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Abstract. In this paper, a new sign-wise tied mixture HMM (SWTM-
HMM) is proposed and applied in vision-based sign language recognition
(SLR). In the SWTMHMM, the mixture densities of the same sign model
are tied so that the states belonging to the same sign share a common
local codebook, which leads to robust model parameters estimation and
efficient computation of probability densities. For the sign feature extrac-
tion, an effective hierarchical feature description scheme with different
scales of features to characterize sign language is presented. Experimen-
tal results based on 439 frequently used Chinese sign language (CSL)
signs show that the proposed methods can work well for the medium
vocabulary SLR in the unconstrained environment.

1 Introduction

Sign language, as a kind of most grammatically structured gesture, is one of
the most natural and primary ways of exchanging information for most deaf
people. The goal of SLR is to provide an efficient and accurate mechanism to
transcribe sign language into text or speech, so that communication between deaf
and hearing society can be more convenient. On the other hand, the research of
SLR can serve as a good basis for the development of gestural human-computer
interface. Therefore, SLR, as one of the important research areas of human-
computer interaction (HCI), has attracted more and more interest in HCI society.

Until now, SLR can be mainly classified into two classes according to the
devices used to collect gestures data, i.e., datagloves-based SLR [1,2] and vision-
based SLR [3]-[7]. In the former case, users’ freedom of movement is greatly
limited and the datagloves should be carefully maintained. While in the latter
one, people can interact with computer in a more natural way, which is just the
research goal of natural HCI. Therefore, we focus on vision-based SLR. Some
previous researches of vision-based SLR are as follows. Matsuo et al. [3] imple-
mented a system to recognize 38 words of Japanese sign language (JSL) with
a stereo camera for recording three-dimensional movements. Starner et al. [4]
presented two video-based systems for real-time recognizing continuous Ameri-
can sign language (ASL) sentences on a 40-word lexicon, where the first system
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observed the user from a desk mounted camera and 92% word accuracy was
obtained, while the second one mounted the camera in a cap and 98% accuracy
with restricted grammar was achieved. Vogler et al. [5] used computer vision
methods to extract the three-dimensional feature parameters of a signer’s arm
motions and applied HMM to recognize continuous ASL sentences with an accu-
racy of 89.9% on a vocabulary of 53 signs. Grobel and Assan [6] used 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 [7] to recognize continuous Ger-
man sign language (GSL) with a single color video camera as input. An accuracy
of 91.7% was achieved in recognition of sign language sentences with 97 signs.

As reviewed above, many researchers are putting their efforts on the research
of vision-based SLR and some progress has been made, however, there are still
many problems that need to be solved. For instance, how to make sound descrip-
tions of sign features to discriminate the similar signs is a challenging problem,
which is especially important for the medium or large vocabulary SLR task.
How to provide a robust estimation of model parameters and achieve efficient
computation of probability densities is also significant, especially when training
data is relatively not sufficient.

In this paper, vision-based medium vocabulary CSL recognition using
SWTM-HMM is implemented to address above problems. To extract the feature
information more precisely and provide the capability for the medium vocabu-
lary SLR, 2D computer vision techniques are employed with the aid of a pair
of simple colored cotton gloves in the unconstrained environment. For feature
characterization, sign features are characterized in three hierarchical phases from
different scales. When recognizing CSL signs, the proposed SWTMHMM is used
to achieve the efficient and effective training and recognition.

The rest of this paper is organized as follows. Section 2 describes some key
ideas of SWTMHMM. Section 3 presents the SWTMHMM-based SLR system.
Section 4 shows some experimental results and comparisons. The conclusions are
given in the last section.

