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Abstract 

This paper presents a Chinese sign language/spoken 
language dialog system based on the technique of large 
vocabulary continuous Chinese sign language 
recognition (SLR) and Chinese sign language synthesis 
(SLS), which is new development for HandTalker. In 
the SLR module, a fuzzy decision tree with 
heterogeneous classifiers is presented for large 
vocabulary singer-independent SLR, and then large 
vocabulary continuous SLR based on transition 
movement models is proposed. In SLS module, three 
key techniques: realistic 3D facial animation and 
gesture retargeting technique and synchronization modal 
on gesture and lip motion are employed to improve sign 
language synthesis vividness.  
 
1 Introduction 
 

This paper presents some new development on our 
first sign language/spoken dialog system – 
Handtalker[1], which is a Chinese sign language dialog 
system (CSLDS) based on the technique of large 
vocabulary continuous Chinese sign language 
recognition (SLR) and Chinese sign language synthesis 
(SLS). The system can show the advance technology on 
gesture recognition and synthesis well and can apply to 
more powerful system combined with speech 
recognition and synthesis technology, which then can 
allow the convenient communication between deaf and 
hearing society. 

 

 
Fig. 1. Deaf and Hearing Person Dialog System  
 
The system consists of two parts: deaf terminal and 

hearing terminal (Fig. 1). Deaf terminal includes SLS 

and SLR. Hearing terminal covers speech recognition 
and speech synthesis. Hearing impaired performs the 
sign language word on the hearing impaired terminal by 
data gloves and recognize sign language to text through 
SLR, and then transmit to hearing terminal by Internet. 
Hearing terminal synthesizes the accepted words into 
speech. Therefore, Hearing people can understand 
hearing impaired sign language. Hearing people 
transmit the speech on the hearing terminal into 
recognized words through speech recognition, and then 
transmit to hearing impaired terminal and synthesize 
these words into sign language with sign language 
synthesis module. So hearing impaired can also 
understand hearing people speaking. 

There are some advantages for HandtalkerII against 
Handtalker. The new one makes great effort on signer-
independent recognition and more realistic character 
animation. In this paper, some new methods for signer-
independent sign language recognition and synthesis 
will be introduced. In the SLR module, a fuzzy decision 
tree with heterogeneous classifiers is presented for large 
vocabulary singer-independent SLR, and then large 
vocabulary continuous SLR based on transition 
movement models is proposed. In SLS module, three 
key techniques: realistic 3D facial animation and 
gesture retargeting technique and synchronization modal 
on gesture and lip motion are employed to improve sign 
language synthesis vividness.   
 
2 Chinese Sign Language Recognition 
 

Sign language as a kind of gestures is one of the most 
natural ways of exchanging information for most deaf 
people. The aim of sign language recognition (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.  

Attempts to automatically recognize sign language 
began to appear in the literature in the 90's. The 
recognition methods usually include rule-based 
matching, artificial neural networks (ANN), and hidden 
Markov models (HMM). 

Kadous [2] demonstrated a system based on 
Powergloves to recognize a set of 95-isolated Australian 
sign language with 80% accuracy. Fels and Hinton [3] 



developed a system using a Data glove with a Polhemus 
tracker as input devices. In their system, five neural 
networks were employed for classifying 203 signs. Kim 
et al. [4] used fuzzy min-max neural network and fuzzy 
logic approach to recognize 31 manual alphabets and 
131 Korean signs based on Datagloves. An accuracy of 
96.7% for manual alphabets and 94.3% for the sign 
words were reported. Hienz and Bauer [5] employed 
HMM to recognize continuous German sign language 
with a single color video camera as input. An accuracy 
of 91.7% can be achieved in recognition of sign 
language sentences with 97 signs. Liang and Ouhyoung 
[6] also employed HMM for continuous Taiwan SLR 
with the average recognition rate of 80.4% for 250 signs. 
Starner et al. [7] used a view-based approach for 
continuous American SLR. The word accuracy of 92% 
or 98% was gotten when the camera was mounted on 
the desk or in a user’s cap in recognizing the sentences 
with 40 different signs. Vogler and Metaxas [8] used 
computer vision methods to extract the three-
dimensional parameters of a signer’s arm motions as the 
input of HMM, and recognized continuous American 
Sign Language sentences with a vocabulary of 53 signs. 
The reported best accuracy is 95.83%.  

