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ABSTRACT

We present an approach to continuous American
Sign Language (ASL) recognition, which uses as in-
put three-dimensional data of arm motions. We use
computer vision methods for three-dimensional object
shape and motion parameter extraction and an Ascen-
sion Technologies Flock of Birds interchangeably to
obtain accurate three-dimensional movement parame-
ters of ASL sentences, selected from a 53-sign vocab-
ulary and o widely varied sentence structure. These
parameters are used as features for Hidden Markov
Models (HMMs). To address coarticulation effects
and improve our recognition results, we experimented
with two different approaches. The first consists of
training context-dependent HMMs and is inspired by
speech recognition systems. The second consists of
modeling transient movements between signs and is
inspired by the characteristics of ASL phonology. Our
experiments verified that the second approach yields
better recognition results.

1. INTRODUCTION

Sign language and gesture recognition have impor-
tant applications in virtual reality, where gesturing
would certainly provide a natural and efficient way
for human-computer interaction. Unlike general ges-
tures, sign language is highly structured, which makes
the recognition problem easier, since its structure
can be used to form constraints and exploit context.
Thus, sign language recognition provides a good start-
ing point for researching more general gesture recog-
nition problems. It is even conceivable that the user
could learn a subset of sign language to interact with
the computer. In addition, a functional sign language
recognition system could facilitate the tedious pro-
cess of transcribing conversations for sign language
research tremendously, as well as facilitating interac-
tion between deaf and hearing people.

This paper presents a new approach to continuous
American Sign Language (ASL) recognition. We use
computer vision methods for three-dimensional object
shape and motion parameter extraction and an As-
cension Technologies Flock of Birds interchangeably
to obtain accurate three-dimensional movement pa-
rameters of ASL sentences from a 53-sign vocabulary

and a widely varied sentence structure. The param-
eters are used as features for Hidden Markov Models
(HMMs), which have successfully been used in speech
recognition [6].

Obtaining accurate three-dimensional data, however,
forms only the first step toward good recognition
performance. For continuous recognition, a ma-
jor problem are coarticulation effects, that is, the
pronunciation! of a sign is influenced by the preced-
ing and following signs. We discuss two approaches
to solving this problem and provide experimental re-
sults. The first one consists of training context-
dependent HMMs and is inspired by speech recog-
nition systems. The second one consists of modeling
transient movements between signs and is inspired by
the characteristics of ASL phonology [7]. The second
approach is new and appears to perform better than
the first one.

ASL is the primary mode of communication for many
deaf people in the United States. Its linguistic prop-
erties are the best-understood of all sign languages
in the world, thanks to a large user base and early
pioneering research, which makes ASL an appealing
choice for research in automatic sign language recog-
nition. The arm and hand movements form the most
versatile and at the same time easiest to capture as-
pect of ASL, so our approach concentrates on these.
Like all sign languages, ASL makes extensive use of
space, which makes three-dimensional methods essen-
tial for accurate parameter estimation. The use of
space also has important grammatical functions, most
notably establishing subjects and objects [12]. How-
ever, we choose to ignore them at present to keep the
problem domain manageable. For the same reason,
we do not address independence across many differ-
ent signers.

The ability to recognize continuous sentences, without
the introduction of artificial pauses, has a profound
influence on the naturalness of the human-computer
interface. Although recognition of isolated signs is
of interest itself, a gesture or sign language interface
stands a higher chance of becoming accepted if it does
not require the user to introduce unnatural pauses

1'We choose to follow the established terminology of spoken
language linguistics where applicable.



during interaction. Besides, only a continuous recog-
nition system will ever stand a chance of aiding in the
transcription of sign language conversations.

In the following sections, this paper discusses related
work, then briefly describes the data collection proc-
ess with the Flock of Birds and computer vision meth-
ods. After giving an overview on HMM theory, it
addresses the coarticulation problem and two alterna-
tives toward a solution, and gives experimental results
to back up the discussion.

2. RELATED WORK

Previous work on sign language recognition focuses
primarily on fingerspelling recognition and isolated
sign recognition. Some work uses neural networks [2],
[13]. For this work to apply to continuous ASL recog-
nition, the problem of explicit temporal segmentation
must be solved. HMM-based approaches take care of
this problem implicitly. Mohammed Waleed Kadous
uses Power Gloves to recognize a set of 95 isolated
Auslan signs with 80% accuracy, with an emphasis
on computationally inexpensive methods [14].

