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Multilingual recognition based on CRNN hybrid neural network

WANG Yao, LONG Hua* , SHAO Yubin, DU Qingzhi, WANG Yankai
(Faculty of Information Engineering and Automation, Kunming University of Science and Technology , Kunming,
Yunnan 650500, China)

Abstract:In the process of language recognition,a multilingual recognition model using convolutional re-
current neural network (CRNN) hybrid neural network is proposed to extract spatial features and tem-
poral features of speech signals and improve the accuracy of multilingual recognition. The model firstly
extracts the acoustic features of speech signals. Then the features are input into the convolutional neural
network (CNN) to extract the low-dimensional spatial features. Next the spatial features are structured
through the spatial pyramid pooling layer (SPP layer) ,and the fixed length one-dimensional features are
obtained. Finally,it is input into the recurrent neural network (RNN) to identify the language informa-
tion. To test and verify the robustness of the model, experiments are conducted on three data sets, the re-
sults show that compared with the conventional convolution neural network and recurrent neural net-
work, CRNN hybrid neural network language recognition accuracy of different data sets are increased,
the data sets in eight languages with time about 5 s have the voice of the most obvious,which are in-
creased by 5.3% and 6. 1% respectively.

Key words: language recognition; convolutional recurrent neural network (CRNN) hybrid neural net-

work; convolutional neural network (CNN); recurrent neural network (RNN)
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Tab. 1 Setting of experimental data set
Data set 1 Data set 2 Data set 3
Languages Label Languages Label Languages Label
English 0 Chinese 0 Minnan 0
French 1 Burmese 1 Kejia 1
German 2 Vietnamese 2 Shanghai 2
Spanish 3 Cambodian 3 Hefei 3
ITtalian 4 Lao 4 Shaanxi 4
Korean 5 Ningxia 5
Tibetan 6 Changsha 6
Uyghur 7 Hebei 7
Nanchang 8
Sichuan 9
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Influence of the number of hidden layers on the accuracy of language recognition
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Fig. 8 The influence of the number of hidden layer neurons on the accuracy of language recognition
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Tab.2 Language recognition accuracy of different network models

Data set 1 Data set 2
Model Test utterance length/s Data set 3
3s 5s 10 s 3s 5s 10 s
Resnet18 79.5% 88.1% 93.2% 76.4% 80.3% 86.3% 78.1%
Bi-LSTM 79.1% 87.4% 91.9% 74.9% 79.5% 85.2% 75.0%
Res‘iesﬂT%\;fBi' 81.7% 90.8% 94.2% 79.1% 85.6% 89.8%  82.6%

VGG+BIi-LSTM

Multi-task

78.5% 87.9%

82.3% 77.3% 81.0% 87.1% 77.5%

— — — — 80.2%
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