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Abstract. A Skeleton is a simplified and efficient descriptor for shapes, which
is of great importance in computer graphics and vision. In this paper, we present
a new method for computing skeletons from 2D binary shapes. The contour of
each shape is represented by a set of dominant points, which are obtained by a
nonparametric method. Then, a set of convex dominant points is used for build-
ing the skeleton. Finally, we iteratively remove some skeleton branches in order
to get a clean skeleton representation. The proposed method is compared
against other methods of the state of the art. The results show that the skeletons
built by our method are more stable across a wider range of shapes than the ske-
letons obtained by other methods; and the shapes reconstructed from our skele-
tons are closer to the original shapes.
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1 Introduction

Skeleton based representation has several advantages at reducing dimensionality and
capturing geometrical and topological properties of shapes [1].

Many definitions of skeleton have been reported in the literature. One of the most
accepted is the Medial Axis Transform (MAT) proposed by H. Blum. In MAT, a ske-
leton is a set of points, where each point is the center of a maximal disk inside object
boundaries. The algorithms developed for skeleton extraction can be classified into
five categories: direct simulation of grassfire model, analytical computation, iterative
thinning with topology preserving, Voronoi diagram based, and distance transform
based [2-3].

The representation of shapes by skeletons has shown being useful in tasks of object
recognition and classification. However, in those cases where there are large deforma-
tions and intra-class variations of objects, boundary noise or small perturbations in the
shapes, the skeleton obtained using conventional methods is usually accompanied
with too many superfluous branches, and it affects the performance of object recog-
nizers [3]. For this reason, some recently proposed algorithms for representation of
shapes by skeletons include prunes of spurious branches.
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In this work, we develop a new method based on the works proposed by Montero
[4], Hesselink [5] and Prassad [6], in order to obtain a stable skeleton without un-
wanted branches.

This paper is organized as follows: In Section 2, we review the related work. In
Section 3, we describe the proposed method. Section 4 shows experimental results of
the proposed method compared with other state of the art methods. Finally, conclu-
sions and future work are shown in Section 5.

2 Related Work

In the literature, there are many approaches for computing and pruning skeletons from
binary shapes [2-4, 7-11]. During the process of skeletonization usually appear un-
wanted branches because of digital noise and deformation in the shapes; therefore
pruning is an essential stage in skeletonization algorithms.

Several pruning methods into skeletonization algorithms have been proposed,
which can be categorized in three main categories: assigning significance values to
skeleton points and removing insignificant points according to a given threshold;
preprocessing the shape’s boundary (e.g., boundary smoothing, find knots or domi-
nant points); and removing unwanted branches [7]. The methods of the first category
could produce disconnected skeletons, breaking the skeleton into pieces or they can-
not completely remove insignificant branches. The second kind of methods aims to
remove unwanted boundary noise, but it could change the original shape and conse-
quently shifting the skeleton and its topological properties. The methods in the last
category prune the skeleton branch-by-branch taking into account local or global in-
formation, using significance measures of the skeleton branches [3-4, 7-10].

Until now, it does not already exist a non-parametric method or a method with pa-
rameters invariant for any shape that allows generating skeletons identical to hand-
labeled shapes. However, in the literature, we can find some methods requiring less
input parameters than others and sometimes the input values are independent for a
wide range of shapes.

3 Proposed Method

The proposed method combines the non-parametric method for dominant point detec-
tion introduced in [6], with the skeleton construction and a modification of the prun-
ing process presented in [4-5]. The proposed method is divided into three stages:
piecewise curve segmentation, skeleton computation and skeleton pruning (Fig. 1).

In the first stage, we find the dominant points located in the shape with the method
proposed in [6] (section 3.1). This is a non-parametric method which has as main
advantage for our method that it does not need thresholds or input parameters.
According to the literature, this method is considered as the only one non-parametric
method for finding dominant points (see (al) in Fig. 1). After, from the set of
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dominant points we obtain the convex points (see (a2) in Fig. 1), and unlike Montero
and Lang in [4], we only use the set of convex dominant points to split piecewise
curve split (see (a3) in Fig. 1).
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Fig. 1. (a) Curve segmentation by piecewise: (al) Dominant point detection with a non-
parametric method. (a2) Set of convex dominant points. (a3) Splitting of piecewise curve (b)
Skeleton computation. (c) Skeleton pruning.

The piecewise curve is used to compute the skeleton by means of the integer
medial axis (IMA) [4-5]. Our method produces a first approximation to the pruned
skeleton (see (b) in Fig. 1) by selecting pixels as skeleton points. Skeleton construc-
tion by means of IMA considers a distance transform. The distance transform D (x, y)
is a function, which computes the distance from any point inside the shape to the
closest point on the shape boundary.

