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Abstract. This paper reviews the extensive state of the art in automated recognition of continuous signs, from different languages, based on the data sets used,
features computed, technique used, and recognition rates achieved. We find that,
in the past, most work has been done in finger-spelled words and isolated sign
recognition, however recently, there has been significant progress in the recognition of signs embedded in short continuous sentences. We also find that researchers are starting to address the important problem of extracting and integrating non-manual information that is present in face and head movement. We
present results from our own experiments integrating non-manual features.

1

Introduction

Human computer interaction is gradually moving towards a modality where speech
recognition is playing a major role because of the advances in automated speech understanding and synthesis. This shift to speech-based I/O devices is likely to present
a barrier in the near future for people with disabilities. In particular, it may be next
to impossible for people who rely on sign language for communication to access state
of the art technology unless these devices also incorporate automated recognition of
sign language into speech and vice-versa. Research in speech-to-sign translation using a computer-generated signer has progressed to the level of being potentially useful,
public, or commercial applications in various countries [1–3]. However, development
of end-to-end products in automated recognition of sign language have proceeded at a
slower pace. We could find information about only two kiosks [4, 5] that recognize a
limited number of individual signs or sentences made by people wearing special gloves.
Many natural sign languages throughout the world incorporate a manual alphabet
with 26-40 hand shapes or letters that allows people to spell out a word. This process
is called finger spelling. To allow a deaf person to communicate proper names and
concepts for which there is no readily known manual sign, a translation system needs
to incorporate recognition of continuous finger spelling also. Since 1990, researchers
have focused on automated recognition of isolated hand shapes (some are actual letters in manual alphabets) and individual signs. Representative examples of this work
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include [6–14]. Fortunately, in the last ten years, researchers around the world are gradually moving beyond isolated recognition to work on automated recognition of continuous letters, i.e., finger spelling [15–17]) and sentences of continuous signs, e.g., signs
without intentional pauses between them [18–25]. Due to space limitations, we review
only work in continuous signs in this paper. Table 1 compares data sets, features, technique(s) used by different research groups working on continuous sign language recognition and indicates the recognition rates reported in the literature. From this review, we
make the following observations about the state of the art.

2

Input Data

Researchers are using a variety of input devices to collect sign data ranging from data
gloves such as Cybergloves, to magnetic markers and 3SPACE position trackers, combinations of the above or vision-based systems that have no special input devices at
all. Wearable devices bypass the segmentation problem by directly conveying location
features but are unnatural and cumbersome. Number of cameras used also varies from
one to three yielding 2D and 3D images. In some studies, the background has been uniform, signers wear dark clothes and/or colored gloves to make it easier for the computer
algorithms to segment the hand and face regions.

3

Recognition Approach

Most groups up through the year 2000 used a Hidden Markov Models (HMMs) approach with one HMM per sign to automate the process of sign recognition [26, 19,
18, 27–32], with Taiwan also using a word segmentation approach and Japan using
word segmentation and minCost approach. These HMM-based models have problems
in scaling with the vocabulary. Many groups seem to have abandoned this model and
adopted a parallel HMM model or a model where each HMM models a phoneme or
subunit of a sign although different groups have different techniques for defining a subunit (movement-hold [21, 33], fenones [34]) An excellent example is the Chinese system [24] that uses a large hierarchical decision tree and state tying HMMs at three levels
for 2400 basic phonemes of Chinese signs. They also have a model for distinguishing
transitional movements that signers make between signs.

4

Databases

In terms of databases, typically, researchers have created their own video recordings
of gestures, signs and sentences. The test data sets vary with one group focusing on
continuous sentence recognition based on a sign vocabulary of 5 [35] to China’s 5113sign lexicon [24]. Three articles [19, 25, 35] report sentences composed from a sign
vocabulary of 10 or less signs. Ten articles reporting a vocabulary of 22-49 [18, 20, 26,
36, 28, 37, 38, 33, 39, 22] and six report vocabulary of 52-250 [21, 27, 30–32, 40]. Most
groups have attempted to recognize a set of 10 to 196 sign sentences of 2-12 signs in
each sentence with recognition rates varying from 58% - 95.8%. A few groups have
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tested between 400 and 1000 sentences [26, 36–38, 33, 41, 24] and report recognition
rates of 52.8% - 90+%.
Large, common, datasets are rare. One such database is SignStream, an annotated
video database tool for analysis of ASL linguistic data [42]. Linguists continue to study
how the grammar of ASL differs from that of English. A recent boon for ASL researchers is availability of an extensive video database of ASL motions, handshapes,
words and sentences created by Purdue University [43].