2 Sign-Wise Tied Mixture HMM

HMM [8] has been successfully employed to speech recognition, and applied by
more and more SLR researchers in recent years. Formally, an HMM λ consisting
of N states s1, s2, · · · , sN can be defined by its parameters as λ = (π,A,B).
Here, π stands for the vector of the initial probabilities πi of the system starting
in state si. The matrix A represents the matrix of state-transition probabilities
aij from state si to state sj . The matrix B can be in discrete or continuous
form. In the former case, B denotes observation probability distribution of
state si as bi(v), v is any discrete observation symbol and discrete HMM
(DHMM) is determined. In the latter case, B represents observation probability
density function of state si as bi(X), X is any continuous observation vector;
Accordingly, continuous HMM (CHMM) is drawn. In fact, both DHMM and
CHMM can be viewed as special forms of semi-continuous HMM (SCHMM) [9]
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Fig. 1. Architecture of the SWTMHMM

or tied mixture HMM (TMHMM) [10]. In SCHMM, however, a global codebook
is shared by all the HMM states of all words, which makes the amount of
mixture weights too large to be robustly estimated, especially when the amount
of training data is small to moderate.

Inspired by the work in speech recognition [11,12], we propose the SWTM-
HMM for SLR, where the mixture densities of the same sign model are tied so
that the states belonging to the same sign share a common local codebook of
Gaussian densities, other than a global codebook in SCHMM. Since Gaussian
mixtures of each sign model are tied, SWTMHMM can obtain a tradeoff between
a large number of mean vectors and covariances (e.g., in large-scale CHMMs)
and an excessive amount of mixture weights (e.g., in large-scale SCHMM), and
also SWTMHMM can be trained in a straightforward way.

2.1 SWTMHMM Architecture

Fig. 1 shows the architecture of the SWTMHMM, which consists of two func-
tional layers, namely self-organizing map (SOM) [13] based VQ codebook gen-
eration layer and HMM modeling layer. Firstly, SOM is employed to generate
the codebook of Gaussian densities for each initial sign model from the corre-
sponding training samples. Then, each formed “local” codebook for each sign is
coupled into the sign-wise tied mixture model training in the HMM framework.

Let the number of signs be W and the observation vector sequence of the
sign w be O(w)

t = {otd, d = 1, 2, . . . , D}, where t is the frame number of the
sequence and D is the dimension of the observation vector. As seen from Fig.
1, each Ot is connected to each neuron of each SOM with the weight vector
W(w)

m = {wmd, d = 1, 2, . . . , D}, i.e., after SOM training, we can regard W(w)
m

as the code word V(w)
m and the generated “local” codebook will be shared by all

states of the same sign model. Each neuron is linked to each state si of each sign
model with the weight coefficient cim. In this case, the observation probability
of SWTMHMM in state si can be defined as
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bi(O
(w)
t ) =

M∑

m=1

cimbim(O(w)
t ) =

M∑

m=1

cimf(O(w)
t |V(w)

m ) , (1)

where f(O(w)
t |V(w)

m ) can be a Guassian distribution and
∑M

m=1 cim = 1.

2.2 SWTMHMM Parameter Estimation

Let K training samples for each sign be O = [O(1),O(2), . . . ,O(K)], where
O(k) = {O(k)

t , t = 1, 2, . . . , Tk} is the kth observation sequence, and Tk is the
frame number of the sequence. The original model is denoted as λ and the
re-estimated model λ. Let the number of neurons of each SOM for each sign
be M , we can get the neurons set (i.e., mean vectors of Gaussian codebook)
V = [Vm, m = 1, 2, . . . , M ] for each sign after its corresponding SOM train-
ing. We denote S as a state sequence S = s1, s2, . . . , sTk

, si ∈ {1, 2, . . . , N},
where N is the number of states for each sign model. We assume each observa-
tion sequence is independent of every other one, and the model training aims to
maximize P (O|λ) =

∏K
k=1 P (O(k)|λ) by adjusting the parameters of λ. Thus,

we may employ expectation-maximization (EM) algorithm to realize the max-
imum likelihood estimation (MLE) based optimization of λ by introducing the
auxiliary function Q(λ, λ), and iterating the following expectation step (E-Step)
and maximization step (M-Step) for several passes until convergence:

E-Step: Q(λ, λ) = E[log
∏K

k=1 P (O(k)|λ)|O, λ] , M-Step: λ← arg maxλ̂ Q(λ, λ̂).