In the last stage (see (c) in Fig. 1), we use a pruning criterion (Section 2.2) similar
to the one proposed in [4] but we add additional conditions to ensure a more stable
skeleton for a wide range of shapes using a single threshold. Moreover, in our expe-
riments, several shapes belonging to different classes showed good results using the
same threshold for the entire set of shapes, compared with the results obtained by
other methods, which mostly need to specify parameter values for each shape.

3.1 Non-parametric Method for Dominant Point Detection

Since polygonal approximation allows representing a digital curve using less of
points, some methods for building skeletons approximate the shape by polygons,
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either for removing noise as a previous step to the construction of the skeleton or for
building the skeleton using the vertices of the polygons [4, 10].

Most of the methods for approximating shapes by obtaining dominant points re-
quire some of the following conditions: a) the number of vertices for the polygonal
approximation, such that the error distance between shape’s boundary and the poly-
gon is minimal; b) a threshold defining the maximum distance error allowed between
the contour and the polygonal approximation, such that a minimum number of points
would be obtained for representing the boundary.

Ramer, Douglas and Peucker (RDP) [12, 13] propose a recursive method for reduc-
ing the number of points in a curve, which are called dominant points. Consider a set
of edge points defining a curve e = {P,, P,, ..., Py}, where P; is the ith edge point in
the digital curve e. The line passing through a pair of points P,(x,,y,) and
Py, (xp, yp) is given by:

X(Va —Yp) +¥(xp — Xo) + YpXq — Yaxp =0 €Y)

Then the deviation d; of a pixel P;(x;,y;) € e from the line passing through the
pair {P;, Py} is given by:

_ lx; (e — yn) +¥i(ewy — x1) + yvxg — yixul
\/(XN —x1)%+ (1 —yn)? 2

d;

Thus, the point with the maximal deviation is found and denoted as P, ; it allows
to obtain new segments of the curve. This process is repeated until:

max(d;) < dg,, 3

As we can see, this method requires a threshold d;,;. For making this method a
non-parametric method, Prasad et al., in [6] consider the maximum deviation of the
digital curve as an error function related to the quality of fitting, allowing the thre-
shold to be automatically and adaptively obtained (see Fig. 2).

P,y dma.x T 56¢'max
Fig. 2. The maxim deviation d,,q,0f a line segment [6]
If a line segment in the continuous 2-dimensional space is digitized, the maximum

difference between the angles made by the digital line segment and the continuous
line segment with respect to the x — axis is given by:
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Where @ is the slope m of the continuous line segment PPy and s is the
P, Py, distance.

3.2 Final Pruning

In our method, the two first stages allow us to obtain a skeleton with less unwanted
branches in comparison to the skeleton obtained by conventional methods without
pruning. Nevertheless, in order to obtain the desired final skeleton, some end branches
need to be pruned.

Consider an end branch {bp, ...,ep} with branch point bp and an end point ep,
such that there are not any other branch point or end point except by, and e,, and let
f be the distance transform computed for each point in order to obtain the IMA
skeleton.

We propose to prune a branch {bp, e ep} if the Euclidean distance between the
distance transform and the branch point ( | f- bp|2) with a scale factor s is greater

than the sum of the Euclidean distances between each pair of consecutive points con-
forming the branch {bp, . ep}, ie.:

n-1

D b= peals < 5% 1f = by,

i=1
{bp, ...,ep} = {pl, D2, ...,pn} Where p; = b, and p, = e,

This condition avoids pruning branches where the Euclidean distance |ep - bp|2
is very close to the Euclidean distance between | f- bp|2, but the sum of Euclidean
distances between every pair of consecutive points is much larger than |ep - b, |2.

Additionally, when two or more end branches share the same junction point, we
propose to delete just one end branch by iteration, eliminating only the shorter length
branch. This condition, unlike the pruning proposed in [4], avoids losing structural
information, as we will show in our experiments.
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4 Experiments

For comparing the proposed method, we used the skeletonization algorithms proposed
by Zhang and Suen [11], Bai et al. [10], and Montero and Lang [4] using Bezier
Curve approximation.

In a first experiment, we show the stability of the proposed method using the same
parameter value in comparison to the other methods, displaying the skeletons
obtained for several shapes (Fig. 3).