There is very little previous work on continuous ASL
recognition. Thad Starner and Alex Pentland use a
view-based approach to extract two-dimensional fea-
tures as input to HMMs with a 40-word vocabulary
and a strongly constrained sentence structure con-
sisting of a pronoun, verb, noun, adjective, and pro-
noun in sequence [11]. Annelies Braffort describes
ARGo, an architecture for LSF recognition based
on linguistic principles and HMMs [1], but provides
limited experimentation results. Yanghee Nam and
Kwang Yoen Wohn [9] use three-dimensional data as
input to HMMs for continuous recognition of a very
small set of gestures.

3. DATA COLLECTION

We collected data for a 53-sign vocabulary, which fol-
lows the dialect used in the Philadelphia, PA, area,
given in Table 1. The total number of sentences col-
lected was 486, with a total of 2274 signs. Each sen-
tence was between 2 and 12 signs in length. We col-
lected the three-dimensional parameters of the sen-
tences in two different ways: with computer vision
methods, and with an Ascension Technologies Flock
of Birds, a magnetic sensor system. We outline the
methods briefly in the next two subsections.

Data Collection with Computer Vision

The computer vision approach consists of two parts.
The first part consists of an automated, active, inte-
grated approach that identifies the parts of a mov-
ing articulated object (such as a signer) and esti-
mates their shape and motion from a set of controlled
experiments.? This approach estimates the shapes

2The set of experiments is the same across humans with
different anthropometric dimensions

Category Signs used

Nouns America, Christian, Christmas, book,
brother, chair, college, family, fa-
ther, friend, interpreter, language,
mail, mother, name, paper, president,
school, sign, sister, teacher

Pronouns I, my, you, your, how, what, where,

why

Verbs act, can, give, have, interpret, like,
make, read, sit, teach, try, visit, want,
will, win

Adjectives  deaf, good, happy, relieved, sad

Other if, from, for, hi

Table 1: The complete 53 sign vocabulary

of the three-dimensional parts by using information
from three orthogonally positioned cameras [3], [4].
The algorithm uses deformable models that are fitted
to the image data from each of the three active views.

The second part consists of tracking the identified
parts and estimating reliable three-dimensional po-
sition and orientation parameters [5], [8]. The use of
the three orthogonally positioned cameras alleviates
problems with occlusion and degenerate views that
occur during unconstrained movements. In addition,
the algorithm uses theorems from projective geome-
try to establish a correspondence between the occlud-
ing contours and the points on the three-dimensional
deformable models. A physics-based modeling ap-
proach transforms the correspondences into general-
ized forces that are applied to the model, so as to
estimate its rotational and translational parameters.
Figure 1 demonstrates an example result from the ap-
plication of this computer vision method.

Figure 1: Fitting the models to the sign for “FA-
THER.”

Our computer vision method gives us three-dimen-
sional wrist position coordinates and orientation pa-
rameters, which we use as features (and parameters
derived from position and orientation).

Data Collection with the Flock of Birds

Although the computer vision approach provides ac-
curate estimates and does not require attaching ob-



trusive equipment to the signer’s body, it puts a bur-
den on computational resources. Therefore, for faster
prototyping and quick changes to the system, we use
an Ascension Flock of Birds to collect most of the
training and the test data. The Flock of Birds consists
of a magnet and sensors that are capable of detecting
their positions and orientations relative to the mag-
netic field, yielding accurate three-dimensional wrist
positions and orientations, among other things.

There is a correspondence between the coordinates
established by the computer vision approach and the
Flock of Birds, which can be made explicit by a sim-
ple alignment of coordinate systems. We verified the
interchangeability of the two methods by running a
few test examples obtained with vision methods on
HMMs trained with Flock of Birds data.

4. HMM OVERVIEW

Hidden Markov Models are a type of statistical model.
Formally, an HMM A consists of N states and a tran-
sition matrix, which gives the probabilities a;; that a
transition from state S; to state S; is taken at discrete
time intervals. A vector of probabilities 7; denotes the
probability of the HMM M initially being in state S;.
Each state has assigned an output probability distri-
bution function b;(0), which gives the probability of
S; generating observation O under the condition that
the system is in S;. b;(O) can be either a discrete or
a continuous density.

