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Abstract. We present a method for recognizing gesture motions based
on elastic deformable shapes and curvature templates. Gestures are mod-
eled using a spline curve representation that is enhanced with elastic
properties: the entire spline or any of its parts may stretch or bend. The
energy required to transform a gesture into a given template gives an es-
timation of the similarity between the two. We demonstrate the results
of our gesture classifier with a video-based acquisition approach.
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1 Introduction

Gestures have been given considerable attention lately as an effective mean for
human computer interaction. The motivation lies in naturalness and efficiency:
people use gestures in the real-world in order to interact with real objects and
to convey information. A gesture-based interface would thus provide the net
advantage of familiarity and intuitiveness with respect to other input devices.
That is of course if one considers the ideal gesture framework that does not
importunate, distract or add cognitive load [112].

A successful implementation of a gesture-based interface requires the selection
of an appropriate technology for the acquisition process, a gesture representation
technique that will suit the implemention of a robust classifier and finally, pro-
viding appropriate and efficient feedback to the user. Many of the above issues
have been widely discussed in the literature. Good overviews on the state-of-the-
art in gesture-based interaction including gesture taxonomies for HCI, existing
technologies, recognition and interpretation techniques are given in [34]. An im-
portant problem that may be particularly identified relates to gesture motion
trajectories. Trajectory recognition is difficult due to the variability that comes
with gesture execution: different users will input different patterns for the same
gesture type and even more, the same user will perform the same gesture differ-
ently at different moments in time by unwillingly including a certain degree of
variability. Robust approaches are hence needed in order to support variations
which translate into local deformations of the trajectory parts such as stretching
or extra bending, articulations or any other small differences.
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We propose in this paper a motion trajectory recognition method based on
previous results on deformable shapes [5IG[7I8]. Robust energy measures for lo-
cal deformations are discussed together with a procedure that allows automatic
computation of templates from a given set of training samples. In order to demon-
strate our gesture classifier we equally built a video-based acquisition system for
detecting hands and retrieving their motion trajectories in a tabletop-like sce-
nario. The paper is organized as follows: section 2] gives an overview of related
work on gesture-based interfaces with a focus on video acquisition; section [3] pro-
vides details on the acquisition of hands and motion trajectories as well as on the
gesture representation method using spline curves; the elasticity concepts of the
deformation approach are presented in section Ml together with the classification
method and recognition results; we believe that the elastic view on gestures may
lead to interesting new future work as stated under the conclusions section.

2 Related Research

Gesture recognition research has been extensively conducted lately and the idea
of interacting by gestures received support among public as it was induced by
various media. A great variety of devices for acquiring gestures have been de-
veloped such as trackers, pointing and whole hand or body movements sensing
and acquisition apparatus [9]. Among all, video-based acquisition presents the
main advantage of not being intrusive and not requiring users to wear additional
equipments or devices. The final feeling is thus of comfortability and natural-
ness. Video-based acquisition comes however with several drawbacks such as:
high processing power required by the real-time interaction demand especially
when more video cameras are involved; dependency on the working scenario and
environment conditions such as lighting, user skin color, changing background;
hands occlusion. Surveys on visual gesture recognition may be found in [9/10].

When it comes to detecting and recognizing gestures performed by hand,
common approaches are to follow colored gloves [I1], detect skin color [12/13] and
track local features [T4U15] and active shape models [I6]. KLT features, named
after Kanade, Lucas, Tomasi are good features to track [14]; sets or flocks of
KLT features have been used by Kolsch and Turk [15] for achieving robust hand
tracking and their technique is available in the HandVu system. Recognition was
performed using Markov models [I7], finite state machines [I8], temporal motion
templates [19], geometric features [20], probability signatures [2I] and various
shape similarity measures [22].

In what concerns the recognition of motion trajectories, many researchers have
considered shape analysis approaches that make use of local parameters such
as the curvature: CSS (Curvature Scale Space) representations [22], detection of
high curvature points [23], similarity measures based on curvature differences [24]
or various curvature-based representations [25]. Trajectory recognition remains a
difficult problem as already mentioned in the introduction due to the variability
that comes with each gesture execution.
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3 Gesture Acquisition and Representation

We consider a gesture as a point moving in time gesture(t) : [to,t1] — R? in the
continuous domain as well as a series of points sampled at a given resolution r
in the discrete case: gesture = {p;/p; € R?,i = 1,7}. We are only interested in
the motion trajectory that is associated with gestures performed by hand and
discard all information related to postures.