From the review above, we know that most 
researchers focus on small or medium vocabulary SLR 
in the signer-dependent field. For signer-independent 
SLR, only Vamplew and Adams [9] reported a signer-
independent system based on a Cyber glove to 
recognize a set of 52 signs. Their system employed a 
modular architecture consisting of multiple feature-
recognition neural networks and a nearest-neighbor 
classifier to recognize isolated signs. They got 94% 
recognition rate in the registered test set and 85% in the 
unregistered test set. To the best of our knowledge, no 
research report was found in the literature on large 
vocabulary signer-independent SLR. 

The major challenges that SLR faces now are 
developing methods that solve large vocabulary signer-
independent and continuous sign problems. The ability 
to recognize large vocabulary signer-independent and 
continuous sign language, without the introduction of 
artificial pause, has a profound influence on the 
naturalness of the human-computer interface and is 
clearly an essential requirement for the widespread use 
of SLR system. 

In this paper, a large vocabulary continuous sign-
independent sign language recognition system is 
developed. The system consists of two key techniques 
to deal with large vocabulary signer-independent and 
continuous sign recognition problems. One is a fuzzy 
decision tree with heterogeneous classifiers for large 
vocabulary singer-independent SLR, and then transition 
movement models for large vocabulary continuous SLR. 
The input device of our system includes two Cyber 
gloves and three Pohelmus 3SPACE-position trackers 
(Figure 2). 
 

 
Fig. 2. The Input Device 

 
2.1 Large vocabulary signer-independent sign 
language recognition 

 
The major difficulty for large vocabulary sign 

recognition lies in the huge search space due to a variety 
of recognized classes. How to reduce the recognition 
time without loss of accuracy is a challenging issue. In 
this paper, a fuzzy decision tree with heterogeneous 
classifiers is presented for large vocabulary sign 
language recognition. As each sign feature has the 
different discrimination to gestures, the corresponding 
classifiers are proposed for the hierarchical decision to 
sign language attributes. Gaussian mixture models 
based one- or two- handed classifier and finite state 
machine based hand shape classifier with little 
computational cost are first used to eliminate many 
impossible candidates, and then SOFM/HMM classifier 
in which the self-organizing feature maps (SOFM) 
being as an implicit different signers’ feature extractor 
for continuous hidden Markov models (HMM) to allow 
some signer independence, is proposed as a special 
component of fuzzy decision tree to get the final results 
at the last non-leaf nodes that only include few 
candidates. To alleviate the effect of crisp classification 
errors, fuzzification is introduced in the decision tree. 
The system drastically reduces the recognition time and 
also remains the promising accuracy. The system is 
illustrated in Fig. 3. 

 

 
 
Fig. 3. The fuzzy decision tree for sign language 
recognition 
 



2.2 Continuous sign language recognition 
 

For continuous SLR, the main issue is how to handle 
the movement epenthesis. The movement epentheses, 
i.e. transition movements between two signs, begin at 
endpoint of the preceding sign and finish at start of the 
following sign, which vary with the sign contexts. The 
presence of movement epenthesis greatly complicates 
the recognition problem, since it inserts a great variety 
of extra movements that are not present in the signs’ 
lexical forms, instead of merely affecting the 
performance of adjacent signs.  

In continuous SLR, because no basic unit is defined 
in the signs’ lexical forms yet, the number of phoneme 
extracted manually or automatically is so large that the 
training data becomes very sparse. This leads to the 
impossibility to train the context-dependent models for 
overcoming the effect of movement epenthesis in large 
vocabulary SLR system. In fact, directly modelling the 
movement epenthesis can reduce its effect. However, all 
the possible combinations between two signs are so 
mass, especially in the large vocabulary size, that a 
large amount of continuous sentences are required for 
training those models.  

