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Spectral Subtraction Based grGaussian Assumption for Noise Robust Speech
Recognition

¥ Hilman F. Pardede Koichi Shinoda, Koji Iwano?
(*Tokyo Institute of Technology,Tokyo City University)

1 Introduction by maximizing P(Y’) with respect tar, we obtain the

o - . maximum likelihood estimation of as the following:
Spectral subtraction is used to remove additive noise

and improves the robustness of speech recognition sys- =y -7 (2)
tems [1]. 1tis d_enyed.by maX|m_|zmg t_he likelihood of Eqg. (2) is basically linear spectral subtraction (LSS) for-
noisy s.pee(?h o'l|strfbut|on assur'nlr.wg n0|'se and speech A ulation. Therefore spectral subtraction can be derived
Gaussian distributions and statistically independent from . . oo . .
) using maximum likelihood principles by assuming that

each other. However, noise and speech could be cor; . .

) ) ) the speech and noise DFT components are independent
related, for instance when short time fourier transform

} i ~ Gaussian random process with the variance is unknown
(STFT) is used. Therefore, the Gaussian assumpnor}Jut deterministic

may nqt applicable. o The Gaussian assumption does not satisfy when the
Tsallis entropy was proposed as a generalization of

_ noise and speech are correlated. We extend the Gaussian
Shannon entropy [2]. It has successfully implemented

. i . assumption in Eq. (1) tg-Gaussian. Theg-Gaussian
to complex systems in many ar?as. in physics such Ristribution utilizes theg-exponential ¢-exp) function,
cosmology, fractals and self-gravitating systems. ghe a .

) S ' s _€g = (1+(1-¢g)x)™3, which recovers the usual expo-
Gaussian distribution was derived by maximizing Tsallis . . . . L
o ) ) ~ ¥ 77 nential function whery is 1. This function introduces
entropy [3].|n similar fatc,hl.o.n as Gaussian d|str|but|or1 nonadditivity wheng # 1. The g-Gaussian model for
can be derived my maximizing Shannon entropy. This . . i )
ST ] . ~ T noisy speech is defined by:
distribution is a generalized form of the Gaussian dis-
tribution. By using thez-Gaussian distribution, we can

2A2B? e(([ 2Bglyl? )

. : Py(Y) = R ©)
consider that noise and speech can be correlated [4]. Vq
whereA, is a normalization term:
2 ¢-Spectral Subtraction 5 34
F( 2-2¢ ) 1-q —o00 <
> — g<1
We assume that a DFT componeAit, at a frequency ()
bin f, is a complex random variable that follows Gaus- Ag = ﬁ q=1 (4)

sian distribution with zero mean and variance Sim- M) /e 1<q<3,

ilarly, each DFT component of noise signd, is also

a complex random variable that has a Gaussian distriand B, = —z=. The¢-Gaussian gives the Gaussian dis-
bution with zero mean and varianee The variance of  tribution wheng = 1.

the distributions represent the power spectrum of the ob- With similar fashion as for spectral subtraction, by dif-
served process. We dendié? and|n|? are the observed ferentiating %, (Y") with respect tos,, and equating to
power spectrum of clean speech and noise respectivelyzero we obtain the maximum likelihood estimation of
therefore|z|> = o and|n|?> = 7. We also assume that ¢4 as the following:

X andN are statlstlcally md_epe.ndgnt, and noisy speech (3-q)6,=2(2 - Oyl - (3 7, )

Y, also follows Gaussian distribution and the variance

v = o +7. Then, the probability density af is given by: ~ Since.Jz[* = o, and|n|* = 7, Eq. (5) becomes:

2 A 2- Q)
1 _ vl 7 2 _ 2(
P - ), @ S EErY
We would like to find the estimation of clean spegéch  Eq. (6) isg-spectral subtractiong{SS). It is the same
from an observation ofy| and we knowr. Therefore,  with LSS wheng = 1.

lyl* = Inf?. (6)

‘00000000000 ¢Gaussial 0000000000000 000O0OO,00000000°Y,
0000 4LOo0OD0O0*¢o0000oo0oz22o000000)
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Fig. 1: Performance comparison (Word Accuracyy<$S with LSS and NSS

We notice thatg-SS has similarity with nonlinear Figure 1 shows the word accuracies;e$S, LSS and
spectral subtraction (NSS): NSS. Forg-SS, we variedy from 0 to 2. We noticed
122 = [y[? - aln? ) that the performance of-SS improved whery > 1.
where the oversubtraction factas, is introduced as The implementation of spectral subtraction seemed not
function of SNRs as a tunable parameter. However, thd@0 good for CENSREC-2 database. This may due
value ofa is decided intuitively. By implementing the to non-stationary noise in real environment are not ac-

Gaussian distribution, we can explain that the nonlinearcurately estimated. We found that implementation of
effect of additive noise on the speech spectrums. NSS achieved better word accuracies than LSS for both

In practice |n|? is not known and should be estimated. databases. The performance 8S was gradually
We implemented the minimum tracking algorithm [7] to Cl0Ser 0 NSS whegq > 1. Wheng = 1.9, ¢-SS was
find [#|2. Since noise is usually non-stationary, we im- Petter than NSS.
plement a simple voice activity detector (VAD) [8] for
noise updating.

We compare;-SS with both LSS and NSS. For NSS,  we have derivedg-spectral subtraction algorithm
the parameter: is determined by the following relation:  pased on the-Gaussian distribution, which represents

well the nonlinear effect of additive noise on speech. We

Conclusions

1 s 'T NSNR > 20dB, 8 found the similarity of our method with nonlinear spec-
@=14.75 - 3NSNR  if -5dB < NSNR< 20dB, ®) tral subtraction. Our experimental results showed that
4.75 if NSNR < —-5dB,

our method is better than nonlinear spectral subtraction
whengq is 1.9. For future work, we are interested on
extending the;-Gaussian assumption to other methods
for robust speech recognition such as minimum mean
squared error (MMSE) based method.

where NSNR is the noisy signal to noise ratio which is
calculated for each frame. To avoid negative value of
the enhanced speechi), that we obtain from spectral
subtraction, we applied regularizatipi?® = 5|y|> when

|22 < Bly|?. In this paper, we set 0.001 and 0.01 for
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