5

Recognition Performance

Most groups measure recognition rates for isolated signs and continuous signs, with
some groups choosing to look at other variables such as context independent and context
dependent; short vs. long sentences; with rule-based grammar and colored gloves vs.
with no grammar and colored gloves and with grammar and skin tone compared to no
grammar and skin tone. Reported recognition rates for continuous sign recognition vary
from 58% [44] to 99% [36]. Although less useful, rates for recognizing isolated signs
range much higher (91% -99%).
We advocate a need to build consensus regarding meaningful measures of performance from a communication point of view rather than reporting signal-based accuracies. Some researchers report total number of words (actually they mean signs) in all
sentences that were correctly recognized and/or percentage of words (signs) within all
signed sentences correctly recognized by their system. We propose that a more meaningful performance measure is the percentage of sentences that were correctly translated
or recognized. Just word level recognition rates are not good indicators of communication performance. Some signs in a sentence are more important to recognize than others.
So, instead of categorizing errors as insertion, deletion or substitution, perhaps judging
to what degree an error affected the meaning of the sentence or assigning weights to
errors would be preferable.

6

Non-manual Features

In addition to conveying meaning through manual signs, signers also convey information non-manually through their facial expressions and body movements. Facial expressions can include movements of the eyebrows, lips and head. Different groups have now
started to tackle the issue of feature extraction related to non manual features such as
head motion (Xu et al. [45], Erdem & Scarloff [46]), facial expression and lip movement (Canzler & Dziurzyk [47]). None of these groups have yet published combination
strategies for manual and non-manual information and the impact of non-manual features on sign language recognition. At the University of South Florida, we have explored
one possible strategy for extracting, representing, and integrating non-manual aspects
such as facial expression and head movement into the recognition process [39].
To date, it has been difficult to directly use the facial information because of the following reasons. Manual information is not necessarily synchronized with non-manual
information. For example, the same facial expressions are not present at the same temporal position with respect to the manual in two instances of the same sentence. Another
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problem has to do with not being able to extract facial expression information in every
frame of a sequence. If there is presence of a strong non-manual indicating ‘Assertion’
or ‘Negation’ in the sentence, the facial expressions, as registered in the images, are
totally swamped by the face movements which are indicated by ‘head shakes’ or ‘head
nods’. For these two reasons, we employ a sequential integration approach where the
non-manual information is used to prune the list of word hypotheses generated by manual information. We show that the additional use of non-manual information increases
the accuracy of recognition of continuous words from 88% to 92%, which is a significant difference. We were also able to detect ‘Negation’ in sentences based on simple
motion trajectory based features 27 out of 30 times.

7

Multiple Signers and Background

Other issues that are important has to do with being to able to handle multiple signers
and multiple backgrounds. From what we can discern from published reports, a number
of groups have utilized more than one signer but only a few groups are working on
signer independent systems [24, 25]. There does not seem to be any group working on
pure video based systems that can handle complex backgrounds.

8

Conclusion

To summarize, we have compared and contrasted different approaches to producing
continuous sign language recognition in terms of the reliance on gloves vs bare hand,
recognition method, database used for testing, performance achieved, use of non-manual
information, and the ability to handle multiple signers. Recognition of continuous signs
has progressed to a point where we are starting to see the emergence of the design for
some future commercial systems [5, 49]. Among the research challenges that remain
as excellent future research directions are: (i) signer independent recognition, (ii) development of bi-directional systems for each sign language, (iii) use of non-manual
information to enhance recognition, (iv) development of communication based performance measures to quantify progress in sentence level recognition, and (v) development
of non-glove based systems that scale up to a large vocabulary and handles different
backgrounds. One of the long term inter-modality integrative efforts include the use of
wide-area, high bandwidth networks and wireless communication technologies to provide ”modality translation and assistance services” so that a variety of remote services
such as instant text transcription or sign language interpretation on demand would be
available anywhere anytime [50]. Second, the W3C now has published the first working
draft of EMMA (Extended MultiModal Annotation markup language) which takes usersupplied information from speech recognizers, handwriting recognizers, keyboard and
mouse device drivers and converts it into an EMMA representation [51]. It is advisable
for researchers working on automated sign recognition and translation to communicate
with W3C so that EMMA will also be able to utilize information supplied from ”sign
translators and sign recognizers”.
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Table 1. Automated Continuous Sign Recognition, i,e. Signs Embedded in Sentences
Citation

