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results and discussions are given in section V. At last we draw
our conclusions.

Abstract—Skeleton extraction is essential for general shape representation. A typical skeletonization algorithm should obtain
the ability to preserve original object’s topological and hierarchical properties. However, most of current methods are high
memory cost, computationally intensive, and also require complex data structures. In this paper, we propose an efficient and
accurate skeletonization method for the skeleton feature points
extracted from human body based on silhouette images. First,
the gradient of distance transform is used to detect critical points
inside the foreground. Then, we converge and simplify critical
points in order to generate the most important and elegant
skeleton feature points. Finally, we present an algorithm which
connects the skeleton feature points and estimates the position of
skeleton joints.

II.

Many approaches of skeletonization have been proposed
throughout the past decades. Most of skeletonization algorithms can be simply classified into two essential types.
One type is referred to as thinning algorithms. The thinning
methods[10,11] used iterative algorithm to delete successive
layers of pixels on the boundary of the pattern until only a
skeleton remains, while keeping the topological structure of
pixels. The deletion or retention of a pixel would depend on
the configuration of pixels in a local neighborhood. As the
skeleton generated by thinning can not ensure its accuracy and
smoothness, it might also need further processing[12]. Tao
Ju[13] computed skeletons of volumetric models by alternating thinning and a skeleton pruning routine.
Alternatively, the distance transformation is to convert a
binary image into another image which provides each object
pixel a value corresponding to the minimum distance from the
background. Generally the algorithm based on distance transformation can obtain accurate skeleton construction but can’t
guarantee the connectivity of skeleton. Choi[14] proposed a
skeletonization method based on a signed sequential Euclidean distance map. They had to compute a set of point pairs
along the object boundary, which are the most closed contour
points to the pixel. As a result, they can fast extract linear
skeleton but can’t guarantee the connectivity when the branch
of object is very small. Ding[15] presented a novel method
utilizing the distance transform, which the skeleton was
obtained by growing with the restriction of one pixel width
from the skeleton seed point, and the connectivity was ensured
though growing processing. In order to extract skeleton,
Melada[16] combined the thinning with Euclidean distance
transformation. However it might result noisy branch and also
destroyed the connectivity. Liu[17] proposed a fast algorithm
to track the contour using Euclidean distance maps from outer
to inner. But the skeleton joints were not estimated in their
paper.
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I.

INTRODUCTION

Human motion analysis is notoriously difficult because
human bodies are highly articulated and people tend to wear
complex textures-clothes which could confuse the important
features needed to distinguish poses. Human motion analysis
concerns with some key techniques including action recognition[1-3] and motion tracking[4-6]. The feature extraction of
human body from image plays an important role in performing some specific tasks. The skeleton extraction is essential
for general shape representation and will affect system
performance and algorithms’ complexity. Especially, the
features concerning with both position and motion of joints
can help us to determine human body’s pose and motion. The
wide range of applications shows the comprehensive usefulness of reducing patterns to skeleton-joints representations,
which can be attributed to the need of processing a reduced
amount of data. The necessary properties of a skeletonization
algorithm need to be accurate and robust to noise and can
generate a connected skeleton in order to preserve its
topological and hierarchical properties. However, most of the
methods are computationally intensive and require a complex
data structure[7-9].
The structure of this paper is given as below. Previous work
in the area of extracting skeleton is introduced in section II. In
section III and IV we describe two essential works including
skeleton points detection and skeletonization respectively,
which are the main contributions in our paper. Experimental

III.

SKELETON POINTS DETECTION

The objective of this step is to obtain the position of the joints
in the silhouette image finally, which is similar to Fan[18]
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position where these pixels have smaller | DT | . Therefore,
we can suppose that the critical points are a subset of image
skeleton. After connecting these critical points in some
specific constraint condition, the algorithm can generate linear
skeleton. However, comparing with skeleton joints, the
number of critical points is too large. It will be very hard to
connect them correctly when we face to so large set of scatter
points. In this case, we would need to extract the feature
points from the critical points further.

works. But our algorithm is easier to get the skeleton and
more robust for localizing skeleton joints. We utilize the gradient of distance transform to detect critical points from
silhouette images. Additionlly, the joints position was not
estimated in their paper.
A. The gradient of distance transform
According to the definition of skeleton and distance transform, the value of distance transform on skeleton points
should be greater than their neighbors[19]. The extraction of
skeleton is to find the ridge lines of objects. To obtain the
ridge lines, we may need to explore the local features such as
the gradient of distance transform image.
Suppose that the image distance transform is DT ( x, y ) ,
DT ( x0 , y0 ) denotes the distance transform value in the pixel

C. Detecting Skeleton Feature Points
Definition 3 Skeleton Feature Points(SFP): Considering a
critical point as the center of a circle, we can determine the
tangent circle C of silhouette edges for this point. We
suppose the cps , which cps  C , as meaning of the critical
points set within the range of the circle C . Then we will just
discard all points belong to cps and only remain the center
point of C , which will be referred as the skeleton feature
point.
According to the definition 3, we traverse the rest critical
points with the same operation until no overlay regions of
tangent circles for critical points left. The skeletonization
process will benefit from different aspects offered by this
simplification mechanism, such as reduced critical points.

p ( x0 , y0 ) . The gradient of distance transform is denoted as
wDT wDT , so the norm of gradient vector is:
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Apparently ridge lines should locate in those smaller | DT |
points. However the number of points is too large to generate
the linear skeleton directly.
B.

