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Abstract—In this paper, we propose a new object classification technique mechanism.
based on polygonal approximation of the open profile of object. The ver- The shape representation by high curvature points consider-
tices of polygonal approximation are formed by high curvature points of . . .
the profile and they are selected by Fourier transform of the object contour. ably reduces number of points of contour, while keeplng the nec-
A series of features are computed from the polygonal approximation and €ssary information for the shape recognition. Moreover, the high
then the minimum distance classifier is used to recognize the object. The cyrvature pointS are robust descriptors of Shape, in the sense that

proposed technique is fast, simple and invariant under translation, rota- . . . . ]
tion and scaling. Experimental results in recognition of static hand gestures _they are invariants under translation, rotation and scale chang

show the performance of the proposed technique. ing [6].
In the literature, there are many methods to determine cur-
|. INTRODUCTION vature of object boundary (for example, [7], [8], [9], [10]). In

) this paper, we will make use of a simple approach described by
REPRESENTATl_ON of the shape of an object can be basghsia and Cesar [1]. This approach utilizes the derivative of
AL Lonits contour (i.e., its profile, outline or boundary) or ooy rier transform in order to determine the curvature. We have
its region. The characterization of shape by its outline is a MQBqsen this method due to its simplicity.
natural choice because it resembles the way we, human beingsq, approximating shapes of objects by polygons, a set of

mentally represent an object. Our visual system itself focuses@ny, a5 are computed for each object. We have used eight fea-
b?“fc‘jf?a}“es and ignores uniform rleglons.hThls afb|l|ty is *hardres all invariants under translation, rotation and scaling. In
wired- in Fl)ur retlna.l two neurog_ ayTrs that peré)rm andopeg- ction 2 we describe these features in details. When all fea-
ation simi ar to Lap_aC|an are |_recty connecte_ tq rods alires are calculated, we compute the centroids (mean vectors)
cones of retina. This operation is called lateral inhibition angd each pattern class. Then, given a query pattern vector, the
helps us to extract contours and boundaries [5]. Consequenily,imm distance classifier will be used to identify its class.

'r,:th'; pfaé)er we have chosen to represent shapes by outlines Nie have applied the method described above to the static
stead oT by regions. hand gesture recognition problem. The experimental results

In this work, we simplify the complex shape of an object by 8emonstrate the performance of our technique. This paper is
polygonal approximation. The polygonal approximation of thSrPanized as follows. In Section 2, the method and the recogni-

shape consists on f|_nd|ng sngmﬂcant vertices along th? Contcf%n algorithm are described. Experimental results are presented
such that these vertices constitute a good approximation of }h

%ection 3. In Section 4, we present possible improvements of
original contour. A classic approach to this problem is to talg%Jr ’ P P b

the high curvature points (i.e., points with high absolute value
of curvature) as significant vertices.

The curvature is one of most important attributes that can be
extracted from contours. For example, we can cite two psy-It is not easy to find a set of high curvature points that con-
chophysical experiments carried out by Attneave [3]. In the firstitute a good polygonal approximation of the outline of an ob-
experiment, a series of 2D shapes has been presented to - Usually, a computationally-acquired outline is rough and
jects, who were asked to represent each contour using a seihefe are many high curvature points in this rough outline that
10 points. The results showed clearly that the majority of sulo not belong to a good polygonal approximation. There are
jects would rather use the high curvature points to represent ed@fme techniques that can reduce this problem (for example, in-
shape. In the second experiment, Attneave draw the porti&itpolation or filtering), but they increase the total processing
of a cat identifying high curvature points connected by straigiine. To prevent this problem, we delete too-near points of the
lines, demonstrating that the majority of information in the origeontour. This simple pre-processing is enough to alleviate rough
inal image is concentrated in the high curvature points. Singiutline problem.
lar experiments and results were reported also by Fischler and#Ve present below the technique described by Costa and Ce-
Wolf [4]. Consequently, the approximation of curves by straigisiar [1] for the curvature evaluation. Let(t), y(t)) be an object
lines connecting high curvature points retains the necessaryagen contour and(t) = x(t) + jy(¢) its representation in com-
formation for a successful recognition of shape. This fact cgtex plane. The curvature(t) of (z(t), y(t)) is defined as
be explained considering that our visual system focuses on sin-
gularities and ignores smooth curves using the lateral inhibition K(t) E()§(t) — @)yt )

(&(t)> + y(t)?)3/2

work. Finally, in Section 5 we present our conclusions.

II. THE METHOD
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respectively. Taking into account the following relations respectively. The variabl€ will denote the area of the convex
hull of u. Let Dmax and Dmeanbe respectively the maximum
at)i(t) = @()y(t) +2#)it) — j(@@)(t) — £()y(t))  and mean distances between the centroid and vertices Lot
la(t)]? = (@(t)? + y(t)?)%/? H be the perimeter of convex hull af A pattern vector will be

composed by the following eight features:
and Equation 1, we get the following representation of curvature

k(t) in terms ofu(t): Cy. Circularity: £-
“Im{a(t)i(t)*} PP ixA
kO = —amF @ C FvPaa

Cs. (logy(#E52)) !
Let U(f) be the Fourier transform af(t). This fact will — ° (log2(7=7)
be denoted as(t) «—— U(f). The derivatives ofi(¢) and its C,

