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Abstract As one of the most important parts of human-computer interaction, the research and
implementation of sign language recognition (SLR) has significant academic value as well as broad
application prospect. In this paper, a framework of tied-mixture hidden Markov models (TMHMM) is
proposed for vision-based SLR. TMHMM can efficiently speed up the vision-based SLR without significant
loss of recognition accuracy compared with the continuous hidden Markov models (CHMM) due to its
excellent properties, i.e., the modeling resolution of TMHMM approximates that of CHMM and the
computation cost of TMHMM is greatly saved by tying similar Gaussian mixture components. For the sign
feature extraction, an effective hierarchical feature characterization scheme is proposed, which is more
suitable to realize medium or larger vocabulary SLR, through employing principal component analysis to
characterize the finger area distribution feature more elaborately. Further, by integrating the techniques of
robust hands detection, background subtraction and pupils detection to extract the feature information
precisely with the aid of simple colored gloves against the unconstrained background, a medium vocabulary
vision-based recognition system for Chinese sign language (CSL) is implemented. Experimental results
show that the proposed methods can work well for the medium vocabulary CSL recognition in the
environment without special constraints.

Key words sign language recognition; hidden Markov models; human-computer interaction; computer
vision
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Fig. 2 Schematic diagram of Tied-Mixture Hidden Markov Models (TMHMM).
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Fig. 3 Visual feature detection. (a) Frontal and back view of
colored gloves and (b) detected feature parts of pupils and two
hands, and non-dominant hand areas fitted by ellipses
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Table 1 Recognition results of hierarchical feature

characterization based on CHMM

F1 £T CHMM YRR BUHEZ] B HYIR 5 45 R

Sign Type Nun_’lber : Recognitic_)n Accuracy (_%)
of signs Dim-35(0 Dim-38@ Dim-43®
Two-handed 223 915 93.7 93.3
One-handed 216 85.6 85.6 91.7
Overall 439 88.6 89.7 925

Note: DDim35: 35-dimension feature mainly characterizing the dominant
hand (D-hand); @Dim38: 38-dimension feature combining Dim35 and the
features of the non-dominant hand characterized by an ellipse; ®Dim43:
43-dimension feature combining Dim38 and the pixel distribution features
of 5 fingers of the D-hand.

Table 2 Results comparison with related works
2 GRS R AL
Number Accuracy

Group of signs %) Remark
Charayaphan [3] 3 87.1 vision
Deng [7] 192 93.3 CG
Grobel [6] 262 91.3 CG
Our group 439 925 CG

Note: CG-colored glove
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W =439, N =4.87,M =5 * N*M =10690, K = 4096 .

Table 3 Comparison of recog. performances of two models
# 3 T CHMM A1 TMHMM i3 1 g Fe

Model CHMM TMHMM
Average Accuracy (%) 925 91.3
Average Recog. Time (s/word) 0.285 0.135
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Research Background

Sign language, as a kind of most structured human gestures, is regarded as one of the most natural and primary means of
communication among deaf people. The goal of sign language recognition (SLR) is to provide an efficient and accurate mechanism
to translate sign language into text or speech so that the communication between deaf and hearing society can be more
convenient. SLR, as one of the important research areas of human-computer interaction, has attracted more and more interest in HCI
community for its significant academic value as well as broad application prospect. In this paper, a framework of tied-mixture hidden
Markov models (TMHMM) is proposed for vision-based SLR. TMHMM can efficiently speed up the vision-based SLR without
significant loss of recognition accuracy compared with the continuous hidden Markov models (CHMM) due to its excellent
properties, i.e., the modeling resolution of TMHMM approximates that of CHMM and the computation cost of TMHMM is greatly
saved by tying similar Gaussian mixture components. For the sign feature extraction, an effective hierarchical feature
characterization scheme is proposed, which is more suitable to realize medium or larger vocabulary SLR. Further, by integrating the
techniques of robust hands detection, background subtraction and pupils detection to extract the feature information precisely with
the aid of simple colored gloves against the unconstrained background, a medium vocabulary vision-based recognition system for
Chinese sign language (CSL) is implemented. Our work is partially supported by the National Natural Science Foundation of China
under grant No. 60303018 and No. 60533030, the National High Technology Development 863 Program of China under grant No.
2001AA114160, and the Natural Science Foundation of Beijing City under grant No. 4061001.
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