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can only advance
with practice and
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signing and gives
multimodal feedback
to help improve
signing.
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ign language recognition (SLR) is a

multidisciplinary research area involv-

ing pattern recognition, computer

vision, natural language processing,
and linguistics. The concept presents a multifac-
eted problem not only because of the complexity
of the visual analysis of hand gestures, but also
due to the highly multimodal nature of sign
languages. Although sign languages are well-
structured languages with a phonology, mor-
phology, syntax, and grammar, they are different
from spoken languages. The structure of a spo-
ken language makes use of words sequentially,
whereas a sign language makes use of several
body movements in parallel. The linguistic char-
acteristics of sign language are different from
those of spoken languages due to the existence
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of several context-affecting components, such
as facial expressions and head movements in
addition to hand movements.*?

Practice can significantly enhance the learning
of a language when there is validation and feed-
back. This is true for both spoken and sign lan-
guages. For spoken languages, students can
evaluate their own pronunciation and improve
to some extent by listening to themselves. Simi-
larly, sign language teachers suggest that their stu-
dents practice in front of a mirror. An SLR system
lets students practice, validate, and evaluate their
signing. Such systems, including our SignTutor,
can be instrumental in assisting sign language
education, especially for non-native signers.

With our SignTutor system, we aim to teach
the basics of sign language interactively. Sign-
Tutor automatically evaluates the students
signing through visual feedback and informa-
tion about the success of the performed sign.
The SignTutor interactive platform enables
users to watch and learn new signs, practice
them, and validate their performance. Sign-
Tutor communicates to students with various
feedback modalities: text message, recorded
video of the user, video of the segmented
hands, or avatar animation. A demonstration
video of SignTutor can be downloaded at
http://www.cmpe.boun.edu.tr/pilab/pilabfiles/
demos/signtutor_demo_DIVX.avi.

Automatic sign language recognition

A brief survey of sign language grammars
illustrates the challenges faced in developing
automated learning and tutoring systems. Sign
language phonology makes use of hand shape,
place of articulation, and movement. The mor-
phology uses directionality, aspect, and numeral
incorporation, while the syntax uses spatial
localization and agreement as well as facial
expressions. The whole message is contained
not only in hand gestures and shapes (manual
signs) but also in facial expressions and head/
shoulder motion (nonmanual signs). As a conse-
quence, the language is intrinsically multimo-
dal. Hence, SLR is a complex task that uses
hand-shape recognition, gesture recognition,
face-and-body-part detection, and facial-
expression recognition as basic building blocks.®

Pioneering research on hand-gesture recogni-
tion and on SLR has mainly used instrumented
gloves, which provide accurate data for hand
position and finger configuration. These systems
require users to wear cumbersome devices on
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their hands. However, humans would prefer sys-
tems that operate in their natural environment.
Since the mid 1990s, improvements in camera
hardware have enabled real-time, vision-based,
hand-gesture recognition,* which does not use
instrumented gloves and instead requires one
or more cameras connected to the computer.
While vision-based SLR systems provide a more
user-friendly environment, they also introduce
several new challenges, such as the detection
and segmentation of the hand and finger config-
uration, or handling occlusions.

Because signs consist of dynamic elements, a
recognition system that focuses only on the
static aspects of the signs has a limited vocabu-
lary. Hence, for recognizing hand gestures and
signs, we must use methods capable of model-
ing the gestures inherent temporal characteris-
tics. Researchers have used several methods
such as neural networks, hidden Markov mod-
els (HMM), dynamic Bayesian networks, finite-
state machines, or template matching.®> Among
these methods, HMMs have been used the
most extensively and proven successful in sev-
eral kinds of SLR systems.

Initial studies on vision-based SLR focused on
limited-vocabulary systems, which could recog-
nize 40 to 50 signs. These systems were capable
of recognizing isolated signs and also continu-
ous sentences, but with constrained sentence
structure.® One study addressed the scalability
problem, which adopted an approach based on
identifying sign phonemes and components
rather than the whole sign.” The advantage of
identifying components is the decrease in the
number of subunits that the system needs to
model; subunits are then used to represent all
the signs in the vocabulary. With component-
based systems, large-vocabulary SLR can be
achieved to a certain degree. For example, in
an instrumented glove-based system, research
has recognized a database of 5,119 signs.®

