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ABSTRACT

In this paper, a vision-based medium vocabulary Chinese sign
language recognition (SLR) system is presented. The proposed
recognition system consists of two modules. In the first module,
techniques of robust hands detection, background subtraction and
pupils detection are efficiently combined to precisely extract the
feature information with the aid of simple colored gloves in the
unconstrained environment. Meanwhile, an effective and efficient
hierarchical feature description scheme with different scale
features to characterize sign language is proposed, where
principal component analysis (PCA) is employed to characterize
the finger features more elaborately. In the second part, a Tied-
Mixture Density Hidden Markov Models (TMDHMM)
framework for SLR is proposed, which can speed up the
recognition without the significant loss of recognition accuracy
compared with the continuous hidden Markov models (CHMM).
Experimental results based on 439 frequently used Chinese sign
language (CSL) words show that the proposed methods can work
well for the medium vocabulary SLR in the environment without
special constraints and the recognition accuracy is up to 92.5%.

Categories and Subject Descriptors

H.1.2 [Models and Principles] User/Machine Systems — Human
information processing; 1.5.2 [Pattern Recognition]: Design
Methodology — Feature evaluation and selection

General Terms
Algorithms, Design, Experimentation, Human Factors, Languages

Keywords
Human-computer interaction, sign language recognition, hidden
Markov models, computer vision

1. INTRODUCTION

Sign language, as a kind of most grammatically structured human
gesture, is regarded as one of the most natural and primary means
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of communication among deaf people. The aim of sign language
recognition is to provide an efficient and accurate mechanism to
transcribe sign language into text or speech so that the
communication between deaf (and dummy) and hearing society
can be more convenient. About 1.7% of the population in China
suffer from the losing of verbal capability. On the other hand,
from a human perspective, the most basic and natural way to
interact with a computer is through a speech and gesture interface.
Thus, the research of sign language and gesture recognition is
likely to provide a shift-paradigm from traditional point-and-click
user interface to a natural language dialogue-and-spoken
command-based interface. Therefore, SLR, as one of the
important research areas of human-computer interaction (HCI),
has attracted more and more interest in HCI society.

Up to now, SLR can be classified into two classes according to
the devices used to capture gestures, i.e., datagloves based SLR
[1~5] and vision based SLR [6~12]. In the first case, users’
freedom of movement is greatly limited and datagloves should be
carefully maintained. In the second case, however, people can
interact with the computer in a more natural way, which is just the
goal of natural HCI research. Therefore, we focus on vision-based
SLR. However, due to the limitation of current computer vision
techniques, i.e., many technical issues on image understanding are
still open or need to be improved, the use of colored gloves or
other visual aids is necessary for vision-based medium or larger
vocabulary SLR task.

1.1 Related Work

Vision-based SLR is more natural than datagloves-based one.
Meanwhile, it faces more challenges and attracts more researchers
working on this topic.

Matsuo et al. [6] implemented a system to recognize 38 words of
Japanese sign language with a stereo camera for recording three
dimensional movements. Morphological analysis was employed
in their methods to get sign language patterns.

Starner et al. [7] presented two video-based systems for real-time
recognizing continuous American sign language (ASL) sentences,
where the first system observed the user from a desk mounted
camera and 92% word accuracy was obtained, while the second
system mounted the camera in a cap and 98% accuracy with
restricted grammar was achieved. And both experiments were
based on a 40-word lexicon.

Vogler et al. [8] used computer vision methods to extract the
three-dimensional feature parameters of a signer’s arm motions
and applied Hidden Markov Models (HMM) to recognize



continuous ASL sentences with an accuracy of 89.9% on a
vocabulary of 53 signs. In addition, they employed phonemes
instead of whole signs as the basic units and obtained similar
recognition rates to sign-based approaches on a vocabulary of 22
signs [9][10].

