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Improved high efficiency Dynamic Time Warping for speech recognition
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Abstract: The Dynamic Time Warping(DTW) algorithm is a nonlinear warping algorithm combined
with dynamic time warping technique and distance measurement computing method. It has an important
application in speech recognition based on template matching. This paper proposes an improved efficient
dynamic time warping algorithm, which can effectively speed up the path searching in speech recognition.
Based on Matlab, the hidden Markov algorithm, efficient dynamic time warping algorithm and improved
dynamic time warping algorithm speech recognition systems are implemented. Simulation experiments
based on above algorithms are performed. The experimental results show that the training speed of
improved efficient dynamic time warping algorithm is much faster than that of efficient dynamic time
warping algorithm and hidden Markov algorithm, but the recognition rate of decline based on improved
efficient dynamic time warping algorithm is very low. For small vocabulary continuous speech recognition,
the recognition rate is 97.56% for efficient dynamic time warping algorithm, 97.14% for hidden Markov
recognition algorithm, and 96.43% for improved efficient dynamic time warping algorithm respectively.
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Fig.2 Flow chart of Matlab-based DTW speech recognition system
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Tablel Comparison of different DTW algorithm recognition speeds for number 0-9

number 0 1 2 3 4 5 6 7 8 9
efficient DTW recognition time/s 5.41 9.05 7.18 8.90 9.23 11.21 5.91 10.96  10.83  11.10

improved efficiency DTW recognition time/s ~ 2.96 4.56 3.68 4.66 4.98 6.20 3.25 6.06 6.15 6.20
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Table2 Comparison of the digital recognition of different recognition algorithms

algorithm training time/s  recognition time/s recognition rate/%
efficient DTW algorithm 1.663 68 30.827 8 97.149 2
improved efficiency DTW algorithm 1.389 20 20.787 3 90.000 0
HMM algorithm 273.000 00 28.895 5 88.571 4

M 2 nfLAE I, AEIIZRET7 T, W T HMM Sk s A SO I ik AT N 2k, D3R T HMM Bk 1
BF A, G ALl 2 Ay ZE U B () D5 18, HMM 383 0 1000 s 8] 8 F = 2 DTW B389 T K o i v 4%
DTW Bk, X Ul Wl ek R W o 723U 507 T, ol T 2ok A DTW B3kl 11 R XK, T DAUAT 7l g
e IEW R VE I A, I AT 3R HE R 8% DTW BRI .
# 3 AU B E ANDUF U LA

Table3 Comparison of the specific characters of different recognition algorithms

algorithm training time/s recognition time/s recognition rate/%
efficient DTW algorithm 1.44 19.11 97.14
improved efficiency DTW algorithm 1.01 12.82 96.43
HMM algorithm 275.50 18.31 97.86
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Table4 Comparison of the non-specific characters of different recognition algorithms

algorithm training time/s recognition time/s recognition rate/%
efficient DTW algorithm 1.69 30.68 70.00
improved efficiency DTW algorithm 141 20.31 65.71

HMM algorithm 286.00 28.76 51.43
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