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ABSTRACT

Sign language is the primary modality of communication
among deaf and mute society all over the world. This
paper proposes a viewpoint independent method for sign
recognition. Considering that two sequences of the same
sign can be roughly considered as the input of a stereo
vision system after time-warping, and the fundamental
matrix associated with two views SHOULD BE UNIQUE,
we can convert the temporal-spatial recognition task as a
verification task within a stereo vision framework. After
time-warping of the input sequences, the proposed
framework can reach both temporal and viewpoint
invariance. We demonstrate the efficiency of the proposed
framework by recognizing a vocabulary of 100 words of
Chinese sign language. The recognition rate is up to 97%
at rank 3. Furthermore, the proposed framework can be
ecasily extended to other recognition tasks, such as gait
recognition and lip-reading recognition.

1. INTRODUCTION

Sign language is the primary modality of communication
among deaf and mute society in the world. Data gloves,
which can provide high accurate input data at a high
frequency, are widely used as input device for sign
language recognition. Unfortunately, the data gloves are
too expensive and easy to damaged. On the contrary,
video camera is more natural and more convenient way
for the wusers even if it faces more challenges
[2](3][7][10].

However, many vision-based methods are dependent
on the viewpoint on which sign is observed. Starner and
Pentland [9] proposed a view-based approach to extract
2-D features as input to and feed into Hidden Markov
Models (HMMs)-based recognizer. The vocabulary of
their work is 40 words. In [1], Britta Bauer adopts
continuous density HMMSs to recognize continuous Sign
language. One of their features is the location of each
colored area of the colored gloves, which is represented by
the distances of the center of gravity of each hand
relatively to the central body axis and the height of the
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right shoulder. Obviously, the feature is dependent on the
view.

In dialog scenarios, it is unreasonable to assume that
the view of training data is the same to the view in testing
or running data. Visual-based sign language recognition
should be viewpoint independent.

Wu and Huang [11] proposed an appearance-based
learning approach for View-independent recognition of
static hand postures. However, the appearance-based
learning method is not fit for temporal word-level sign
recognition because of the complexity of appearance in
temporal signs. A workable way to view-independent
recognition of temporal sign language is to estimate the
hand configuration by taking advantage of 3D hand
models. The method can directly achieve view
independent recognition since hand configurations are
independent to view directions. In [10], C. Vogler and D.
Metaxas use three cameras placed in a mutually
orthogonal configuration to extract three-dimensional
position and orientation of a signer’s body parts and utilize
HMMs for recognition. The accuracy rate is 98% for a
vocabulary of 53 American Sign Language words.

After all, the constraint of three cameras is too strong
to the users, and could we use just one viewpoint-free
camera for visual-based sign language recognition? In this
paper, we propose such a framework by converting the
temporal-spatial recognition task as a verification task of a
stereo vision. As we know, there is not any previous report
about viewpoint invariant recognition of sign language
based on only camera.

The rest of the paper is as following: Section 2 gives
the basic idea of our method. Section 3 describes the detail
of the proposed method for viewpoint invariant sign
language recognition. Experimental results are presented
in Section 4. Finally, the conclusion is given in Section 5.

2. BASIC IDEA

What is the essence of temporal-spatial recognition? From
our view, it’s just a matching between the training
observation and testing observation. After time warping,
we can explain the visual matching task as a stereo vision
task, where one of the cameras gets the view of a known
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Fig. 1. The illumination of the basic idea: two sequences
of the same sign can be roughly considered as the input of
a stereo vision system after time-warping, and the
fundamental matrix associated with two views SHOULD
BE UNIQUE.

sign sequence while the other gets the view of a sign
sequence which is to be determined with the same as the
known sign. From the previous work on stereo vision [6],
we know that the fundamental matrix of a stereo vision
system should satisfy that:

p'Fp’=0, M
where p and p’ are the vectors of the same spatial point

from the two cameras and F is the fundamental matrix,
which can be looked as the system parameters of the
stereo system. If the sequence of a known sign can be
matched with an unknown one, then the fundamental
matrix should be kept during all the period of the
sequences. The basic idea is illuminated as Figure 1. For
two sequences representing the same sign, whether their
views are same or not, after time-warping, we can
consider that the two sequences is obtained synchronously
from two views, as Figure 1. Thus, at each warped time
instant, the signer in the two sequences will be at the same
posture. Note that Fundamental Matrix represents the
extrinsic projective geometry between the views, and we
can see that these fundamental matrixes, obtained by
analyzing point correspondence between two frames at
every warped time instant, are same since these
fundamental matrixes represent the same extrinsic
projective geometry between two views associated with
two signs. On the contrary, if the two sequences represent
different sign, since the signer would never be at the same
posture at any time instant and the two sequences can
never be seen as synchronization, the situation that all
obtained fundamental matrixes are same would never
happen. Therefore, we propose a two steps algorithm for
temporal-spatial recognition task: firstly, we use the video
synchronization technology as described in [8] to warp the
known template to the unknown input, which we assume
they are the same, then we verify the uniqueness of the
obtained fundamental matrixes during the performance to
determine whether they are the same. Experimental results
demonstrate the efficiency of the proposed approach, for a
vocabulary of 100 words in Chinese Sign Language,
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(b) ack

(a) palm
Fig.2. The colored glove.

it achieves a accuracy of up to 97% at rank 3. Furthermore,
the proposed viewpoint invariant recognition algorithm
can be easily extended to other recognition task, such as
gait recognition, lip-reading recognition, etc.

3. VIEWPOINT-INVARIANT SIGN LANGUAGE
RECOGNITION

In this section, we describe our representation of signs,
apply the video synchronization technology to warp two
sequences and propose the novel measurement based on
stereo vision for viewpoint invariant sign language
recognition.

3.1. Colored Glove

To describe the hand features more elaborately for
discriminating the similar signs and make feature point
extraction easy, a pair of colored cotton gloves are used.
The design of the color pattern is one of the key issues.
The two hands play different roles in performing sign
language. Usually, one hand plays dominant role, which is
the right hand for most of the signer, and the other plays
the accessory or non-dominant role, which is the left hand
for most of the signers. Considering the fact that most of
discriminative feature information is conveyed by the
dominant hand, we color the D-hand glove with 7
different colors to indicate the areas of 5 fingers, palm and
back, and paint the non-dominant hand glove with another
sole color. When performing sign, the signer wears the
colored gloves in the unconstrained environment. For
many signs are only performed with the dominant hand, in
our work, we concentrate on only the words represented
by the motion of the dominant hand. The gloves used in
our work are shown as Figure 2.

3.2. Representation of signs

Within the literature of vision-based recognition of sign
language, a sign refers to a video clip. At a certain time
instant, the signer is at a certain posture. If we use the
concept of a configuration to denote the set of all visible
feature points of a certain posture, written
85 C = {p,,p,»+op,} » Where p, = (x,.y,.1)7 denotes a

feature point and # is the number of feature points , we can
represent a sign by §=(C,,C,,---,.C,,---,C,}, where C,



is the configuration at time t and m is the length of the
sequence.

3.3. Time warping

To ensure that same signs performed with different speed
can be accurately aligned before recognition, we utilize an
efficient technology as described in [8] to warp the input
to each template.
Given two configurations:
C={p;sPs> *P,}
C'= {p;a p,za"'ap;}
Following the constraint of Epipolar Geometry, a
Fundamental Matrix F can be uniquely associated with
(C,C") if the two configurations represent the same

posture of the signer. In order to use the constraint in
matching two sequence, a similarity metric in [8][4] is
used to measure the similarity between two configurations,
shown as following:

XX XX, ' Fn
Xy x| | Fi
Xy X, Fi3
VX X || Fa
Af =] yy/ yVu| | Fa|=0. @

DA F

Xp x| | Fa
Voo, Fx

1 1 Fi

where f is a 9-vector (in row-major order) representation
of F. Since Eq. 2 is a homogenous equation, A has a rank
of at most eight, if the two configurations represent the
same posture. Thus, the similarity of two configurations
can be measured using the ninth singular value of A%,

Therefore, we can perform DTW using the above
similarity metric to warp two sign sequence.

3.4. Sign Language Recognition

As mentioned before, we can exploit the way of verifying
the uniqueness of all fundamental matrixes obtained at
every warped time instant to judge whether the input sign
clip is the same with the current template. Key to the idea
is to seek for an efficient measurement which reflects the
uniqueness of these fundamental matrixes. In the section,
we proposed such a measurement.