Grobel and Assan [11] applied HMM to recognize the isolated
signs with 91.3% accuracy on a 262-sign vocabulary. They
extracted the features from video recordings of signers wearing
colored gloves. HMM was also employed by Bauer and Hienz [12]
to recognize continuous German sign language with a single color
video camera as input. Influence of different kinds of features on
the recognition results was examined. An accuracy of 91.7% was
achieved in recognition of sign language sentences with 97 signs.

Although many researchers are putting their efforts on the
research of vision-based SLR and some progress has been made,
there are still many problems that need to be solved. For instance,
how to make sound descriptions of sign features to discriminate
the similar signs is a challenging problem, which is especially
important for the medium or larger vocabulary SLR task. How to
provide a more natural, convenient and harmonious HCI way for
deaf people is also an urgent task, and how to speed up the
recognition on a medium or larger vocabulary is especially more
crucial for SLR task.

1.2 Our Approach
In this paper, a vision-based medium vocabulary Chinese SLR
system is implemented to address the problems mentioned above.

In order to provide more naturalness in HCI for users, we only use
a USB color camera to collect the signs data. To help to extract
the feature information more precisely and provide the capability
for the vision-based medium/larger vocabulary SLR, we employ
two-dimensional computer vision techniques with the aid of a pair
of simple colored cotton gloves in the unconstrained environment.

When detecting vision-based features, we first apply a pupils-
detection algorithm to detect two pupils, where the center of two
pupils provides a reference point to position. Then, we use both
color information and hand shape geometry constraint
information to robustly detect two hands after subtracting the
background from the frame image.

In the feature characterization step, we characterize sign features
in three hierarchical phases from different scales. In the first
phase, we mainly characterize the features of dominant hand. In
the second phase, we further characterize the features of non-
dominant hand by fitting the hand area with an ellipse. In the third
phase, to discriminate the similar signs, we apply PCA to
characterize the pixels distribution feature of each finger area of
the dominant hand.

When recognizing sign language, we used the proposed
TMDHMM to speed up the procedure. Since the modeling
resolution of TMDHMM approximates that of CHMM and the
amount of computation is reduced by tying similar Gaussian
mixture components, TMDHMM can effectively speed up the
recognition without the significant loss of recognition accuracy
compared with CHMM.

The remainder of this paper is organized as follows. In section 2,
we describe the basic ideas of HMM and proposed TMDHMM
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for SLR. In section 3, we present the method for feature detection
and characterization. In section 4, we discuss the TMDHMM-
based Chinese SLR system in detail. In section 5, we evaluate the
recognition performance. Section 6 concludes the paper.

2. TIED-MIXTURE DENSITY HMM

In this section, some basic ideas of HMM are described firstly.
More detailed information of HMM can refer to [13]. Then some
key ideas of our proposed TMDHMM applied in SLR are
presented.

HMM [13] has been successfully employed to speech recognition,
and applied by more and more SLR researchers in recent years.
Formally, an HMM A consisting of N states s,,s,,...,5, can be
defined as A =(m, A,B). Here, m stands for the vector of the
initial probabilities 7; of the system starting in state s, . The
matrix A is the state-transition matrix, and transition probability
a; from state s; to state s ; is taken at regularly spaced discrete
time intervals. B can be in discrete or continuous form. In the
first case, B denotes observation probability distribution of state
s, as b,(v), v is any discrete observation symbol and discrete
HMM (DHMM) is determined. In the second case, B represents
observation probability density function of state s, as b;(X) ,
X denotes any continuous observation vector. Usually, b, (X) can
be described as multivariate Gaussian mixture density function
like follows,

M
b, (X) = Zm:] [SMCI0. 6 PP Yy 8 ey
where
GO B) =L e~ L (X' =7 (X)), @)
and c,, is the mixing coefficient, which satisfies Zle ¢,, =1.In

this case, CHMM is drawn. DHMM causes serious degradation in
modeling accuracy, which inevitably affects the final recognition
accuracy, although it can greatly reduce the computation cost. On
the other hand, though CHMM can maintain high recognition
accuracy, the computational complexity increases enormously.