 
 
 

 

 
Fig. 4.  The transition movement model between two 
signs 

 
To overcome this problem, large vocabulary 

continuous SLR based on transition movement models 
is proposed in this system (see Fig 4.). The proposed 
method employs the temporal clustering algorithm to 
cluster transition movements between two signs, and 
then the corresponding training algorithm of transition 
movement models is also presented. In the temporal 
clustering algorithm, dynamic time warping is 
employed as the distance computation criterion because 
it can measure the distance between two temporal 
sequences. In the training algorithm of transition 
movements, transition movements are iteratively 
segmented from continuous sign sentences and their 
models can be estimated after clustered. At last, the 
clustered transition movement models, together with 
sign models, are used as the candidates of the Viterbi-
Beam search algorithm for large vocabulary continuous 
SLR. 

 
2.3 Experiments 

 
Experimental data consist of 61356 samples over 

5113 signs from 6 signers with each performing signs 
twice. Experimental results on a large vocabulary of 
5113-signs show the fuzzy decision tree has an average 
recognition rate of 91.6% using cross validation test. 
The average recognition time is 0.263 second per word 

and is suitable to the real-time recognition requirement. 
Figure 5 shows the results: 

 
Fig. 5. The recognition results on 5113 signs 

 
Continuous sign language database consist of the 

1500 sentence samples with 750 different sentences 
over a vocabulary of 5113 signs. The sentences are 
extracted from the 200M corpus which is composed of 
China Daily and Family Collection Book. Experimental 
results show that continuous SLR based on transition 
movement models has good performance with an 
average recognition rate of 91.9%, where S, I and D 
denote the error numbers of substitution, insertion and 
deletion, respectively (See Table 1).  

Table 1. The accuracy for continuous SLR 

Signer Accuracy Time(s/w)

S1 
90.8% (S=279, I=53, 

D=127, N=4994) 1.29 

S2 
93.0%(S=234, I=30, 

D=85, N=4994) 1.25 

Average 91.9% 1.27 
 
3 Chinese Sign Language synthesis 

 
In sign language synthesis system, the input is a 

meaningful sentence, and the output is a text-to-speech 
synchronized voice as well as facial animation and sign 
language corresponding to the input sentence.  

For our CSLS system, We record the motion of 5500 
sign words of Chinese sign language (CSL), and then 
edit every word we recorded by using a motion editing 
software we developed---Gesture Edit (Fig 6), that can 
cut any frame of a motion or modify the shape and 
position of the hand in a frame. 

  

 
Fig. 6.  Gesture Edit tools 

You need not to modify every frame but only the key 
frames. The other frames will be calculated 
automatically with some interpolation methods. (Fig. 7)  

Sign VSign U T(V|U) 



 
(a) 

 
(b) 

Fig 7: (a) The Original Display of Word “Ke Guan” 
(b) The Modified Display of Word “Ke Guan” 

To generate the motion of a sentence, we should 
concatenate the motion-snippets of sign words. To make 
this concatenate more nature and realistic, the 
interpolation method based on quaternion is adopted in 
our system. (Fig. 8) 

            
(a)            (b)                                   (c) 

Fig 8: (a) The Last Frame of Word “DaJia” (b) The 
First Frame of word “Hao”  (c) The Interpolation 
Results of Word “Dajia Hao” 

There are three new technologies being developed in 
our HandtalkerII system. First is realistic face animation, 
in sign language, there are about 1/3 words of the whole 
sign words set must have expressions to make the 
gesture understood. Therefore, face animation and 
expression synthesis is more important for the whole 
system. Second is motion retargeting technology, which 
can retarget the standard data to any given character 
modal to make the animation data singer-independent. 
And the third is synchronization modal between gesture 
and lip motion.  
 
3.1  Realistic 3D facial animation 

 
The 3D facial animation approaches usually focus on 

two issues: geometry and texture. The first kind of 
methods tries to generate the correct face geometry 
during animation. The second kind of methods tries to 
generate realistic texture. 

