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A Study on Robust Feature Extraction Using Kernel PCA
in Reverberant Environments

TETSUYA TAKIGUCHIt and YASUO ARIKI

We investigate robust feature extraction using kernel PCA (Principal Component Analy-
sis). Kernel PCA has been suggested for various image processing tasks requiring an image
model such as, e.g., denoising (Mika, et al. (1999)). Image denoising is the task of constructing
a noise-free image from a noisy input image. From the point of view of a kernel PCA, image
denoising can be also regarded as the same problem as image super-resolution (Kim, et al.
(2004)). Also, an approach for feature extraction in speech recognition systems using kernel
PCA has been proposed (Lima, et al. (2004, 2005)), where kernel PCA was applied to the
low-dimension cepstrums. Much research for noise-robust feature extraction has been done,
but it is difficult to remove the reverberation or non-stationary noise. The most commonly
used noise-removal techniques are based on the spectral-domain operation, and then for the
speech recognition MFCC (Mel Frequency Cepstral Coefficients) are computed, where DCT
(Discrete Cosine Transformation) is applied to the mel-scale filter bank output. In this paper,
we propose robust feature extraction based on kernel PCA instead of DCT. Its effectiveness
is confirmed by word recognition experiments on reverberant speech.
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Fig.1 Feature extraction using Kernel PCA.
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Clean speech data

Reverberant speech data
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Fig.3 Clean speech and reverberant speech (reverberation
time = 470 ms): the speech waveform and spectro-
gram of the Japanese utterance /a i sa tsu/.
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Fig.4 Recognition rates for the reverberant speech by the
proposed method. (p = 1)
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Fig.5 Recognition rates for the reverberant speech by the
proposed method. (p = 2)

speaker3 Ave.

000000000 p=10000000 PCAO
00000000000 PCAOOODODOOO30O
0000000 PCAI6OOO 75%0000000
0040000000 Kernel PCAOOODOOOO
O0000O0O0o0oOoOoOoooooooo pCcAODO B



80 O Baseline
B 13 dim.(KPCA)
O 16 dim.(KPCA)

75

,_.
3
Recognition rate [%)] N

70 ]
67.8
65.9
65 63.9
60 1 1 1
speakerl speaker2 speaker3 Ave.

0 6 MFCCO BaselineD 0 Kernel PCADDODODOOOOO
oooooooon p=10
Fig.6 Recognition rates for the reverberant speech, where
the kernel PCA is applied to MFCC (Baseline).
(p=1

01 00oooooooobooo
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Table 2 Recognition rates with the sigmoid function.

ooo 16 24 32

a=0.0001 58.8 | 60.7 | 61.7
a=0.00005 71.6 | 69.7 | 68.3
a=0.00001 73.0 | 7T1.3 | 72.6
a=0.000005 | 71.6 | 72.7 | 73.4

03 0D0000o0oo0ooo00oo0ooOooooooooooo
()0oooooooDoOoO0O0O0O00000O0O
Table 3 Recognition rates using speaker independent data.
(*) shows the recognition rates using speaker de-
pendent data.
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Fig.7 Recognition rates for the clean speech by the
proposed method. (p = 2)
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