Keeping both high recognition accuracy and less computation
cost is a significant issue in medium or larger vocabulary SLR.
Considering that some key frames of dynamic CSL signs are
similar, i.e., some states will be repeated when sign modeling, we
can share these repeated states among all CHMM models to save
the computation cost. Inspired by this simple idea, we propose
TMDHMM for SLR based on CHMM.

Unlike in speech recognition where phoneme is the basic
recognition unit [14], we can not easily, even impossibly, define
the basic units in Chinese sign language. In other words, the
feature information such as shape, location, and orientation of
sign languages are not fixed, hence the performance of decision
tree based state tying is not good. Here, we try to tie the mixture
components representing Gaussian density function of each state
in all trained CHMM models. In addition, due to the effects of
illumination and some other inevitable “noise” in the
unconstrained environment, we fix the values of variances of
covariance matrix in Eq. (1) as global values computed from
feature data in each dimension, which can achieve system
robustness. In this way, tying mixtures of CHMM models means



tying all mean vectors of all mixture components, which
generates a global codebook of Gaussian probability densities.

Suppose that there are W CSL signs, and each of them is
represented by a N-states HMM, and let the size of the codebook
be K, ie., the codebook can be represented by K codeword

vectors corresponding to K Gaussian densities as v, , 1<k <K .

The code word v, is computed as follows

Lsq,

GeQy

o

where G denotes any mixture component (mean vector) in
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3)

clustered mixture components set O, . Therefore, the observation

probability at state s, , state n (1<n<N) in HMM class w,

wn >

can be defined as

K
Pr(X|s,,) =2, fXIVO)Pr(v, [5,,), S
where Pr(v, |s,,) denotes the mixing coefficient, which satisfies

K
D Prv,Is,)=1, 3)
and f(-|v) can be a Gaussian distribution, whose mean and
variance are computed from the codeword v as

=1
SX] Vk):mexp[—%(x “V)'E (X=v)l o (6)
where X' is a diagonal matrix as follows
Y =diag(c},...05,...05) , 7)

and o, is a global variance.

Since the ability of TMDHMM to characterize the sign models
approximates that of CHMM and the amount of computation is
reduced by tying the similar Gaussian mixture components,
TMDHMM can effectively speed up the recognition without the
significant loss of recognition accuracy compared with CHMM
(see Section 5).

3. FEATURE EXTRACTION

In order to realize the vision-based medium vocabulary SLR, we
present a robust feature detection framework in the unconstrained
environment and an effective hierarchical feature characterization
scheme.

3.1 Vision-Based Feature Detection

To describe the hand features more elaborately for discriminating
the similar signs, a pair of colored cotton gloves is used, which
doesn’t limit the user’s freedom of movement . 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 (called D-hand), which is the right hand for
most of the people, and the other plays the accessory or non-
dominant role (called ND-hand), which is the left hand for most
of the people. Considering the fact that most of the discriminative
feature information is conveyed by the D-hand, we color the D-
hand glove with 7 different colors to indicate the areas of 5
fingers, palm and back, and paint the ND-hand glove with another
sole color. When performing sign, the signer wears the colored
gloves in the unconstrained environment (see Fig. 1).
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Figure 1. (a) Frontal and (b) back view of gloves.

For the vision-based detection, a pupils-detection algorithm [15]
is applied to detect the positions of two pupils, which aims to
provide a reference point to position and to couple the non-
manual features (e.g., facial expressions) into SLR in the future.
Meanwhile, a background subtraction algorithm [16] is used to
remove the background from the images, which helps the system
to adapt to the unconstrained background environment. Two
improvements are added to the original background subtraction
algorithm. First, the normalized RGB color information is used to
model and subtract the background when coupling with edge
information, which effectively removes the shadow areas caused
by body motion. Second, an inter-frame background prediction
scheme is proposed to speed up the background subtracting.
Results of the background subtraction are shown in Fig. 2(a).

