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Abstract: Aiming at the problem that the connected temporal classification model needed to have
output independence assumption, and there was strong dependence on language model and long
training period, we proposed a speech recognition method based on connected temporal classification
model. Firstly, based on the framework of traditional acoustic model, spectrogram feature extraction
network based on attention mechanism was trained by using prior knowledge, which effectively
improved the discrimination and robustness of speech features. Secondly, the spectrogram feature
extraction network was spliced in the front of the connected temporal classification model, and the
number of layers of the recurrent neural network in the model was reduced for retraining. The test
analysis results show that the improved model shortens the training time, and effectively improves the
accuracy of speech recognition.
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Fig.2 End-to-end speech recognition system framework based on CTC
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Fig.3 Structure of recurrent neural network model Fig. 4 Internal structure of LSTM model
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Fig. 5 Text alignment of speech signals with framing and CTC
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Table 1 Comparison of each characteristic parameter of speech signal
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Fig. 8 Flow chart of end-to-end speech recognition system based on attention mechanism
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1.0

t/s
B 10 EFEE
Fig. 10 Speech waveform

E O‘Z w MM’,» mmww‘ 4 nMWW;ﬂMW%ﬁ» WM} ,,,‘ “l Wwwmw IWWMM

-1.0 & I I I 1 I I I I
0 1 2 3 4 5 6 7 8

t/s
B 11 whEeNeiEEER
Fig. 11 Speech waveform for endpoint detection

PEBURRAEAE O 12 4R (0918 MECC $31E, JFX B Wi B, 188 WK AR, B A8 R A 4 B
AR INBAS T, 1) 24— B i & B WTECR ny DX 7 i BB AR R AIE 2 — A m X 12 (YRR AR B, PR T vk
g — R AR R BE. IR, ST AR MEFCC [ B35 (E . IR HAE 3 BB 9 MEFCC $R1F, %
B 3R WURRAF A B 1 S 29, 0 — AR5 AT A3 3] 1 X 12 B9 MECC 4R 1F 16 £, ¥ MECC F#1F 43 5l 4 A 2
DNN-HMM,RNN fil LSTM + CTC = A8 B v, X L 7 3 3 AR J8 309 R 1800 45 15 %, DLE B
LSTM-+CTCHL AL 1y 45 8
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Table 4 Comparison results of speech recognition model based on MFCC feature

R AR - 35 1% A B/ min IR R (WER) /%
DNN-HMM 70 18.1

RNN 53 11.2
LSTM+CTC 37 7.5
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Fig. 12 Spectrogram of “A2_46. wav” audio
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Table 5 Recognition results of 9 Chinese audio
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SHA M, PIEER 2 P DL K% T SRR 3 B &M BBk 2
12 Ye4: i il UK E 12 B e
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Table 6 Error rates of speech recognition for different features under different models %

FRAE DNN-HMM RNN LSTM+CTC
MFCC 18.1 11.2 9.5
B 4+ CNN 15.4 10. 6 5.4
15 4i% K] + Attention 12.9 9.3 4,2
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