHMC, we use the codes
provided by the respective authors. The Mean Shift method is
implemented based on kernel weighted HSV histogram. Fig-
ure 5 shows the results. We can see that although all these
methods could track the target for some times, the other three
methods are sensitive to similar foreground objects and big
posture change. The methods of mean shift and A-BHMC
cannot distinguish the target from the similar foreground ob-
jects nearby, and the method of MIL will fail when the tar-
get’s posture is largely changed. Our method keeps the global
structure very well, and the results have better confidence.

4. CONCLUSION

In this paper, a novel method is proposed for human track-
ing. We employ a tree structure to describe the local rigid
parts and the relationship between them. A global method is
adopted to appraise the candidate tracking states and select
the optimal one as the final result. The global method also
provides an opportunity to adaptively adjust the tree structure,
and increases the robustness for possible drift. Experimental
results show that our proposed human tracking method pro-
vides good adaption for posture’s variation in different cases.
This method also provides the potential ability to describe the
action information of the tracked object.
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Fig. 5. Comparison results. (From top row to bottom row: the
proposed method, Mean shift, A-BHMC, and MIL)
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