There are three basic problems associated with
HMMs. The first problem consists of estimating
P(OJ)), that is, the probability that HMM X has gen-
erated the observation sequence O = 04, 0s, ..., O7.
The forward-backward algorithm solves this problem
in O(N2T) time [10]. This problem is equivalent to
finding the most likely word for an unknown data se-
quence, under the assumption that each word has as-
signed an individual HMM.

The second problem consists of finding the most likely
state sequence S = Si,S5s,...57 through a given
HMM, given an observation sequence O, that is,
max{P(S|0,\)}. The Viterbi algorithm is a dynamic
programming algorithm that finds this probability in
O(N?T) time and recovers the state sequence S at
the same time [10]. This makes the algorithm use-
ful for continuous word recognition, as the recovery
of the state sequence implies the automatic recovery
of word boundaries in a recognition network consist-
ing of concatenated HMMs, one for each word. Thus,
no explicit segmentation of the data into individual
words is necessary.

The third problem consists of adjusting the parame-
ters of an HMM ), such that, given an observation
sequence O, P(O|)) is maximized. The Baum-Welch
reestimation algorithm [10] estimates the parameters
toward a local maximum in polynomial time. This
problem corresponds to training HMMs with a set

of labeled data to enable them to recognize future
unknown test data. Because the algorithm provides
only local maxima, the performance of HMMs de-
pends critically on their initial parameter estimates
before the Baum-Welch algorithm is applied.

5. ADAPTING HMMS FOR ASL
RECOGNITION

The previous sections described the data collection
process and gave an overview on the theory of HMMs.
This section describes how HMMs can be adapted for
ASL recognition.

It is tempting to look into research in speech recogni-
tion and make use of these results for ASL recognition
purposes. There are parallels: Both processes aim to
recognize language conveyed through a medium —
auditory in the case of speech and visual in the case
of ASLL —; both are time-varying processes, which
show statistical variations, making HMMs a plausi-
ble choice for modeling the processes; and both must
devise ways to cope with context and coarticulation
effects.

However, there are also important differences. Speech
signals are well-suited for analysis in the frequency
domain, whereas ASL signals, due to their spatial na-
ture, do not show such a suitability. Consequently,
it is unclear whether results from research in speech
recognition on preprocessing and feature vectors ap-
ply to ASL recognition at all.

Possibly even more important, the nature of cross-
word coarticulation effects in ASL is very different
from spoken languages. The sequence of the signs
“FATHER READ” provides an example. In its lex-
ical form, the former sign is performed with a 5-
handshape by repeatedly tapping the forehead with
the thumb, while the latter sign is performed in neu-
tral space in front of the chest. The consequence is the
insertion of an extra movement between the two signs,
when they are performed in sequence, which is not in-
dicated by their lexical entries. The Movement-Hold
phonological model [7] refers to this phenomenon as
movement epenthesis.

The presence of movement epenthesis greatly compli-
cates the coarticulation problem, since it introduces
a great variety of movements that are not present in
the signs’ lexical forms. From a phonological point
of view, it inserts extra phonemes, instead of merely
affecting the pronunciation of adjacent phonemes. It
can also implicitly cause deletion of phonemes, such as
the deletion of the final hold in the sign for “GOOD?”
when it occurs in the sequence “GOOD IDEA.” We
now describe two different attempts to overcome the
coarticulation problem in ASL recognition.

Modeling Context-Dependent HMMs

Our first attempt to overcome the coarticula-
tion problem consists of training context-dependent



HMMs. It is inspired by speech recognition, which
frequently uses triphone context-dependent HMMs.
The analog in ASL is to train bi-sign or even tri-sign
context dependent HMMs.? Training tri-sign con-
text dependent models requires a prohibitive number
of models, even with the small 53-sign vocabulary.
Therefore, we limited training to bi-sign context de-
pendent models, which account for the sign imme-
diately preceding the one for which we trained each
HMM. This kind of modeling still requires 532 = 2809
models to cover all possible contexts. After using var-
ious possibilities for tying the parameters, we were left
with 337 unique HMMs. In particular, our training
method ties the transition matrices and output states
of all HMMs for a sign, where the preceding signs
end in similar locations. We determined the similar-
ities of the locations by hand from the lexical forms
of the signs, and determined the effects of tying ex-
perimentally. The experiments showed that the tying
of the transition matrices was particularly critical for
recognition accuracy.

