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Fig. 1 Example of a spectrogram spoken by a phys-

ically unimpaired person /ikioi/

Fig. 2 Example of a spectrogram spoken by a per-

son with an articulation disorder /ikioi/
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*Phone Labeling based on the Probabilistic Representation for Dysarthric Speech Recognition, by Yuki
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Fig. 5 Word recognition accuracy for each speaker

using the speaker-independent acoustic model
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