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Voice Quality Control in Esophageal Speech
Enhancement Using Statistical Voice Conversion

KENZO YaMamoTo, ! HiroNoRI Dor, ! ToMok1 Toba, !
HirosHI SARUWATARIT! and KIYOHIRO SHIKANO f!

Esophageal speech is one of the alternative speaking methods for total laryn-
gectomees. Compared with normal speech, its sounds are unnatural and hard
to distinguish from esophageal speech produced by other laryngectomees due
to lack of speaker dependent features in voice quality. To improve naturalness
and speaker individuality of the esophageal speech, a conversion method from
esophageal speech to normal speech (ES-to-Speech) using one-to-many eigen-
voice conversion has been proposed. This method is capable of adapting the
converted voice quality to given target speech data. However, it is hard to
manually control the conveted voice quality when target speech data are not
available. In this report, we introduce a voice quality control method based

on multiple regression Gaussian mixture model (MR-GMM) to ES-to-Speech
to make it possible to intuitively control the converted voice quality. More-
over, to further improve the performance of voice quality control, we improve
a method for assigning voice quality scores into individual speakers’ voices and
a regression analysis method.
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Fig.1 Prediction error of spectrum.
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Fig.2 Prediction error of aperiodic components.
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Fig.3 Prediction error of logarithmic Fjy.
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Fig.5 Prediction error of aperiodic components.
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Fig.7 Perceptual score on deepness.
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Fig.8 Perceptual score on forcefulness.

5

-0 MR-GMM
X KR-GMM
—  95% confidence intervals

Mean opinion score (MOS)
/

S5 -4 -3 -2 - 0 1 2 3 4 5
male Voice quality control vector female
09 OoooboOoOoOooooooo

Fig.9 Mean opinion score on naturalness.
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