After the body area has been roughly segmented from the
background, a double-hands detection algorithm is devised to
robustly detect both hands. For ND-hand, considering that its
color area is much bigger and its color is more discriminative than
that of target areas of D-hand glove, we detect the ND-hand only
based on color information. For D-hand, it’s not enough to detect
each target color area only by using color information due to the
disturbance caused by 7 different colors in a limited hand area and
inevitable illumination effect. Thus, we make use of hand shape
geometry constraint information after color-based coarse
detection. That is to say, all colored parts of the D-hand glove
must distribute within an ellipse like area. So we impose the
simple constraint on determining which of coarsely detected
multiple candidate area(s) for each target color is the probable
area, i.e., the ratio of the maximum distance of each pair of
detected target parts to the minimum distance is no more than C ,
where C is a constant and set to 5 empirically in the current
implementation.

Therefore, the complete procedure for double-hands detection can
be described briefly as follows.

1) Detect the candidate areas for each target color part in double
hands coarsely by using a simple threshold algorithm in the
normalized RGB color space.

2) Determine the most probable candidate area of each target
color of D-hand by incorporating the hand shape geometry
constraint information to lower the illumination effect.

3) Segment each target colored area of each hand more smoothly
by applying a region growing procedure.
4) Fit the detected area of ND-hand by employing an ellipse.

Two examples of vision-based detection results are illustrated in
Fig. 2(b). More examples of video detection results are available

at http://www.jdl.ac.cn/user/lgzhang/Research/VCSLR.htm.
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Figure 2. Two examples of vision-based hand detection results:

(a) background subtracted frame images; (b) two pupils and 8
target colored areas of both hands are detected. And the ND-
hand area is fitted by an ellipse.

3.2 Hierarchical Feature Characterization

In the preceding step, the pupils and target colored areas of both
hands are detected and an ellipse is used to fit the ND-hand area if
it appears. Here, we characterize the sign features in the form of
feature vectors.

In order to characterize the sign features more efficiently and
effectively, we propose a hierarchical feature characterization
scheme in three progressive phases from different scales of
features as shown in Table 1.

Table 1. Hierarchical feature characterization

Phase Feature parameters and brief description
Distances (21) distances of center of gravity
S | (CG) of 7 target areas of the D-hand to each other
Area Sizes (8) number of pixels of target areas
(315) O | Angle (1) angle of the D-hand relative to x-axis
Coordinates (4) CGs of two hands relative to
L | the center of two pupils respectively
Distance (1) distance between two hands
S Axis-Lengths (2) length of longer and shorter
1I half axis of ellipse fitting the ND-hand area
(3) Angle (1) angle of the ND-hand relative to x-
(0] . .
axis of the fitted ellipse
11 S Eigenvalues-ratio (5) distribution features of
(5) five finger areas of the D-hand

Note: 1) S-Shape, O-Orientation, L-Location; 2) Each figure in the
bracket denotes the number of feature parameters

In the first phase, we mainly focus on characterizing the features
of the D-hand from shape, orientation and location in the form of
a 35-dimension feature vector. Since the motion information of
hands can be modeled by HMM itself, this information is not
blended into the feature vectors explicitly. Obviously, some
redundant information may exist because not all target areas are
visible all the time, though the definition above can avoid loosing
necessary information. When some target area is invisible, an
abnormal value is set for the corresponding feature parameter and

201

will be normalized to 0.0 in the later feature normalization stage.
The features defined in this stage, some similar to [11], have the
property of shift and rotation invariance.

In the second phase, we describe the ND-hand shape and
orientation features by using parameters of the ellipse fitting the
area of the hand.