The entire training session followed this scheme. First
of all, it assigned the global means and variances uni-
formly to all states of the HMMs, the reason being
that it is notoriously difficult to label boundaries be-
tween signs by hand. Then it performed two rounds
of context-independent embedded reestimation [15] to
gain more reliable initial estimates before tying the
parameters. The tying was followed by several more
rounds of embedded reestimation until the HMM’s
parameters converged.

Because movement epenthesis introduces a large va-
riety of movements of different duration, the HMM
topology must be flexible enough to accommodate
some variance in the length of different signs. These
considerations led to the general topology depicted
in Figure 2, with Gaussian densities with diagonal
covariance matrices as the output probabilities. We
fine-tuned the topology through experimenting.

Figure 2: Topology of the context-dependent model.
The arcs that skip states allow the modeling of vari-
ablities in the duration of different signs.

This kind of context-dependent modeling for ASL
recognition, however, has some inherent problems.
First, it is linguistically implausible, because it fails
to model movement epenthesis properly. Second, by
using signs as the basic phonetic unit, the number of
states used in the HMM recognition network grows
roughly with order O(W?), where W is the number

3The analogy is not entirely correct; signs are not the small-
est unit in ASL phonology, but this topic is beyond the scope
of this paper.

of signs in the vocabulary, as the number of possible
contexts itself grows with order O(W?). Consider-
ing that the mapped ASL vocabulary consists of ap-
proximately 6000 signs and still expands, it is clear
that large-scale applications would be so expensive
computationally that they would become intractable,
let alone the problem of collecting sufficient training
data.

Modeling Movement Epenthesis

The problems with context-dependent modeling out-
lined in the previous subsection, and the limited im-
provement over context-independent modeling, led us
to the adoption of a radically different approach to
tackling the coarticulation problem. This new ap-
proach models movement epenthesis explicitly, in-
stead of letting the HMM modeling take care of it
implicitly. The idea behind explicit modeling is that
the movements introduced through epenthesis belong
to a finite, limited class of movements only. They are
largely determined by the starting and ending loca-
tions of the lexical forms of the signs, while the signs
themselves are relatively unaffected, with the excep-
tion of hold deletion.

In order to obtain the necessary class of phonemes for
modeling the movements between signs, we performed
k-means clustering with a least-squares distance cri-
terion on the start and endpoints of the signs’ lexical
forms. The least-squares optimality criterion trans-
lates directly to optimal distances as far as Gaus-
sian densities from the HMMSs’ output probabilities
are concerned.

The k-means algorithm yielded eight distinct clus-
ters; thus, there were 64 different phonemes all in
all, of which nine did not occur in the entire sentence
database at all. The remaining 55 phonemes almost
all had at least five training examples available. We
merged the few phonemes that had fewer than five
training examples available with the most closely re-
lated phonemes in the least-squares sense.

The bootstrap and training procedures for this ap-
proach were very similar to the procedures used
for context-dependent modeling, except that they
perform no parameter tying and do not introduce
context-dependent HMMs after the first few train-
ing runs. The recognition network was specifically
constrained such that for any transition between any
two signs, only a path through the correct transition
phoneme could be taken. The topology of the recog-
nition network is depicted schematically in Figure 3.

This kind of modeling necessitates some changes in
the HMM topology. Because of the elimination of
context in the HMMs that represent the signs, they
do not differ in length greatly anymore. This change
requires the removal of the arcs skipping states. In
addition, the transient movements between signs are
usually short, but show some variety in their length.



Figure 3: Epenthesis model recognition network. The
numbered states correspond to the cluster numbers.

Thus, they require a topology distinct from the one
used for the signs. The new topologies are depicted
in Figure 4.

3-3-8-8.88888

Figure 4: Topology of the epenthesis models. The top
model is used for signs, and the bottom model is used
for transient movements.

An advantage of movement epenthesis modeling over
“traditional” context-dependent modeling is that it is
more closely related to the actual phonological pro-
cesses in ASL. It might be the first step toward a com-
prehensive incorporation of insights from ASL phonol-
ogy into ASL recognition research. Another advan-
tage is the reduced complexity of the approach; the
recognition network requires only O(W + C?) states,
where W is the number of signs in the lexicon and
C is the number of clusters found (hence C? is the
number of epenthesis phonemes). For large-scale ap-
plications, where C' stays relatively small because of
the limited number of different phonemes, these sav-
ings are substantial.