Q(λ, λ) can be defined as

Q(λ, λ) =
K∑

k=1

∑

S

∑

V

P (O(k),S,V|λ)
P (O(k)|λ)

log P (O(k),S,V|λ) , (2)

where

log P (O(k),S,V|λ) = log(
Tk∏

t=1

ast−1stbstvt(O
(k)
t )cstvt)

= log πs1 +
Tk−1∑

t=1

log astst+1 +
Tk∑

t=1

log bstvt
(O(k)

t ) +
Tk∑

t=1

log cstvt

Given λ and O(k), we define the forward and backward variable as follows:

α
(k)
t (i) = P (O(k)

1 O(k)
2 · · ·O(k)

t , st = i|λ)
β

(k)
t (i) = P (O(k)

t+1O
(k)
t+2 · · ·O(k)

Tk
|st = i, λ)

which can be computed by forward-backward procedure [8]. We further define
the intermediate probability of being in state i at frame t with O(k)

t quantized
to Vm as follows:

ξ
(k)
t (i, m) = f(st = i,O(k)

t → Vm|O(k), λ)

=
α

(k)
t (i)β(k)

t (i)
∑N

i=1 α
(k)
t (i)β(k)

t (i)
· cimbim(O(k)

t )

bi(O
(k)
t )

(3)
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Therefore, we can maximize every item in Q(λ, λ) by setting ∂Q(λ, λ)/∂cim = 0
and ∇Vm

Q(λ, λ) = 0, and get the re-estimation formulas for cim and Vm (1 ≤
m ≤M) as follows:

cim =
K∑

k=1

Tk∑

t=1

ξ
(k)
t (i, m)

/ K∑

k=1

Tk∑

t=1

M∑

m=1

ξ
(k)
t (i, m) (4)

µm = Vm =
K∑

k=1

Tk∑

t=1

N∑

i=1

ξ
(k)
t (i, m)O(k)

t

/ K∑

k=1

Tk∑

t=1

N∑

i=1

ξ
(k)
t (i, m) (5)

Similarly, Σm can be obtained as

Σm =
K∑

k=1

Tk∑

t=1

N∑

i=1

ξ
(k)
t (i, m)(O(k)

t −µm)(O(k)
t −µm)′

/ K∑

k=1

Tk∑

t=1

N∑

i=1

ξ
(k)
t (i, m) (6)

The re-estimation formulas for πi, aij are the same to the CHMM [8]. When
training, the constraint should be imposed on cim, namely

∑M
m=1 cim = 1.

3 SWTMHMM-Based CSL Recognition System

The structure of the SWTMHMM-based CSL recognition system is shown in
Fig. 2. which mainly consists of two modules, i.e., vision-based feature extraction
and SWTMHMM-based recognizer train/recognition module.

3.1 Feature Extraction

In order to realize the vision-based medium vocabulary SLR, we propose a robust
feature detection framework in the unconstrained environment and an effective
hierarchical feature characterization scheme [16].

To describe the hand features more elaborately to discriminate the similar
signs, a couple of colored cotton gloves are used, which doesn’t limit the user’s
freedom of movement. Considering the fact that most of discriminative feature
information is conveyed by the dominant hand (D-hand, usually the right hand

Fig. 2. Overview of SWTMHMM-based SLR system
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for most of the people), we color the D-hand glove with 7 different colors to
indicate the areas of 5 fingers, palm and back, while the non-dominant hand
(ND-hand, usually the left hand) glove with another plain color.

For the vision-based detection, a pupils-detection algorithm [14] is applied
to detect the positions of two pupils, which aims to provide a reference point
to position. Meanwhile, an improved background subtraction algorithm [15] is
used to remove the background from the frame image, which helps the sys-
tem to work well in the unconstrained environment. After the body area has
been roughly segmented from the background, a double-hands detection algo-
rithm making use of both hand color information and shape geometry con-
straint information is designed to robustly detect both hands and an ellipse
is applied to fit the ND-hand area. Two examples of vision-based detection re-
sults can refer to [16]. More examples of video detection results are available at
http://www.jdl.ac.cn/user/lgzhang/Research/VCSLR.htm.

After the vision-based feature detection, we describe the sign features in
the form of feature vectors in three hierarchical phases [16]. In the first phase,
we mainly characterize the feature of the D-hand from shape, orientation and
location in the form of a 35-dimension feature. In the second phase, we describe
the ND-hand shape and orientation feature by using parameters of the ellipse
fitting the area of the hand. And in the third phase, we employ PCA to further
characterize the pixels distribution features of 5 fingers of the D-hand.