Another important aspect of sign language
is the use of nonmanual components concom-
itant with hand gestures. Most of the SLR sys-
tems in the literature concentrate on hand-
gesture analysis only. However, without inte-
grating nonmanual signs, it s not possible to
interpret the meaning of all these signs. There
are only a limited number of studies that inte-
grate nonmanual and manual cues for SLR.3
Current multimodal SLR systems either inte-
grate lip motion and hand gestures, or only

classify and incorporate either the facial expres-
sion® or the head motion.*°

Recognizing unconstrained, continuous sign
sentences is another challenging problem in
SLR. The significance of coarticulation effects
necessitates the use of language models similar
to those used in speech recognition. These
complex problems require adequate expertise
and technology, such as high-speed cameras
that have higher resolution than those com-
mercially available. An ideal automatic SLR sys-
tem should accurately recognize a large
vocabulary set enacted in continuous senten-
ces. Such a system should operate in real time
and be able to handle different lighting and
environmental conditions. It should exploit
both the manual and nonmanual signs and
the grammar and syntax of the sign language.

There are many potential application areas
of SLR systems that require sign-to-text trans-
lation. These applications include human
computer interaction; public information
access, such as kiosks; or translation and dialog
systems for human-to-human communication.
An interesting application area is communicat-
ing sign data over a channel. The sign is cap-
tured on the sender side and the SLR output is
sent to the receiving side where it s synthesized
and displayed on an avatar. This scheme is
more flexible and more bandwidth efficient
than simply sending the captured sign videos.

SignTutor overview

One of the key factors of SignTutor is that it
integrates hand-motion and hand-shape analy-
sis with head-motion analysis to recognize
signs that include both hand gestures and
head movements. This factor is important
because head movements are one aspect of
sign language that most students find hard to
perform simultaneously with hand gestures.
To offer students a learning advantage, in Sign-
Tutor we focus mostly on the signs that have
similar hand gestures and that are mainly dif-
ferentiated by head movements. In view of
the prospective users and use environments of
SignTutor, we have opted for a vision-based,
user-friendly system compatible with easy-to-
obtain equipment, such as webcams. The sys-
tem operates with a single camera focused on
the user s upper body.

Figure 1a (next page) shows the graphical user
interface of Sign Tutor. The system follows three
steps for teaching a new sign: training, practice,
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and feedback. For the training phase, SignTutor
provides a prerecorded reference video for each
sign. The users select a sign from the list of possi-
ble signs and watch the prerecorded instruction
video of that sign until they are ready to practice.
In the practice phase, users are asked to perform
the selected sign; their performance is recorded
by the webcam. For an accurate analysis, users
are expected to face the camera, with full upper
body in the camera field of view. The recording
continues until both hands move beyond the
camera s field of view. SignTutor analyzes the
hand motion, hand shape, and head motion in
the recorded video and compares it with the

selected sign.
We have integrated several ways for the sys-

tem to give users feedback regarding the quality
of the enacted sign. The system offers feedback
on student success with two components
manual (hand motion, shape, and position) and
nonmanual (head and facial feature motion)
along with the sign name (see Figure 1b).
Users can watch the video of their original per-
formance. If they performed the sign properly,
they can watch an avatar perform an animated
version of their performance.

SignTutor modules
SignTutor stages consists of a face and hand

detector stage, followed by the analysis stage,
and the final sign classification, as Figure 2
shows. The critical part of SignTutor is the anal-
ysis and recognition subsystem, which receives
the camera input, detects and tracks the hand,
extracts features, and classifies the sign.

Detection

@

(b)

Hand detection and segmentation

Although skin color features can be applied
for hand segmentation in controlled illumina-
tion, segmentation becomes problematic
when skin regions overlap and occlude each
other. In sign language, hand positions are
often near the face and sometimes have to be
in front of the face. Hand detection, segmenta-
tion, and occlusion problems are simplified
when users wear colored gloves. The use of a
simple marker as a colored glove makes the sys-
tem adaptable to changing background and
illumination conditions.

For each glove color, we train its respective
histogram of color components using several
images. We chose the hue, saturation, and
value (HSV) color space due to its ability to be
useful despite changing illumination conditions.**

Analysis Classification

( Hand motion

(center of mass, velocity)

Hand detection :
and segmentation y

Hand shape

(area, orientation, ...)

Sign language video

Hand position
(with respect to face and other hand)

Hidden Markov X L
o Final decision
model classifier

Face detection

(neutral, no, yes, turn, ...)

[ Head motion

N L

Eye, eyebrow, mouth motion
(open, close, up, down, ...)

—

Authorized licensed use limited to: IEEE Xplore. Downloaded on March 31, 2009 at 11:09 from IEEE Xplore. Restrictions apply.

Figure 1. SignTutor
GUIL. (a) Training,
practice, information,
and synthesis panels.
(b) Feedback examples.

Figure 2. SignTutor
system flow: detection,
analysis, and
classification steps.
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