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Fig. 1 Examples of Random Matrices
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*Generation of random matrices using a genetic algorithm for dysarthria speech feature extraction, by
Yuichiro Kataoka, Toru Nakashika, Tetsuya Takiguchi, Yasuo Ariki (Graduate School of System Infor-

matics, Kobe University)
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Fig. 2 Overview of Random Transformation on
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Fig. 3 Overview of Genetic Algorithm
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Fig.4 Overview of crossing-over, mutation, and se-
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Table 1 Recognition rates [%] using a genetic algo-

rithm for the begining generation and the last gen-

eration
begining generation last generation
speakerA 63.81 67.14
speakerB 93.98 94.91
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