(d
Z\ Additional branches O Missing branches

Fig. 3. Skeletons obtained with different methods: (a) Zhang and Suen [11]. (b) Bai et al. [10]
for N = 10. (c) Montero and Lang [4] approximation to boundary by cubic Bezier curves with
d =15 and s = 1.25 (s is a minimum distance between the boundary and fitting curve). (d)
Proposed method with s = 1.27.
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In the experiments of the Fig. 3, we use the same input parameter value for all the
shapes in each tested method. The threshold used for each method was obtained expe-
rimentally; we use the trial-and-error method for choosing the parameter value, which
obtains the best visual results for whole data set. From our first experiment, we can
see that the proposed method produces more consistent and stable skeletons, unlike
the other two methods, where some skeletons have unwanted or missing branches.

In Fig. 4, we can see that our method generates good representations for several
shapes using the same threshold value. Unlike the Bai et al. [10] where the parameter
values are dependent on the specific shape. Furthermore, the Montero and Lang me-
thod, although produces lower number of errors respect to the results obtained with
[10], requires two parameter values unlike our proposed method that needs just only
one. Although the Zhang and Suen method [11] produces few unwanted branches, the
thinning method does not ensure that the points of the skeleton are centers of maximal
disk, which affects the reconstruction of the shape.

In a second experiment, we compare the speed of the methods using the same
shape. Furthermore, we compute the quality of the skeleton obtained by a quantitative
evaluation using the Baseski and Tari dataset (1000 shapes).

Fig. 4. Subset of shapes (Baseski and Tari dataset ) and their respective skeletons with the
proposed method with s = 1.27

One of the most common techniques for evaluating the quality of the skeletons
obtained by algorithms for skeleton extraction is the reconstruction error ratio (RER).
This measure evaluates the difference between the shape reconstructed through the
skeleton and the original shape. The shape is reconstructed from the distance trans-
form associated to each point of the skeleton. The RER is defined as:
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|Area(A) — Area(R(S))|

RER(S, 4) = Area(A)

®)

Where S is a skeleton of the shape A and R(S) is the shape reconstructed from S,
Area(.) denotes the area of a shape measured in pixels.

For comparing the quality of the obtained skeletons, in the table 1 we show the ex-
ecution time and skeleton quality for an image chosen from the Baseski and Tari data-
set. Where we can see that our method obtains better RER result and visually generates
the best reconstructed shape, preserving the topology from the original shape.

Table 1. Comparison of the proposed method against the skeletons obtained by Zhang and
Suen [11], Bai et al. [10] and Montero [4] methods in terms of the runtime and quality of the
skeletons. The reconstructed shapes are red and the reconstruction errors are marked with
black.

[324x343] Runtime S(;?;it:;n Reconstructed
(Seconds) (RER) Shape
Zhang and Suen — 2.6399 0.0560
[11]

Bai et al. [10] N=10 2.2068 0.0663 J
Montero and Lang d=15

(4] < =125 1.2534 0.0709 l

Proposed method s =127 1.6842 0.0281 “
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In the table 2, we show the average for reconstruction error ratio and time execu-
tion for a whole dataset containing 1000 shapes (Baseski and Tari dataset), where we
can see that our method obtains in average the best RER result.

The tests were carried out in a computer with the following characteristics: proces-
sor Intel core 15 at 2.30 GHz, 4 Gb of RAM, 64-bit Windows operating system. As it
can be seen from tables 1 and 2, our method did not get the best runtime in compari-
son with the other methods, but it is very close to the best runtime obtained by Monte-
ro’s method (the fastest).

Table 2. Average runtime and reconstruction error ratio of skeletons for the Baseski and Tari
dataset over 1000 shapes

Average execution | Average skeletons
time (Seconds) quality (RER)
Zhang and Suen [11] -- 2.6488 0.0817
Bai et al. [10] N =10 2.5092 0.0392
Montero and Lang s=1.25
[4] d=15 0.8259 0.0504
Proposed method s =1.27 1.1794 0.0264

5 Conclusions

In this work, we present a new method for computing skeletons from 2D binary
shapes. The contour of each shape is represented by a set of dominant points, which
are obtained by a nonparametric method. Then, a set of convex dominant points is
used for building the skeleton. Finally, we introduce some new conditions in the prun-
ing stage that allow iteratively removing some skeleton branches in order to get a
clean skeleton representation.

From our experiments, we can see that in the proposed method the same threshold
value works fine for several types of shapes; it is reflected in the fact that the skele-
ton’s quality is clearly better in comparison to other methods widely used in the litera-
ture. Our experiments also show that our method allows representing shapes by
simple and stable skeletons for a wider range of shapes than other methods.

As future work, we propose study the inclusion of the whole contour information
for obtaining more consistent skeletons.
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