For animating the 3D face geometry, our work deals 
mainly with the problem of building the FaceDefTables, 
which depicts how the facial animation parameters 
(FAPs) influence the face model to perform the desired 
animation in the MPEG-4 based facial animation system. 
The FaceDefTables for our predefined standard facial 
model (SFM) are built by using the interpolation 
method. Since the FaceDefTables depend on facial 
models, the FaceDefTables for the SFM can be applied 
to only those facial models that have the same topology 
as the SFM. For those facial models that have different 
topology, the FaceDefTables have to be built 
accordingly. To acquire the FaceDefTables for ATFM, 
some feature points are first selected on ATFM, and 
then the SFM is transformed according to those feature 

points. At last, each vertex is projected on the ATFM to 
the transformed SFM and the FaceDefTables for the 
ATFM is built according to the projection position. 
With the FaceDefTables we built, the animation is 
generated on the ATFM. Compared with Noh’s work 
[10], our approach also reuses the animation data. 
Furthermore, our approach has more advantages: 1) 
After constructing the FaceDefTables, the new model 
can be driven by any FAPs and isn’t limited by the exist 
animation data; 2) The FaceDefTables for the ATFM 
only needs to be constructed once, while their method 
has to transfer the animation data every time; 3) Our 
method is MPEG-4 compatible, which is genetic and 
easy to be expanded. 

For generating subtle texture changes in animation, 
we present a novel method that can express subtle facial 
expression changes. Firstly, we sample the illumination 
change of the region where there are subtle facial 
expression changes, and we call these illumination 
changes PERIs (partial expression ratio images). In this 
way, we set up a database of PERI. Secondly, we 
parameterise the PERI and thus parameterise the subtle 
facial expression change in facial animation. According 
to the FAP (facial animation parameter) in the MPEG-4 
based facial animation framework, we use the FAP to 
get the coefficient of the PERI and thus control the 
illumination of the subtle expression change, and in this 
way we parameterise the subtle expression change in 3D 
facial animation. At last, we present the multi-view 
PERI method, which can generate realistic facial 
expression in different viewpoints. Some of the subtle 
expression (such as the dimple) will have different 
textures in different viewpoints due to occlusion. In 
order to solve this problem, we set up two PERIs for the 
same region with subtle facial expression changes: one 
is for the frontal face and the other side face. According 
to the rotation angle of the face, we compute the 
weights of the two PERIs and then use these two 
weights to apply the frontal PERI and side PERI onto 
the texture image. In this way, we can get realistic 3D 
facial expressions in different viewpoints. Compared 
with Guenter[11] and Pighin[12], this paper uses only 
one neutral expression texture, and there is no need to 
get textures from the facial expression video sequence. 
The database of PERI in our system need only to be set 
up once and can be applied to different facial models, 
and thus has the advantage of more general, convenient 
and automatic. Compared with Liu [13], we put 
emphasis on special face features while they clone the 
whole facial expression. And we have also effectively 
parameterised the PERI in the MPEG-4 based facial 
animation framework and have successfully applied it to 
the 3D facial animation. 

Figure 9 shows the joy, anger, sadness and surprise 
expressions of four different facial models. The four 
facial models have the different topology. The first 
facial model has 1143 vertices and 2109 triangles. The 
second one has 3842 vertices and 7170 triangles. The 



third one has 3034 vertices and 4805 triangles while the 
fourth one 8955 vertices and 17431 triangles. 

 

 
Fig. 9. Four groups of expressions: joy, anger, 
sadness and surprise.  

Figure 10 is the animation sequence for the 
expression of surprise, where figure 10(a) has no PERI, 
and figure 10(b) has the PERI of the wrinkle at forehead. 
We can see that the more surprise, the wrinkle becomes 
more obvious. Figure 11 is an animation sequence for 
smile expression. Figure 11(a) has no PERI, and figure 
11(b) includes not only the PERI of the dimple, but also 
the PERI of the wrinkle at the canthus. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
3.2 Gesture motion retargeting 

 
The recorded and modified motions capture sign 

words data is for a specific person in performing 
specific motion. The captured data itself whenever the 
data needs to be reused, it has to be retargeted to 
account for the differences in the anthropometrics and 
motion. Therefore motion retargeting is emerging as an 
important technique in recent character animation.  