Type

1995 Starner [26]
and Starner & Pentland [36]

ASL

1996 Braffort [19]

French

1996 Starner & Pentland [18]

ASL

1997 Vogler & Metaxas [27]

ASL

1997 Starner, Weaver
& Pentland [28]

ASL

1998 Assan & Grobel [29]
1998 Liang
& Ouhyoung [21]

Data Set, Accuracy Rate,
Input Device, Technique Used
400 sentences based on 40 signs about 4 signs
each 95% w colored gloves 90% w/o colored
gloves w strict grammar 99%, camera-based,
HMM
7 signs, 44 sentences, 92-96%, HMMs, Dataglove
40 signs, constrained sentence structure, no
gloves-92%, gloves 99%, 1 camera, HMM
53 signs 97 sentences widely varied sentence
structure HMMS modeling 3 video cameras 3D
movement parameters better than context dependent HMMs 92.1-95.8%

continuous, real time, sentence level, 40 sign
lexicon, no gloves 92%, camera in cap 98%,
(97% unrestricted grammar)
Netherlands 26 signs, 14 sentences of 3-5 signs, 72.8%,
signer dependent, HMMs
Taiwanese 71-250 signs, HMMs with explicit segmentation Movement-Hold, 1 Dataglove, signer dependent, real time, Long sentences 4-5 signs
each recognition better than short sentences (23 signs ea), overall average rate is 80.4%, rate
decreases as size of sign vocabulary increased

1998 Vogler
& Metaxas [30]

ASL

53 signs, unconstrained sentence structure,
HMM and 3D motion analysis

1999 Hienz, Bauer
& Kraiss [31]

German

52 signs, signer dependent, sentences with 29 signs each, single camera, HMMs, Stochastic
grammar language model, 95% bigram model

1999 Vogler
& Metaxas [38, 37]

ASL

22 words, 499 sentences of diff lengths, 3
experiments, word accuracy 91.82%, phoneme
level with local features 88.36%, Phoneme level
with global features 91.19%, HMM recognized
phonemes not whole signs

2000 Bauer, Hienz & Kraiss [32]
German
and Bauer & Hienz [40]

Sentences based on 52 signs, 94%, sentences
based on 97 signs, 93.2%, with bigram model,
1 HMM per sign

2000 Sagawa
& Takeuchi [44, 5]

Japanese

10 sentences, 1 and 2 handed signs, 200 samples,
58%

2000 Vogler, Sun
& Metaxas [33]

ASL

99 test and 400 training sentences over 22
signs, parallel HMMs each HMM based on single phoneme Movement Hold, 84.9% sentence
level, 94.2% sign level
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Table 1. (Continued)

Data Set, Accuracy Rate,
Non-Manual
Input Device, Technique Used
2001 Vogler & Metaxas [41] ASL
400 training, 99 test sentences, 22 signs,
phoneme level, Parallel HMMs
Head
2001 Xu [45]
Japanese 11 head motions, ”good recognition”, real
motions
time 2 video cameras
2002 Erdem
Head
ASL
10 ASL video sequences, 3D head tracker,
& Sclaroff [46]
Shakes
no sign recognition results
2002 Canzler
German Nonmanuals facial features, 24 persons,
Face
and Dziurzyk [47]
30 images, no sign recognition results
2002 Yuan et al. [48]
Chinese 40 signs, upto 4 sign sentences, 2 gloves
and 3 trackers, 70%, HMMs (strong/weak
connections)
2003 Brashear et al. [35]
ASL
5 signs, 72 sentences, 90.48%, accelerometer
2003 Chen [24]
Chinese 5113 signs, 1000 sentences, 6 signers,
signer independent, 87.58%, decision tree,
fuzzy VQ
2003 Kapuscinski
Polish 10 signs, 12 sentences, 2-4 sign each, for
& Wysocki [25]
1 signer recognition rate of 82.5-86.7%, 3
signers results in 81.3% - 86.4%, PaHMM
+ bigram = best, Camera Long sleeves, No
gloves
Face,
2003 Parashar [39]
ASL
39 signs 25 sentences, with 1-5 signs each,
Head nods
2 cameras, bottom up approach using relational features, 88% sign recognition, 92%
with nonmanual info
2004 Vogler
ASL
22 signs 99 test sentences, 88.89%, move& Metaxas [22]
ment channel, handshape channel, Parallel
HMM
Citation

Type
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