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Abstrac® Sign Languagethe natural communication medium for a deaf person, is difficult to learn for the general
population. The prospecvsigner should learn specific hand gestures in coordination with head motion, facial expression and
body postureSincelanguage learningan only advance with continuopsacticeand correctivdeedback, we have developed
an interactivesystem calledSignTutor, whichaut omati cally evaluates users6 signing a
them to improve theisigning. SignTutoallows usersto practice instructed signs atal receivefeedbackon their performance.
The systenmautomatially evaluaes signinstancesy multimodal analysis of the hand and hgadturesThe time and gestural
variations among differerdarticulationsof the signs are mitigated by the use of hidden Markov models. The multimodal user
feedback consists of @xtbased infamation on the signand a synthesized version of the sign an avatar as asual
feedback We have observed that the system has a very satisfactory performance, especially in tuegégmeEnt mode, and
that the user experience is very positive.

Index Term® Hand and head @stures, sign language recognitionHMM fusion, user feedback

|I. INTRODUCTION

Sign language recognition (SLR) is a multidisciplinary research area involving pattern recognition, computer
vision, natural language processing andUiistics. It is a multifaceted 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 wadtructured languages with a phonology, morpbgl syntax and grammar, they are
different from spoken languages: The structure of a spoken language makes use of words sequentially, whereas a
sign language makes use of several body movements in parallel. The linguistic characteristics of signdamguage
different from those of spoken languages due to the existence of several components affecting the context, such as
the use of facial expressions and head movements in addition to the hand mo{&}j&nts

A. Automatic Sign language Recognition

A brief survey of sign language grammars illustrates the challenges faced: Sign language phonology makes use
of the hand shape, place of articulation, and movement. The morphology uses directionalityaagpecmeral
incorporation, and 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 consequence, the language is intrinsically multimodal. In sum, sign language
recognition is a very complex task: a task that uses hand shape recognition, gesture recognition, face and body
parts detection, facial expression recogniti@rbasic building blocks].

Frontier research on hand gesture recognition and on sign language recognition (SLR) has mainly used
instrumented gloves, which provide accurate data for hand position and fingfegucation. These systems
require users to wear cumbersome devices on their hands. However, humans would prefer systems that operate in
their natural environment. Sindkemi d 906 s, i mpr ov e mehave gnabled redinewmiston-a har dw
based handesture recognitiofd]. Instead of using instrumented gloves, vision bagstems, which only require
one or more cameras connected to the computer, have been adopted. WhilbagsthiSLR systems provide a



more useiffriendly environment, they also introduce several new challenges, such as the detection and
segmentation of the hand and finger configuration, or handling occlusions.

Signs comprise dynamical elements. A recognition system that focuses dhly static aspects of the signs has
a limited vocabulary. Hence, for recognizing hand gestures and signs, one must use methods that are capable of
modeling inherent temporal characteristics of the gestures. Researchers have used several methodsrsiich as neu
networks, hidden Markov models (HMM), Dynamic Bayesian Networks (DBN), Finite State Machines (FSM) or
template matching5]. Among these methods, HMMs have been used the most extensively and have proven
suaessful in several kinds of SLR systems. Initial studies on visimed SLR focused on limited vocabulary
systems, which could recognize-80 signs. These systems were capable of recognizing isolated signs and also
continuous sentences, but with constesi sentence structuf@]. The scalability problem is addressed in the
following studies, where an approach based on identifying phonemes/components of tlig] sigher than the
whole sign has been adopted. The advantage of identifying components is the decrease in the number of subunits
that should be trained, which in turn will be used to constitute all the signs in the vocabulary. With component
based system#arge vocabulary SLR can be achieved to a certain degree.

Another important aspect of sign language is all themanual components concomitant with hand gestures.

To give an idea, in an instrumented ghdased system, a database of 5119 signs hagéesgnized8]. Most of
these SLR systems concentrate on hand gesture analysis only. However, without integratigualrsigns, it is

not possible to interpret the meaning of all these signs. There ara timijted number of studies that integrate
non-manual and manual cues for S[R. Current multimodal SLR systems either integrate lip motion and hand
gestures, or only classify and incorporate either thelfegjaressiorf9] or the head motiofiL0].

Recognizing unconstrained continuous sign sentences is another challenging problem in SLR. The significance
of coarticulaion effects necessitates the usage of language models similar to the ones that are used in speech
recognition. These are complex problems to be tackled and require adequateoknanwd technology such as
high-speed with higheresolution than the commeaticameras. An ideal automatic SLR system should be able to
accurately recognize a large vocabulary set enacted in continuous sentences. Such a system should operate in real
time, and must be robust to lighting, illumination and other environmental camglitit should exploit both the
manual and nomanual signs and the grammar and syntax of the sign language.

There are many potential application areas of SLR systems that requiréo-gigh translation. These
applications include HCI (Huma@omputer Ieraction), public information access such as kiosks, or translation
and dialog systems for humaorhuman communication. An interesting application area, coupled with sign
synthesis capability, is in communicating sign data over a channel. On the sdadtressign is captured and the
SLR code is sent to the receiving end where it is synthesized and displayed on an avatar. This scheme would be
more flexible and more bandwidth efficient as compared to sending the captured sign videos.