. . : . The average of curvature valueswofiivided by the perime-
Fourier transform present the following properties:

ter of u.
wt) (527 f) U(f) Cs. The convex deficiency divided by the area:qgfthat is,
i(t) —— (G2nf)?U(f) F-A

A

Thus,U(f) can be used to estimatgt), ii(¢) and consequently Co. &
the curvature(t). o
To compute automatically high curvature points, the curv%, The median of curvature values of
ture is normalized by its perimeter. A point of contau(t) is Dmax
classified as high curvature point if its curvature satisfies the fgf Dmean’
lowing system:

All these features are invariants under translation, rotation and
{ k(t) > 6, k(t)>0 scaling. The invariace is highly useful to obtain a robust classi-
P

k(t) < 6, k(t) <0 (3) fication.

whereé,, andd,, are the average values of positive and negati\?e Training Algorithm
parts of the curvature, respectively. These high curvature pointd'he training algorithm can be summarized as follows. The
be the vertices of the polygonal approximation of contour. Weput of this algorithm are the outlines of objects with respec-
also include the two extremity points of the open contour in thizve labels. These labels certify the correct classification of each
polygonal approximation. outline. The output of this algorithm is a table of centroids of
Figure 1 depicts the contour of a hand gesture and its polygach class.
nal approximation. Note that this approximation may not be tkeFor each contour, delete points that have too close neighbors.
best one. However, it is enough for our purposes. The featuse€ompute the curvature of each point of contour, using Equa-
tion 2.
« Determine the high curvature points of each contour using
Equation 3. These points, together with the two extremity points
of the contour, are the polygonal approximation of the contour.
« Compute the eight features for each polygonal approximation.
« Compute the centroid of each class of object.

C. Classifying Algorithm

The classifying algorithm receives as input a query contour
with unknown classification and computes its class.
« Given a query contour with unknown classification, compute
the eight features as described in the training algorithm. Let us
denote the pattern vector so obtained:as
The patternc will be classified as belonging to the class that

Fig. 1. Dots on the outline are the polygonal approximation determined by the

proposed method. has the shortest Euclidean distance betweamd the its cen-
troid.
to be used in classification are calculated using this polygonal I1l. EXPERIMENTAL RESULTS

approximation. We describe below the eight features to be use

in the classification %e have applied our method to supervised recognition of

static hand gestures. We have used part of open contours of
A. Features static hand gestures considered by Milios and Petrakis in [2].

These estures are available at
Letu be the polygonal approximation of the outline of an o 9

ject. Let us denote the perimeter and the area a$§ P and A, “http://www.cs.yorku.ca/"eem/gesturesDB/".



International Telecommunications Symposium — ITS2002, Natal, Brazil

TABLE Il
CLASSIFICATION OF TRAINING DATA.
A| B D
22 0
0
1

m

o

B
13
D

22

o
=

N
o|r|o| s w ol O

T m| O] O| w| >

R OlOo|o|lo/om

oO|O|Oo|o|o
o|oloN
N0 OOOolo

0

257

O

Fig. 2. Outlines of hand gesture classes A, B, C,D,Eand F.

TABLE |
CLASSIFICATION OF TEST DATA
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Fig. 3. Four test outlines manually labelled as class A. The gestures 1, 2 and 3
were classified by our algorithm as A. The gesture 4 was classified as C.
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We have labelled manually 156 open contours for the training

stage. They are divided into six classes, as depicted in Figure 2.
We have also labelled 44 test contours. The test and training
contours are disjoint.

Note that the polygonal approximation of gesture type B is
very poor: there are too many high curvature points in the upper
side of the contour. This is due to the roughness of that part of
the contour. The remaining polygonal approximations have an
acceptable quality.

Table | summarizes the classification results of the test hand
gestures. In this table, the eleméit;) (row ¢, columnj) cor-
responds to the number of hand gestures manually labelled as
classified ag by our algorithm. For example, the second row
states that there are five test hand gestures type B. Four of them
were correctly classified by our algorithm and one was classi-
fied as type C. We have also t_eSteq our method on training h%gq 4. Four test outlines manually labelled as class B. The gestures 1, 2 and 3
gestures and the results are listed in Table II. were classified by our algorithm as B. The gesture 4 was classified as C.

Figures 3, 4, 5, 6, 7 and 8 depicts some correctly and uncor-
rectly classified test hand gestures.
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Fig. 5. Four test outlines manually labelled as class C. The gestures 1, 2 afiligB 7. Four test outlines manually labelled as class E. The gestures 1, 2 and 3
were classified by our algorithm as C. The gesture 4 was classified as B.  were classified by our algorithm as E. The gesture 4 was classified as B.
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Fig. 6. Four test outlines manually labelled as class D. They were all classifieid. 8. Four test outlines manually labelled as class F. The gestures 1, 2 and 3
by our algorithm as D. were classified by our algorithm as F. The gesture 4 was classified as E.

IV. FUTURE WORKS rates obtained allow practical applications of our technique.

We deem that it is possible to get a better polygonal approx-
imation of the contour using a multi-resolution approach like
scale-space or wavelet. This would diminish the classificationCarlos R. P. Dionisio is grateful to Capes for the financial sup-
error rate. The classification process also can be improved uspugt of this work under Ph.D. student grant. Hae Yong Kim is
a more sophisticated machine learning scheme, like decisignateful to FAPESP and CNPq for the partial financial supports
tree ork-nearest neighbor classifier. of this work under grants 1/02400-9 and 300689/98-5, respec-

tively.
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