3.2 SWTMHMM-Based Training and Recognition

Based on the analysis of the SWTMHMM in the previous section 2,
SWTMHMM-based training and recognition can be briefly described as follows.

SWTMHMM-Based Recognizer Training. The SWTMHMM can be trained
like following.

1) For each sign, train the SOM from the corresponding training samples to
generate the local codebook V that initializes model parameters of mean vectors.

2) Initialize the parameters of πi, aij , cim, Σim.
3) Re-estimate the parameters with the re-estimation formulas and all ob-

servation sequences for the corresponding sign.
4) Terminate the procedure if the convergence criterion is met; otherwise,

replace old parameters with the new ones, and return to 3).
SWTMHMM-Based Recognition. The problem of sign recognition is to choose

a model that can best characterize the observation signal. Thus, the recognition
procedure is as follows.

1) For the observation sequence O = O1O2 · · ·OT , compute bi(Ot) among
all signs.

2) Decode with Viterbi algorithm [8] in term of bi(Ot).
3) The result is the sign that has the maximum probability of decoding among

all signs, i.e., wresult = arg max1≤w≤W P (O|λw) .
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4 Experiments

The experiment is performed in our laboratory with unconstrained background
and the fluorescent illumination. Only a color camera is employed and placed in
front of the signer to capture the sign video data, where the video is analyzed
at 320 by 240 pixel resolution. The computer is a PC with an 800MHz Pentium
III CPU and 256M RAM. Since the current system is signer-dependent, the
training and test data are both captured by the same signer. The recognition
vocabulary consists of 439 frequently used CSL signs for deaf people during the
daily communication. Four samples of each sign are collected for training and one
sample for test. Thus, totally 1756 training and 439 test samples are collected.

In order to test the performance of the proposed hierarchical feature charac-
terization scheme, we first experiment the sign recognition by using CHMM. And
the dynamic programming technique is employed to estimate different number
of states for each HMM model; Thus, the average number of states for each sign
is 4.87, and the number of mixtures for each state of each sign is 5. Then, the
current CSL sign recognition system achieves an average recognition accuracy
of 92.5% on 439 signs and the hierarchical feature description scheme effectively
improves the recognition accuracy in a progressive manner [16].

To evaluate the performance of the proposed SWTMHMM, we compare that
with CHMM and SCHMM. Table 1 gives the results of performance compari-
son. Here, each type of HMM is 3-states left-to-right sign model allowing possible
skips. And the recognition time per word in the table do not include preprocess-
ing, e.g., feature extraction, which is the same for all types of HMM.

From Table 1, we can see that the SWTMHMM provides more satisfying
configurations when comparing the number of parameters, recognition speed and
accuracy with that of CHMM and SCHMM. The reason for the above results is
that, through sharing mixtures within each sign model, the number of mixture
components and mixture weights is greatly reduced, which helps SWTMHMM
to achieve robust parameters estimation and efficient computation of the prob-
ability densities.

5 Conclusions

This paper presents the SWTMHMM for the vision-based SLR. SWTMHMM
can provide more satisfying configurations than CHMM and SCHMM by sharing
the same codebook within the same sign model, which leads to robust parameters

Table 1. Performance comparison of different types of HMM

Number of mixtures Number of parameters Recognition performance
Type of HMM for each state (M) weights(103) means(103) speed(s/word) accuracy(%)

CHMM 5 6.6 6.6 0.165 91.3
SCHMM 1024 1,348 1.0 0.131 89.7

SWTMHMM 6 7.9 2.6 0.094 90.9
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estimation and efficient computation of probability densities. In addition, by
applying the techniques of hands detection, background subtraction and pupils-
detection to detect the feature areas precisely with the aid of simple colored
gloves, and employing an effective hierarchical feature characterization scheme,
we implement a medium vocabulary CSL recognition system that can be applied
in the unconstrained environment. Experimental results show that our methods
work well for the medium vocabulary SLR task.

Acknowledgement. This work was supported by Natural Science Foundation
of China under Grant 60303018.
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