Bigram Language Models

In the previous two subsections we described two ap-
proaches toward coping with the coarticulation prob-
lem. Regardless of the method employed, using a sta-
tistical language model that models the probabilities
of one sign following another, can improve recogni-
tion accuracy. Bigram modeling, too, is inspired by
speech recognition work, where it has been shown to
have a significant effect on recognition accuracy [6].
This kind of modeling is important for task domains
where using a constrained task grammar is imprac-
tical, due to the large number of different possible
expressions. This is the case for the diverse sentence
structure that we used in our experiments.

Bigram probabilities require a large corpus of labeled
data to be effective. This is a problem for ASL recog-
nition, because at present no such corpus exists. Col-
lecting the corpus will be an important task for fu-
ture research. Nevertheless, to test the feasibility of
bigram modeling for ASL recognition, we computed
bigram probabilities from our restricted data sets and
used them in our recognition networks. The experi-
mental results are given in the next section.

6. EXPERIMENTS

In the previous section we described several ap-
proaches to HMM modeling for ASL recognition and
discussed the coarticulation problem. We performed
several experiments to measure the relative merits of
each approach against one another. These experi-
ments consisted of a run that did not use any context-
dependent models or bigram probabilities, two runs
that used context-dependent models with and with-
out bigram probabilities, and two runs that used
epenthesis modeling with and without bigram mod-
eling. We used Entropic’s Hidden Markov Model
Toolkit Version 2.02 [15] for all experiments.

We split the set of 486 sentences randomly into
a training set with 389 sentences (containing 1818
signs) and a test set with 97 examples (containing
456 signs). We took special care to ensure that every
sign in the vocabulary occurred at least once in the
test set. The training and test sets were the same
throughout all experiments to make results compara-
ble. The experiments used a combination of three-
dimensional wrist position coordinates (velocities by
themselves turned out to be very unreliable features);
polar coordinates in the x-y plane, and the z-z plane;
wrist rotation angles; and velocities of the wrists as
the features. The coordinate system was right-handed
and relative to the signer’s spine, with the z-axis fac-
ing up, the y-axis facing to the right, and the z-axis
facing forward. Table 2 gives the outcomes of the
experiments.

We use word accuracy as the evaluation criterion.
It is computed by subtracting the number of inser-
tion errors from the number of correctly recognized
signs. The results show that ignoring the coarticu-
lation problem fares worse than tackling it with the
two methods described previously. Probably the most
remarkable result is that epenthesis modeling per-
formed slightly better than context-dependent model-
ing even when the latter uses bigram probabilities and
the former does not. Using bigram modeling yields a
far bigger improvement for epenthesis modeling than
for context-dependent modeling.

When bigram probabilities are not used, half of the
substitution errors consist of confusions between “I,
MY,” and “YOU, YOUR.” This is hardly surprising,
as without hand configuration parameters there is no
way to distinguish between the signs in each of the



Type of Word

experiment accuracy Details

context 87.71% H=416, D=8, S=32
independent I=16, N=456
context 89.91%  H=424, D=6, S=26
dependent I=14, N=456
bigram, context 91.67%  H=426, D=7, S=23
dependent 1=8, N=456
epenthesis 92.11% H=426, D=7, S=23
modeling I=6, N=456
bigram, epen- 95.83%  H=438, D=11, S=7
thesis modeling I=1, N=456

Table 2: Results of experiments. H denotes the num-
ber of correct signs, D the number of deletion errors,
S the number of substitution errors, I the number of
insertion errors, and N the total number of signs in
the test set.

two groups. Confusions between “INTERPRETER”
and “INTERPRET-CAN” constitute the second large
group of errors. The noun ends with a marker for per-
sons, which is very similar to the verb “CAN” when
hand configuration is ignored. We expect that adding
hand configuration parameters will improve accuracy
significantly.

These results provide evidence that modeling move-
ment epenthesis is promising. Future research should
expand on incorporating phonological features of
ASL, make use of hand configuration data, and model
the use of space. Followup on this research may also
necessitate further research on data preprocessing, as
the feature vector that we use is not invariant with
respect to location and orientation. The current lack
of invariance may complicate the modeling of the use
of space.
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