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Fig.3 The sketch map of the lattice Viterbi algorithm
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Tablel Un-Embedded training recognition, test set is Unreg.
1 )
Method Recognition accuracy (%) Recognition time (s/word)
HMM 68.1 (S=58, 1=40, D=19) 0.503
SRN/HMM 73.6 (S=57, 1=8, D=32) 0.241
Table2 Embedded training recognition, test set is Unreg.
2 )
Method Recognition accuracy (%) Recognition time (s/word)
HMM 81.2 (S=35, 1=25, D=9) 1.016
SRN/HMM 85.0 (S=33, |=6, D=16) 0.479
Table 3 Embedded training recognition, test set is Reg.
3 )
Method Recognition accuracy (%) Recognition time (s/word)
HMM 90.7 (S=13, I1=18, D=3) 1.025
SRN/HMM 92.1 (S=12, I1=5, D=12) 0.485
Bi-gram , PI111450(192M ) ,S(substitution) ,
I (insertion) ,D(deletion) , 367. ,SRN/HMM
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A Signer-Independent Continuous Sign Language Recognition System Based on
SRN/HMM*
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Abstract: Sign language recognition is to provide an efficient and accurate mechanism to transcribe sign
language into text or speech. State-of-the-Art sign language recognition should be able to solve the
signer-independent continuous problem for practical applications. In this paper, a divide-and-conquer approach,
which takes the problem of continuous CSL (Chinese sign language) recognition as subproblems of isolated CSL
recognition, is presented for signer-independent continuous CSL recognition. In the proposed approach, the SRN
(simple recurrent network) is used to segment the continuous CSL. The outputs of SRN are regarded as the states of
HMM (hidden Markov models) in which the lattice Viterbi algorithm is employed for searching the best word
sequence. Experimental results show that SRN/HMM approach has better performance than the standard HMM.

Key words: neural network; simple recurrent network; hidden Markov model; continuous sign language recognition;
signer-independent sign language recognition
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