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ABSTRACT

In this paper, we study a model parameter compensation method for noise-robust speech recognition. We study model
parameter compensation on a sentence by sentence and no other informations are used. Parallel model combination{PMC),
well known as a model parameter compensation algorithm, is implemented and used for a reference of performance
comparision. We also propose a modified PMC method which tunes model parameter with an association factor that
controls average variability of gaussian mixtures and variability of single gaussian mixture per state for more robust
modeling. We abtain a re-estimation solution of environmental variables based on the expectation-maximization(EM) al-
gorithm in the cepstral domain. To evaluate the performance of the model compensation methods, we perform experiments
on speaker-independent isolated word recognition. Noise sources used are white gaussian and driving car noise. To get
corrupted speech we added noise to clean speech at various signal-to-noise ratio(SNR). We use noise mean and variance
modeled by 3 frame noise data. Experimental result of the VTS approach is superior to other methods. The scheme of the
zero order VTS approch is similar to the modified PMC method in adapting mean vector only. But, the recognilion rate of
the zero order VTS approch is higher than PMC and modified PMC method based on log-normal approximation.
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