B. SLR assisted Sigranguage Education

Practice can significantly enhance the learning of a language when there is validation and feedback. This is true
for both spoken and sign languages. For spoken languages, students can evaluate their own pronunciation and
improve to sme extent by listening to themselvesimiarly, sign language teachers suggest that their students
practice in front of the mirror. Instead with an SbRsed system, studsrcan practice by themselves)idate and
evaluate their signing. Such a systewuld be called such as SignTutor, which would be instrumental in assisting
sign language education, especially for imative signers.

SignTutor aims to teach the basics of the sign language interactively. The advantage of a SignTutor is that it

automatt al |y evaluates the st uedatuatibndvia visual deadbackgandaimfodmatemm a bl e s
about the goodness of the performed sign. The interactive platform of SignTutor enables the users to watch and
learn new signs, to practice and to valedlatt hei r per for mance. The SignTutor &

signing and communicates them the outcome in various feedback modalities: a text message, the recorded video of
the user, the video of the segmented hands and/or an animation on an avata
One of the key factors of SignTutor is that it integrates hand motion and shape analysis together with head



motion analysis to recognize signs that include both hand gestures and head movements. This is very important
since head movements are one aspesign language that most students find hard to perform in synchronism with
hand gestures. To put this advantage of SignTutor, we have dwelled mostly on the signs that have similar hand
gestures and that are mainly differentiated by head movementsevnofithe prospective users and the usage
environment of SignTutor, we have opted for a vidiased usefriendly system which can work with easy to

obtain equipment, such as webcams. The system operates with a single camera focused to the uppéebody of t
user.
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Figure 1. SignTutorGUI: training, practice, informationsynthesis paneksndfeedback examples

Figure 1 shows the graphical user interface of Sign Tutor. The system follows threef@tdpaching a new
sign: Training, practice and feedback. For the training phase, SignTutor provideseaquoed reference video
for each sign. The users select a sign from the list of possible signs and watchrdoomted instruction video of
tha sign until they are ready to practice. In the practice phase, users are asked to perform the selected sign and
their performance is recorded by the webcam. For an accurate analysis, users are expected to face the camera, with
full upper body in the camarfield of view. The recording continues until both harate out of the camera
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 modalities to the sydwr giving feedback to the user as for the quality of the
enacted sign. The goodness criteria are given separately for the two components: the manual component (hand
motion, shape, and position) and the smoanual component, (head and facial feature engtitogether with the
sign name with which it is confused (deigurel). Users can watch the video of their original performance. If the



sign is properly performed, users may watch a caricaturized version of their performamcaromated avataf
demonstration video of SignTutor can be downloaded fidih

In summary, SignTutor aims to facilitate sign language learning especially fonatiwe beginners, by
providing an interactive system. Tosass the usability of the overall system, we have performed a user study, with
the students of the Turkish Sign Language beginner |
the test scores and the comments of users to gauge its effestiven

The rest of the paper evolves as follows. SignTutor modules are described in Section 2. In Section 3, the results
of experiments conducted to assess the performance of the system are presented. Section 4 presents the user study
and discusses its rd1 We conclude and discuss future work in Section 5.

Il. SGNTUTORMODULES

The block diagram of the SignTutor consists a face and hand detector stage, followed by the analysis stage, and
the final sign classification box as illustrated Figure 2. The critical part of SignTutor is the analysis and
recognition suksystem which receives the camera input, detects and tracks the hand, extracts features and
classifies the sign. In the sequel, we present the analysis and recognitidesreotl describe the synthesis and
animation subsystem, which aims to provide a simple visual feedback environment for the users.

Figure 2. SignTutor system flowDetection, analysis and classification steps

A. Hand detection athsegmentation

Although skin color features can be applied for hand segmentation in controlled illumination, segmentation
becomes problematic when skin regions overlap and occlude each other. In fact in sign language, hand positions
are often near the fa@nd sometimes have to be in front of the face. Hand detection, segmentation and occlusion
problems are simplified when users wear colored gloves. The use of a simple marker as a colored glove makes the
system robust to changing background and illuminatmrditions.

For each glove color, we train its respective histogram of color components using several images. We have
chosen HSV color space due its robustness to changing illumination confiityn¥he H, S and V component
are divided into binsAt each bin of the histogram, we calculate the number of occurrences of pixels that
correspond to that birand finally the histogram is normalized. To detect hand pixels in a scene, we find the
histogram bin it belongs to and apghresholding. We apply double thresholding, set at low and high values, to
ensure connectivity: A pixel is considered as a hand pixel if its histogram value is higher than the high threshold,
or if it is in between the two thresholds it is still labetexiglove (hand) provided one or more of neighbor pixels
were labeled as glove. The final hand region is assumed to be the largest connected component over the detected
pixels.