In the third phase, since the elaborate shape information of the D-
hand is important to discriminate similar signs, we further
characterize the distribution features of 5 fingers of the D-hand,
i.e., PCA is employed to describe the pixels distribution feature of
each finger. Given each finger area F,(X,y) and its covariance
matrix ). . of pixels distribution, according to the PCA theory,
two eigenvalues g, and 4. (4, >4, ) of 2, measure the
spread variance of pixels in F.(X,y) along two perpendicular
principal axes determined by corresponding two eigenvectors
e, . and e; . respectively (see Fig. 3). Thus, we simply define
the eigenvalue ratio y as

ﬂ’l,c

7/ B /10,0

to describe the pixels distribution feature of each finger area, i.e.,

®)

if y is close to 0, it means there exists a main axis of the area
distribution, whereas if y is close to 1, it shows pixels don’t
distribute along one single main axis. Here, the main axis denotes
the direction with much larger variance than that of the other
perpendicular axis determined by the corresponding eigenvector.

—

3

i X
(b)
Figure 3. PCA-based finger area distribution feature analysis,
taking the index finger of the D-hand for example.

Now, we get the feature vectors sequence for each sign sample as
0={0,,t=1.2,.,T}, where O, denotes the frame feature vector

attime ¢ and T is the total number of frames of one sample.

4. TMDHMM-BASED CSL RECOGNITION

Based on the analysis in the last two sections, the structure of our
vision-based CSL recognition system is shown in Fig. 4.

The overall recognition system works as follows. Firstly, the sign
video data collected by camera are fed into the vision-based
detection module indicated by the upper dashed frame. Then, in
the detection step, pupils and both hands are detected. In order to



make the system adaptive to the unconstrained environment,
background is subtracted before hands detection. After vision-
based detection, eight kinds of feature parameters for CSL are
defined in hierarchical phases in feature characterization step.
Finally, the feature vectors of training and test sign-samples are
input into the TMDHMM-based recognizer training and sign
recognition module, which is indicated by the bottom dashed
frame in Fig. 4.

CSL Sign Video Streams I

Pupils Background Hands

| !
! 1
1

! Detection Subtraction Detection '
| 1 :
! 1
! 1
! 1
! 1

| Feature Characterization I

TMDHMM-based

I

i TMDHMM-based
i | Recognizer Training

|

|

Sign Recognition

[ Recognized Sign ]

Figure 4. System overview

The vision-based feature detection and the hierarchical feature
characterization have been described in the previous section. The
TMDHMM-based CSL recognition will be discussed in detail in
the rest of this section.

4.1 TMDHMM-Based Recognizer Training
The overall TMDHMM-based sign recognizer training can be
partitioned into two stages, i.e., CHMM-based model training and
TMDHMM-based codebook generation.

In the first stage, we apply Baum-Welch algorithm [13] to train
each CHMM model for each sign in the vocabulary. In order to
the with  different the
programming technique is employed to estimate different number
of states for each HMM [17], and each HMM model has a left-
right topology.

model signs duration, dynamic

In the second stage, we generate TMDHMM-based codebook.
Since the value of variance is computed globally from feature
data in each dimension, the codebook generation for TMDHMM
is simplified to cluster all mean vectors of each mixture
component of each state through all CHMM models. Let the size
of Gaussian codebook be K , the size of vocabulary Ee W, the
average number of states of each CHMM model be N, and the
number of mixture components of each CHMM model be M .
Therefore, the codebook-generation procedure based on CHMM
model training can be summarized in the following:

1) Train each CHMM model for each sign in the vocabulary by
using Baum-Welch algorithm.

2) Cluster all mean values of all mixture components of each state
through all trained CHMM models to K mixture component sets
by using K-means algorithm.
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3) Output tied mixture components (mean values) in the form of
codeword Vv, as defined in Eq. (3).

4) Output the index idx,,, of each original mixture component
of all CHMM models relative to each codeword v, in the
codebook.

