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Abstract : Combining acoustic features with prosodic features,this paper presents a new hybrid block
feature. In order to test the efficiency of the new feature,comparative experiments are done on the
speech database consisting of North, WU, YUE and MIN dialects. The experimental results show
that the new feature can performs better than traditional MFCC and LPCC features. An average
accuracy of 92% is achieved in four Chinese dialects with 15 seconds speech segments. And the

identification accuracy of MIN and YUE dialects is best in four dialects. They are 96 % and 95 %

respectively.
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Table 2 Compared identification results under different

features
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