Given the unknown input S and the -current
Template S”, we first warp S” to S as mentioned in Section
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3.3. We note the input as s={c,,C,,---,C,} and the

warped template as §’ = {(Cl,C5,--,CL Y Thereafter, we can
obtain a sequence of Fundamental Matrix as

F={F,F,,--,F } by analyzing point correspondence of
each configuration pair (C,,C;), wherei =1,2,---,m
We define that

dz'sz<C,,c;)=nl[Z;[dz(p,-,F,.p:)+d2(p:,F,Tp,)]J’ 3)

AN !
where dist(Cj,C;) is a distance metric between C, and
c’ d(p, ) denotes the spatial distance from the point

p to the line /, Fp’ and F/p, are the epipolar lines

associated with p’ and P,

From the properties of epipolar geometry[5,6], we
know that dist(Cj,C;) will be very small and close to 0

if C, and C’, represent the same posture since p must lie
in the epipolar line of Fp’ and p/ must lie in the
epipolar line ofFjT p,» and vice verse. Thus, we can use it

to measure the similarity between two configurations. At
the same time, it is easy to see that the value of
dist(C,,C;.) can be used to explain whether the matrix of

F, is the exact fundamental matrix between two views
associated with C, and c’ -

So, a possible global metric, which can be used to
explain whether all obtained fundamental matrixes are the
exact fundamental matrix between two views associated
with Sand S, can be defined as:

dist(S,8") = iz dist(C;,C’)
mi3

5 T (4)
[ZE[dZ(p,,F,p:Hdz(p:,F, pf)]J

Considering that these fundamental matrices in F are
same to each other when the unknown input and the
current template are the same sign while these
fundamental matrix are apparently different from each
other when the unknown input and the current template
are different sign, we can apply each fundamental matrix
F; in F to all corresponding points of the two sequence to
enlarge the above global metric in the case of different
signs and maintain the metric in the case of same signs.
The last metric used in the work, which reflects the
uniqueness of these obtained fundamental matrixes, is
defined as:

1& 1
i

j

e en_ Ixnlfxn1 , , >
dist'(S,5) =ZZ*[ZE[dZ(p,,F,p,)+d2(p,,F/TP,)]J 5)
Jj=1 i=1
where n is the sum of all corresponding points between
two sequences. The primary feature of the metric is

invariant to view, in other words, the distance between the
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Fig.3. Cumulative Match Characteristic for two

experiments: Experiment 1 use dist(S,S”) as the

measurement while Experiment 2 use dist'(S,S’) as the
measurement.

unknown input and the corresponding template using the
metric will be wished to the smallest among all distances
whether view is invariant or not.

Experiments presented in Section 4 shows that the
modified metric defined in Eq. 5 has a great improvement
in recognition rate than the metric defined in Eq. 4.

4. EXPERIMENTAL RESULTS

The paper proposes a novel method for sign language
recognition. The main concern is to recognize temporal
signs performed at different rate and from different
viewpoint.

To verify the proposed method, we test it on a
medium size vocabulary set (100 different signs).The
template signs is collected from the frontal views and the
data of input signs is collected from the views among
0~£30°.

For current collected data, our algorithm achieves a
recognition rate of up to 97% at rank 3. The performance
of recognition (Cumulative Match Characteristic for ranks
up to 6) is shown in Figure 3. The satisfied result, seen
from Figure 3, demonstrates the efficiency of exploiting
the way of verifying the uniqueness of fundamental
matrixes to recognize temporal sign language in different
viewpoint.

5. CONCLUSION

This paper proposes a novel viewpoint-invariant sign
language recognition method. The basic idea is to consider
the temporal-spatial recognition task as a verification task
of a stereo vision based on the constraint of fundamental
matrix. For a vocabulary of 100 words of Chinese sign
language, the proposed method achieves a high accuracy
of up to 97% at rank 3. Furthermore, the proposed

111-284

viewpoint invariant recognition framework can be easily
extended to other recognition task, such as gait recognition
and lip-reading recognition.

There are still some open problems: how to
automatically seek the start and end position within a
continuously sign stream? Is it still work well for a large
vocabulary set, for example, over 1000 words? We will
work on these problems in the future.
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