3.1 Video Acquisition of Hand Gestures

Hand gestures are acquired using a top-view mounted video camera that mon-
itors the surface of a table as illustrated in Figure [II Hands segmentation is
achieved using a simple low-cost skin filtering in the HSV color space on the
Hue and Saturation components:

pizel p is skin < Hue (p) € [Hiow, Hnigh] A Saturation (p) € [Siow, Shigh] (1)

where pis the current pixel submitted to classification and Hjow, Hnigh, Siow, Shigh
are the low and high thresholds for the Hue and Saturation components. The ho-
mogeneous blue colored background of the table was chosen as it provides contrast
with the users’ skin color which allows for a robust hand and forefinger detection in
real-time at 25 fps. The values for the Hue and Saturation thresholds were chosen
experimentally as Hjoy = 180, Hpign = 240, Siow = 20, Shign = 150 where Hue
varies from 0 to 359 and Saturation from 0 to 255. We preffered to use this sim-
ple low-cost solution for detecting hands in a controlled environment for real-time
processing purposes although there are other skin modeling approaches that deal
very well with various scenario conditions [I2J13] but which go beyond the scope
of this paper. We are only interested at this stage in retrieving an accurate motion
trajectory of gestures performed by hand.

The gesture trajectory corresponds to the forefinger of the user’s hand while
it is pointed. Our one-video camera acquisition approach will generate 2D curves
yet all the following discussion is also relevant and may be equally extended to
3D curves as stated under the conclusions section.

Fig. 1. Gesture acquisition above the table surface using a top-view video camera
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3.2 Spline-Based Motion Representation

The acquired raw trajectory of the hand motion is simplified with a fast version of
the Douglas-Peucker polyline reduction algorithm [26] into a series of 2D points
{pi,i = I,—n} and modeled using a Catmull-Rom spline representation [27]. We
perform data simplification followed by spline modeling in order to reduce and
attenuate small variations that may occur in gesture execution and that may
affect the performance of classifiers at later stages.

The Catmull-Rom splines are a family of cubic interpolating splines defined
such that the tangent at each control point p; is calculated using previous and
next neighboring points:

ti =1i - [picipi] + (1 —13) - [Pipiy1] (2)

where [p;—1p;] denotes the vector from point p;_; to p;. The spline is completely
defined by the control points p; and their associated tangents t;, ¢ = 1,n. The
ith segment of the spline is defined between the control points p; and p;1 as
p(u) = Zi:o ck - u¥ where u is a local parameter that varies in the [0, 1] interval.
The coefficients cx, k = 0, 3 are computed for each segment using end-continuity
conditions:

p(0) = co, p(1) =co+c1 +c2+c3,p'(0) =c1, p'(1) =c1 +2c2 +3c3 (3)

Catmull-Rom splines have C! continuity and local control [27]. The parame-
ters r; are known as tensions and affect how sharply the curve bends at the
interpolated control point p; (common value is 0.5). We have chosen r; to be
ri = |pipis1|/ ([pi—1pi| + |pipis1]) where | - | denotes the Euclidean distance,
which allows for each segment [p;p;+1] to be weighted inversely proportional
to its length and thus giving much smoother curve shapes. Examples of a few
gesture trajectories and their corresponding spline representations are given in
Figure 2

Fig. 2. Raw gesture trajectory (in red) and spline representation (in green, control
points displayed) for three gesture types: rectangle, star and triangle

3.3 Curvature Functions

The fundamental theorem of differential geometry of curves [28] states that the
curvature signature function x(s) of a planar curve C(s) parameterized by arc-
length s fully prescribes it up to a rigid motion transformation. The curvature
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Fig. 3. Different gesture representations: raw acquired trajectories (top), spline rep-
resentations (middle) and curvature functions from spline representations (bottom).
Multiple executions from the same user are displayed superimposed.

functions describe the shape of gestures completely and may be used for shape
matching. Moreover, plotting the curvature functions for multiple instances of
the same gesture visually confirms high inter-class and small intra-class vari-
ances. Figure [ illustrates plotting the curvature functions of several gesture
trajectories. The figure also gives an idea of the variability that exists within
gestures while they are executed: all gestures were performed by the same user
at different moments in time. The intra-class variance is given by variations in
length and bending while executing gestures.

4 An Elastic Deformation Approach for Gesture
Recognition

4.1 Deformation Energies

Deformation-based approaches for the purpose of curve matching consider the
transformation of one curve into another by minimizing a performance functional
of energies in accordance with elastic theory [BIGI7I8]. Ideal alignments between
curves will allow for similar parts to be compared together, leaving out errors
that may be caused by articulations, deformation of parts or other variations in
the curves’ shapes.