4.2 TMDHMM-Based Sign Recognition

Following the CHMM-based isolated sign recognition mode [5],
our TMDHMM-based sign recognition works in the similar way.

Here, we first define the Gaussian probability density function
pdf;, of each test frame data O, relative to each codeword v

as
-1

df, =———exp[-1(0, -v,)'Z (0, -v,)], ©

p.ftk \/(ZTD‘E,‘ p[ 2( t k) ( t k)] ()
where D is the dimension of each O, or v, .

Accordingly, the observation probability b,,(0,) can be

computed as

M .

bwn (Ot) = Zm:l Pdfm * Cwnm 4 k= ldanm k4 (10)

where C,,,, is the mixing coefficient of mixture component m

m
in state 7 of original CHMM class w .

Thus, the isolated sign recognition can be described as follows:

1) Compute pdf,; foreach O, relative to each v .

2) Compute b,,(0O,) in all signs for each O, .

3) Decode with Viterbi algorithm in term of b, (O,) .
4) The recognition result is the sign that has the maximum
probability of decoding among all signs, i.c.,

Wesulr

=argmax P(O | 4,) .

1<wsw

(11)

5. EXPERIMENTS AND DISCUSSIONS

Our experiment is based on the single frontal view, i.e., only a
USB color camera is employed and placed in front of the signer to
collect the CSL video data, where the image size is 320 X 240.
The experiment is performed in our laboratory with unconstrained
background and the fluorescent illumination. The computer is a
PC with an 800 MHz Pentium III CPU and 256M RAM.

The recognition vocabulary contains 439 CSL signs, including
223 two-handed and 216 one-handed signs, which represent
different word types, such as nouns, verbs, adjectives, etc. These
signs are used frequently during the daily communication among
deaf and dummy people. The choice of the vocabulary is based on
the principle that the combination of them will easily satisfy the
requirement for some certain daily applications and facilitate the
future continuous recognition. Also the choice aims to realize the
medium vocabulary CSL recognition currently. Since the current
system is signer-dependent, the training and test data are both
captured by the same signer. Four samples are collected for each
training sign and one sample for each test sign. Thus, 1756
training samples and 439 test samples are collected.



In order to evaluate the performance of the proposed hierarchical
feature characterization scheme, we first experiment the CSL sign
recognition by using CHMM. Table 2 reports the recognition
results on different feature types based on progressive
characterizing scales.

Table 2. The CSL sign recognition rates on different feature
types by using CHMM

Feature Type Dim-35Q Dim-38Q Dim-430Q)
Sign Type T-H | O-H| T-H | O-H | T-H | O-H
Size 223 | 216 | 223 | 216 | 223 | 216
Average Recog. | 91.5 | 85.6 | 93.7 | 85.6 | 93.3 | 91.7
Rate (%) 88.6 89.7 92.5

Note: 1) Dim35Q: feature of mainly characterizing the D-hand,
totally 35-dimension; 2) Dim38®@: Dim35 plus the feature of the ND-
hand characterized by an ellipse, totally 38-dimension; 3) Dim43®):
Dim38 plus the pixel distribution features of 5 fingers of the D-hand,
totally 43-dimension;4)T-H: two-handed sign; 5)O-H: one-handed
sign

As seen from Table 2, the current CSL sign recognition system
achieves an average recognition accuracy of 92.5% on 439 signs,
including 93.3% on two-handed signs and 91.7% on one-handed
signs, respectively.

Analyzing the results in Table 2, we can conclude that the defined
features are very effective for SLR, where the second feature-
characterizing phase improves the recognition rate of two-handed
signs by 2.2%, and the third phase further improves the
recognition rate of one-handed signs by 6.1%. This is consistent
with our expectation that elaborate feature description is
especially important for medium or larger vocabulary SLR task.
On the other hand, the results reveal that our hierarchical feature
description scheme with different scale features to characterize
sign language is efficient and effective for a sound description of
sign features. Also the scheme in a progressive manner helps to
find which kind of feature is more important for sign modeling,
which will make for our future research on feature selection. For
instance, we may employ the scheme in a dynamic way to select
the different scale features in a decision tree based recognition
framework.