Extracting Local Maximum Points and Critical Points

IV.

Definition 1 Local Maximum Points(LMP) ˖ DT ( p) is the

As the skeleton feature points we got in the section 3 are
dispersive and irregularity, it is difficult to match or track
these scatter points directly. Therefore, we need connecting
the skeleton feature points and estimating joints.

distance transform at p , Q is the set of 8-connected neighbors of p . If DT ( p ) t DT ( q ) for q  Q , we define the
point p is a local maximum point of distance transform.
In terms of this definition, the LMP are the latent skeleton
points. Fig. 1(a) shows the LMP denoted with yellow color. It
is obvious that the LMP have equal distance transform values
in some connected regions according to the definition 1 and
the transitivity of connected relation.
Definition 2 Critical Points(CP): CP are the LMP whose
| DT | is minimum value point among its connected
neighbors.

Figure 1. (a) Local maximum of DT

SKELETONIZATION

A. Connecting the skeleton feature points
The objective of this step is to connect the feature points
together in some specific routine.
We define a constraint condition to avoid any point to be
incorporated when searching the successive feature points to
be skeletonization. The constraint condition is very reasonable
that any lines connecting two points must locate on the
foreground. It means any pixel satisfied DT ( p) ! 0 , where
p is a pixel on lines.

Figure 2. The definition of search direction from root point

(b) Critical points

We consider the current point as parent point and search the
closest points satisfying the constraint condition as child
points. Initially the point with maximum distance transform
which generally located on body’s chest is the root point. Its

We can easily obtain the critical points with one-pixel
wide in the distance transform image in terms of this
definition. Fig. 1(b) shows the position of critical points
denoted in red color. Apparently, the critical points locate the
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V.

four children points are from four directions consisting of left
direction, right direction, up direction and down direction
respectively, as the fig. 2 shows. The search direction is determined by the slope information of the line connecting with the
root point.
In each skeleton growing step, the algorithm will find the
closest skeleton feature point which satisfied the constraint
condition to the current point. If this point joins the skeleton,
it will be deleted from the skeleton feature points set so as to
avoid being searched repetitively. If no points being found
any more, we refer the last point as an end point or leaf point.
After reaching the leaf point, the algorithm will go back to the
parent point and search from another child point. The algorithm repeats the process till the feature skeleton points list is
empty to generate a tree of skeleton feature points finally.

TABLE I.

B. Estimating joints
Here is a detailed description of the skeleton joints estimation.
The skeleton of human body is a set of rigid parts which are
joined by joints. The research of the anthropotomy[20] has
indicated that, for different bodies, the proportions of body
parts are approximately the same. For this reason, we can take
a standard human skeleton model as an example, which is
shown in fig. 3, and estimate the position of joints.
head
shoulder

THE QUANTITY OF DIFFERENT FEATURES

image1
image2
image3

LMP
825
735
936

CP
159
116
214

SFP
58
39
56

SJ
13
13
13

But the results are unsatisfied and even encounter some
mistakes when the joints are hidden or kept out. That’s because
our approach uses the uniform scales of the human body parts
to determine the position of the inner joints such as elbow and
knee joints, there might cause some errors between the scales
of the different bodies. In the subsequent work, we will solve
hidden problem and estimate the 3D joints position[21,22]
utilizing probabilistic model and multiple views methods.
Human motion is a complex pattern, this method must
resolve the problems firstly, extracting the precision of the
human silhouette from the complex background. Alternatively,
how to determine the positions of the joints that are hidden or
kept out is another formidable problem.

neck

elbow
wrist

RESULTS AND DISCUSSIONS

We have performed a number of experiments on single human
body silhouette images with different styles and different
poses. Fig. 4 shows our experiment results, including raw
silhouette images, local maximum points, critical points,
skeleton feature points and skeleton joints. Experiments show
that the proposed method is satisfying. TABLE I lists the
relevant number of the pixel points in the process of skeletonization, including local maximum points, critical points,
skeleton feature points and skeleton joints, which images
resolution are 640 u 480 .

waist

VI.

knee

CONCLUSIONS

In this paper, we have presented a method for articulated-pose
identification from the silhouette images of human body. A
dummy skeleton is extracted like the reality skeleton of the
human from the silhouette images by using the gradient of
distance transform, then the position of joints are determined
by using the knowledge of the anthropotomy. Experiments
show that the method can estimate the positions of joints
based on the right human silhouette. The method has no
restrictive presupposition compared with others.

ankle
Figure 3. The standard human skeleton model

The skeleton feature points are tied together in a tree
structure in the previous section. We traverse the tree of
skeleton feature points to find the leaf points and the crossing
points firstly, which have more than one child. From then on,
the path distance from some given point to leaf point can be
easily computed along to the connected skeleton feature
points. The upper leaf point is considered as head joint.
According to the shoulder direction and width proportion to
the body height, we can obtain the shoulder joints easily from
the root points. In the same way, we can determine the elbow
joints from shoulder joints according to the length proportion
of the upper arm to the total arm. Before computing two knee
joints, we must determine the waist joint. Obviously the waist
joint is the first point with two children in the down direction
from the root point. Starting from the waist joint, the two knee
joints are computed through the anthropotomy proportion.
Finally we get all joints position of the standard dummy
skeleton we defined and denote the joints position using
yellow circles, as the fig. 4(e) shows.
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(c) critical points

(d) skeleton feature points

Figure 4. Experimental results of human motion with different style and different pose
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(e) skeleton joints

