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Abstract: Tt is found that the phonetic similarities in the Mandarin digits are the main reasons for the difficulty of Mandarin
digit recognition. In ths paper, an mproved linear discriminant analysis (LDA) based on the states of hidden M arkov models ( HMM)

is presented. The recogniion model discriminability is greatly improved by gathering the confusion data to the given states and then us

ing the state specific discriminative transformation. The experiments show that it increases the recognition rate greatly even f the simple

models with insufficient states are used. The recognition accuracy of isolated Mandarin digis is over 99 32% dfter using optimal linear

discriminative transformation.
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