As expected, the recognition rate of two-handed signs is higher
than that of one-handed signs. The reason is that the two-handed
sign contains the feature information of the ND-hand, which
provides more discriminative information among the two-handed
signs than that for the one-handed signs. From Table 2, we may
find that when in the third characterization phase, the accuracy of
two-handed signs decrease slightly from 93.7% to 93.3%, which
possibly results from “noise”.

Another aspect behind the seen result is that the defined features
can work well for discriminating the similar signs. Some typical
frames of recognized sign pairs, “science” — “philosophy”, “thin”
— “old”, are shown in Fig. 5, where the difference in Fig. 5(a) is
only determined by the whole shape of the ND-hand, and the
difference in Fig. 5(b) only by the appearance of the middle finger
of the D-hand.
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Figure 5. Some typical frames of two pairs of the similar signs:
(a) “philosophy” — “science” (b) “thin” — “old”

Comparison of CSL sign recognition performance on CHMM and
TMDHMM is shown in Table 3, where the recognition time per
word does not include preprocessing, e.g., feature extraction.
Some values of TMDHMM parameters are as follows:

W =439, N =4.87,M =4,K = 4096, * N * M =8552

Table 3. The comparison of recog. performances of two models

Model CHMM TMDHMM
Average Recog. Rate (%) 92.5 913
Average Recog. Time (s/word) 0.285 0.135

Table 3 reveals that TMDHMM effectively speeds up the sign
recognition about 2 times with only 1.2% loss of recognition
accuracy compared with CHMM, where the number of mixture
components decreases to one half.

The possible reasons for the above results are as follows. Through
tying the similar mixture components of all CHMM models, the
states can be shared between different models, and therefore, the
computation cost is greatly saved. Meanwhile, the signs feature
space is represented in a overlapped form as CHMM does, i.e.,
the codebook is modeled as a set of Gaussian probability density
function, the modeling resolution of TMDHMM approximates
that of CHMM.

0.5 ~

9 929451 —#— Accuracy [ (4 'g
) A Speed g3 2
g 38 D —— g R
3 865 101 2
85 1 1 1 0 wn

8552 K=4096 K=3072

Number of mixtures

K=2048

Figure 6. The comparison of the recognition performances of
TMDHMM with different parameters settings



Fig. 6 shows the comparison of the recognition performances of
TMDHMM with different parameters settings. From Fig. 6, we
can find that the performance varies when the number of (tied)
mixtures K change, ie., when K becomes smaller, the
recognition accuracy degrades while the recognition speed
improves. However, if we further reduce K , e.g., K =2048,
we can see that the recognition accuracy degrades much, while
the speed improves slightly. The possible reason is that the
number of basic units (states) in medium vocabulary sign
language is much larger than that in speech, thus we can not
expect to set the number of tied mixtures too small. Therefore, the
parameters set in Table 3 is optimal in the current situation.

6. CONCLUSIONS

This paper presents a vision-based medium vocabulary Chinese
sign language recognition system that can be applied in the
environment without the special constraints. There are two
contributions in this work. One is that an effective and efficient
hierarchical feature characterization scheme is proposed, which is
more suitable for medium or larger vocabulary SLR. The other is
that a TMDHMM framework for SLR is proposed to effectively
speed up the recognition without significant loss of recognition
accuracy. In particular, compared with previous vision-based SLR
systems, our recognition vocabulary is much larger. Experimental
results show that our methods can work well for the medium
vocabulary SLR task and the system achieves the sign recognition
accuracy of 92.5% on a 439-signs vocabulary. This result
encourages us to focus on large vocabulary vision-based SLR in
the future, and especially on continuous SLR.
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