A gesture curve is being viewed as a chain of connected elastic springs with
infinitesimal lengths. Each spring may be subjected to stretching and bending.
The amount of stretching is measured by the difference in length while bending
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Fig. 4. Elastic gesture representation: the gesture trajectory is a chain of connected
elastic springs (left); springs may be subjected to deformations such as stretching and
bending (right)

accounts for the difference in curvature. The larger these differences are the larger
the associated energy measure is be and consequently, the cost of deforming
one spring into another becomes bigger. Figure [ illustrates this idea for a star
shaped-like gesture. The principle of the approach is that similar curves would
need small energies for transforming one into other while different curves would
require bigger deformation costs.
The stretching energy required to deform one spring of length ds into one of
length ds may be given in analogy with Hookes’ law from the elastic theory [29]:
-2
Estretching = 504 (dS - dS) (4)
where « is the stiffness coeflicient of the springs. Similarly, instead of considering
springs of length we consider springs of angle between tangents at the spring
extremities. The energy needed to bend a spring of angle d¢ into another of
angle d¢ may be expressed in terms of curvatures as:

Ebendmgf a (do — dg) :la(dk ds — dk - ds)” (5)

where curvature is defined as dk = %. We may further express the total energy
cost needed to transform one spring into another as:

Edeformation = Estretching +R- Ebending (6)

where R is a coefficient that controls the distribution of the two energy terms.

4.2 Aligning Curves

C(s) and C(3) be two curves indexed by arc-lengths s and 3 where s €
[ £] 5 €[0,L] and L, L are the lengths of the curves. Let a mapping g : [0, L] —
g(s) = 3 represent an alignment of the two curves. The principle of elastic

[0, L],
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alignment may be described by finding the best alignment g that minimizes the
total stretching and bending energy [6]:

plal = [ (C06) ~TEP + - (h(s) ~ F3) s -

c

where k(s), k(3) are the curvatures along the C, C curves and R is the parameter
that controls the contribution of each energy term. The optimal match is given
as u[C, C] = p* = ming {u[g]}. A premise of the approach is that the goodness of
the optimal match is the sum of the goodness of infinitesimal matches. The above
functional is asymmetrical but it may be transformed into a symmetrical one by
expressing both s and 5 as functions of a new parameter as in [5]. Furthermore,
[5] shows that the optimal alignment of the two curves respects the properties
of a metric function.

In the discrete case, the two curves C,C are sampled into n and m points
respectively, C' = {s;/i =1,n}, C = {5;/j =1, m} and the alignment becomes
a sequence of ordered pairs ay = (s;,,5;,) with (s1,37) and (sn,S,) being the
first and last pairs of the sequence, i, € {1,n} and ji € {1, m}. The optimal
alignment is found via dynamic programming by considering an energy cost
propagation scheme. Let cost;; be the total cost of transforming the first ¢
springs of curve C into the first j springs of curve C. Also let e;_,; be the energy
term required to transform the ith spring of curve C into the jth spring of
curve C:

€i—j = Estretching,i—j +R- €bending,i—j — (dSz - E)Q +R- (dkl - %)2 (8)

We also define the energy of removing the ith spring by transforming it into a
void/nil spring of 0 length and 0 curvature: e; .,y = ds? + R - dk?. The final
energy cost propagation scheme is given by:

COStLl = €11

COStLj = COStl’j,1 + €5 —nil

cost; 1 = costi_1,1 + €jnil 9)
cost;_1 -1+ €i—j

cost; j = min § costi_1 j + €i—nil
costi ;1 + €5 nil

We use the elastic deformation approach based on the notion of the alignment
curve in the discrete case and apply it directly to the curvature functions. An
illustration of the alignment result between the curvature functions of two star
gestures is given in Figure

4.3 Gesture Matching

Gesture recognition is performed by matching new gestures against pre-defined
templates in the form of average curvature functions. Let C;(s;), i = 1, N be N
curves representing multiple executions for the same gesture type. The curves
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Fig. 5. Elastic alignment of the curvature functions for two star gestures

are parameterized by arc-lengths s; € [0, L;] with L; being the length of the ith
curve. The average curve C' is computed by averaging the lengths and curva-
tures of the corresponding subsegments (springs) as they are paired during the
alignment procedure of each curve to a reference. We are selecting as reference
the curve Cj« that produces the minimum total alignment cost:

N
i, 2, 1o e "

The average curve C' will have the same sampling resolution as the reference
curve n = n;+ while the arc-length and curvature values are averaged during the
alignment process:

- t A t
- kj = S (11)

where 57 = 1,n and aff = (8; , szr) denotes the part of the alignment between

C;« as reference curve and C; that considers only those points S;—T from C; that

are aligned to the point sz-* from Cj«. Figure [ shows the average curvature
function as computed from multiple examples of the rectangle gesture.
The averaging process outputs the curve C' sampled in {s}, j= l,ﬁ} with

curvatures {k}, j= I,_ﬁ}, $1 = 0 and s; = 1. Classification of a new gesture C

Fig. 6. Average curvature function computed from multiple rectangle gestures
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sampled in {si,z’ = L—n} with curvature values at sampled points {ki,i = L—n}
into a particular class of already pre-defined types is done by computing an
alignment and a cost of match with respect to the average curvature function of
each class in a nearest-neighbor approach. Let Cy,Cy,...C} be the set of gesture
templates (or curvature functions averages) representing k gesture types. The
new gesture C is classified as being of type j € {1, k} where j is the index of the
class that minimizes the alignment cost:

AT 2

4.4 Performance Results

Classifier performance. We acquired a data set of 2, 000 gesture samples from
10 subjects. Each subject performed each of the 10 gesture types from Figure [
several times. Figure [8 lists several matching results given twice: as numerical
values and using visual cues. The gray-levels range from white to black where
black stands for maximum difference while white shows a perfect match.

We had a total of 200 samples for each gesture type. Out of these samples, we
chose T" that made up the training set. We performed the training stage 100 times
by randomly choosing the T samples. The rest of 200 - T samples were added to
the testing set. From each testing set and for each of the 10 gesture types, one
sample was randomly selected and classified against the trained classifiers. We
performed these steps 100 times and updated each time the classification error
rate (10 x 100 = 1,000 tests were computed for a specified T value). We varied
T from 2 to 10 samples which led to an error rate of 6% (or 94% accuracy) when
using only 2 training samples and 2.5% (97.5% accuracy) for 10 training samples
(or 1 sample from each user).

Discussion. The main cause for classification errors was related to wrongly
classifying down-left gestures as right-arrows, down-right gestures as left-arrows
and vice versa. This was due to the fact that our classifiers are rotation invari-
ant hence the only difference between these gesture types stands in their turn
angle (which is 90 degrees for down-left and down-right gestures and smaller
for right- and left- arrows). By selecting only 2 stroke samples from the entire
dataset acquired from 10 users (or 0.2 samples per user), the achieved accu-
racy performance was of 94%. The accuracy percent went up to 97.5% with 10

O U R U

circle rectangle down-right down-left left bracket
triangle heart laft arrow right arrow right bracket

Fig. 7. Set of 10 gesture types
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Fig. 8. Matching results for several gesture types

stroke samples (or 1 sample from each user) which makes our method suitable
for multi-user gesture recognition.

System performance. Video-based acquisition was performed on a dual core
P4 2.66GHz machine at a video rate of 25fps with a 320x240 image resolution.
The CPU load varied around 25-30% mainly due to video processing (15-20%).
The maximum time interval allowed for executing a gesture was of 5 seconds
which limited the spline representation to maximum 125 control points at 25fps.
The resolution step chosen for the spline segments (i.e. the number of elastic
springs per segment) was 5 giving in the end a maximum dimensionality for the
algorithm data of order n ~ 600 with an average of n =~ 250. The complexity
of our classification algorithm for a gesture set composed of |G| templates is
O (|G| x n x m) where n and m represent the resolutions of the two sampled
gestures. Although the complexity is quadratic, the domain range is limited, n
and m being of order 250 in the average case.

Video. A demonstrative video of the system running including acquisition and
classification for the purpose of creating virtual objects may be downloaded from
http://www.eed.usv.ro/~vatavu.

5 Conclusions

We presented in this paper a method for recognizing gestures based on a spline
representation for motion trajectories. The classification algorithm is invariant
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to translation, scale and rotation due to the use of curvature functional represen-
tation however it depends on the starting point and direction of execution (due
to the fact that the curvature function changes sign when direction changes).
Also, we were interested in our approach solely on the recognition of gesture
shapes and discard other execution parameters such as speed. However, it may
prove interesting to investigate how execution speed may help classification.

Although we only demonstrate 2D gesture recognition, we believe that the
method can be extended to the 3D case by taking into account another pa-
rameter, i.e. the torsion. Similar to the fact that a planar curve is completely
described (up to translation) by its curvature function, a space curve is equally
defined by the pair curvature and torsion. We believe that extending our method
to the 3D case is interesting as future work while the analysis of the relationship
between the two components curvature and torsion may reveal useful facts with
regards to gesture execution.

Acknowledgments. The work presented in this paper was partially supported
by IRCICA funding, the AUF Bourse de Formation a la Recherche Ref. No.
1021FR58ML /2006 and the Research of Excellence funding grant Ref. No. CEEX
131,/2006.
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