In the system we presented a technique for retargeting 
sign language data captured from data glove to different 
characters with different size and proportion. It is 
important to ensure the correctness of hand posture and 
to avoid the collision between hand and other parts of 
the human body. We utilized an importance-based 
method to select important end-effectors and proposed a 
novel method based on relative position of original end-
effectors to compute target end-effectors position. Then    
we realized the retargeting problem with an IK solver.  

Our model is showed in figure 12.  
 

 
Fig. 12 The controlled degrees of freedom for the 
dynamic model of the virtual human.  

 
The models have 53 body segments and 53 joints. 

There are 18 joints and 32 degrees of freedom in each 
upper limb. Shoulder has three Dofs. Elbow and wrist 
have two Dofs respectively. There are three joints in 
each fingers and sum up to 25 Dofs in hand. And results 
are seen in figure 13. 

 

 
Fig. 13. The left shows standard sign language, the 
center shows results without retargeting and the 
right shows results after retargeting. 

 
3.3 Synchronization modal 

 
Synchronization among lip animation and gesture 

animation is crucial for the sign language synthesis 
system. A lot of research work has done in 
harmonization between speech and gesture and face. 
BEAT [14](the behavior expression animation toolkit), 
which allows one to animate a human-like body using 
just text as input. The mapping from text to facial, 
intonation and body gestures is contained in a set of 
rules derived from state of the art in nonverbal 
conversational behavior research. The time control 
model in her system is based on text to speech engine 
for time information.   

But for the signer (not deaf people) with sign 
language and face movement and speech, we found that 
the time control modal is based on the most essential 
communicative activity, which is gesture. This 
conclusion is not contrast but consistent with [14]. In 

(b) 
Fig. 10.  Animation 

sequence of surprise. 
(a) without PERI; (b) 

with PERI 

(a) (a) 

(b) 
Fig. 11.  Animation 
sequence of smile. 
(a)without PERI; 

(b)with PERI 



natural spoken language communication, the speech is 
the main communicative activity and then all the other 
modalities should be occur along with spoken language.  
But in sign language communication, people pay more 
attention to the gesture and gesture is most important 
way to convey meaning, thus all the other modalities 
should be consistent with gesture. In our system, a new 
visual prosody time control model is proposed to realize 
synchronization among speech synthesis, face animation 
and gesture animation [15]. The duration of visual 
prosody modal was obtained by incorporating the time 
information of recorded sign words and the predicted 
prosodic pattern which including time information for 
speech synthesis.  Thus the visual prosody not only 
accord with the recorded gesture time to make the 
gesture animation more realistic, but also accord with 
the prosody rules of natural speech to make the gesture 
animation more individuate. At the same time, the 
visual prosody will feed back to text to speech units, 
which not only make the synthesis speech more nature, 
but also make the synthesis speech can be harmonize 
with gesture.(Figure 14) 

Text: Da Jia Hao（Chinese）Hello, Every one (English)   
(a) 

   
(b) 

 
(c) 

Fig 8.  (a) Input text (b) The synthesis speech (c) Key 
frame for animation of sign language 

The CSLS system was given a readable score of 92.98% 
for visual and understanding finger spelling, 88.98% for 
words, 87.58% for sentences by the students from these 
Deaf-mute Schools. 
 
4 Conclusions 
 

HandtalkII make great improvements on Handtalker, 
especially on signer-independent sign language 
recognition and synthesis. This paper presents several 
new methods we proposed in HandtalkerII. In the SLR 
module, a fuzzy decision tree with heterogeneous 
classifiers and transition movement models is proposed 
for large vocabulary singer-independent SLR, and the 
average accuracy is above 90%. In SLS module, three 
key techniques: realistic 3D facial animation and 
gesture retargeting technique and synchronization modal 
on gesture and lip motion are employed to improve sign 
language synthesis vividness. Experiments on deaf-mute 
schools students show our system works well. 
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