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Abstract
To achieve high recognition performance for a wide variety of
noise and for a wide range of signal-to-noise ratios, this pa-
per presents the integration of four noise reduction algorithms:
spectral subtraction with smoothing of time direction, temporal
domain SVD-based speech enhancement, GMM-based speech
estimation and KLT-based comb-filtering. Recognition results
on the Aurora2 task show that the effectiveness of these algo-
rithms and their combinations strongly depends on noise condi-
tions, and excessive noise reduction tends to degrade recogni-
tion performance in multicondition training.

1. Introduction
In recent years, the performance of automatic speech recogni-
tion has been improved drastically by applying statistical ap-
proaches. However, most speech recognizers still have the se-
rious problem that their recognition performance degrades in
noisy environments. Noise robustness is an issue to be ad-
dressed, since it is inevitable to realize portability and flexibility
of speech communication applications.

During the last decade, a number of noise reduction al-
gorithms were proposed as a front-end of speech recognition.
However, their effectiveness strongly depends on noise condi-
tions. This means that no algorithm has achieved high recog-
nition performance for a wide variety of noise and for a wide
range of signal-to-noise ratios.

One way for solving this problem is to select a suitable al-
gorithm corresponding to each noise condition, while another
is to integrate multiple noise reduction algorithms with com-
plementary characteristics. This paper presents the integration
of four noise reduction algorithms: spectral subtraction with
smoothing of time direction [1], temporal domain SVD-based
speech enhancement [2], GMM-based speech estimation [2]
and KLT-based comb-filtering [3], and shows recognition re-
sults on the Aurora2 task [4].

2. Noise reduction algorithms
2.1. Spectral subtraction with smoothing of time direction

The observation signal x is assumed to be the sum of speech
signal s and noise n, namely, x = s + n. Spectral subtraction
[5] in the power spectral domain is defined as below:

|S̃i(t)|2 = |Xi(t)|2 − α|Ñi|2, (1)

where |S̃i(t)|2, |Xi(t)|2 are the i-th components of the esti-
mated power spectrum of speech and the power spectrum of
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ed signals at the time t, respectively, while |Ñi|2 is the
mponent of a priori estimated power spectrum of noise,
is the overestimation factor. We can express |Xi(t)|2 as:

i(t)|2
= |Si(t)|2 + |Ni(t)|2 + 2|Si(t)||Ni(t)| cos θi(t), (2)

|Si(t)| and |Ni(t)| are the true values for speech and
and θi(t) is the phase difference between speech and
We suppose that the speech and the noise do not correlate
h other. The definition of (1) stands on the fact that the
tation value of cos θi(t) in (2) equals zero. However, con-
g cos θi(t) as a random variable ranging −1 to 1 and as-

g that θi(t) distributes uniformly, the probability density
on of φ = cos θi(t) becomes f(φ) = 1/(π

�
1 − φ2), a

ve function with sole minimum at φ = 0. Therefore, the
ncluding cos θi(t) in (2) cannot be removed, even if the
power can be accurately estimated.
ere, we define the smoothing method as follows [1]:

|Xi(t)|2 =
�

τ

βτ |Xi(t − τ )|2, (3)

τ = 0, 1, . . . , T−1,
�

τ βτ = 1. Using (2), (3) becomes

i(t)|2 =
�

τ

βτ |Si(t − τ )|2 +
�

τ

βτ |Ni(t − τ )|2

+ 2
�

τ

βτ |Si(t − τ )||Ni(t − τ )| cos θi(t − τ ). (4)

ing speech and noise are stable for the period T , (4) be-

i(t)|2 = |Si(t)|2 + |Ni(t)|2
+ 2
�

τ

βτ |Si(t − τ )||Ni(t − τ )| cos θi(t − τ )

≈ |Si(t)|2 + |Ni(t)|2 + 2|Si(t)||Ni(t)|φ, (5)

φ =
�

τ βτ cos θi(t − τ ). Assuming phase differences
en speech and noise of successive frames don’t correlate
h other, the pdfs of φ has the peak at zero and the variance

term becomes smaller than the original one. Thus, we
sume the third term of (4) is almost zero, and (4) becomes

|Xi(t)|2 ≈ |Si(t)|2 + |Ni(t)|2. (6)

cing |Xi(t)|2 in (1) with |Xi(t)|2, (1) becomes

|S̃i(t)|2 = |Xi(t)|2 − α|Ñi|2
≈ |Si(t)|2 + |Ni(t)|2 − α|Ñi|2. (7)



Therefore, we can estimate the speech signal more accurately if
we can estimate |Ñi| accurately. In this paper, we fixed T = 3,
βτ = 1/3 and α = 1.8 according to preliminary experiments.

2.2. Temporal domain SVD-based speech enhancement

By representing the signal amplitude a(t) with an interval of
length N and maximum delay M − 1, the N ×M dimensional
Toeplitz matrix A is constructed [6].

A =

�
��

a(M − 1) · · · a(0)
...

. . .
...

a(M + N − 2) · · · a(N − 1)

�
�� , (8)

where M = 28 and N = 173. At the i-th windowed short
time frame, the observed noisy speech signal xi(t) is assumed
to consist of a clean speech signal si(t) and an additive noise
ni(t) as follows.

xi(t) = si(t) + ni(t). (9)

Therefore, (9) can be represented as (10) in terms of Toeplitz
matrices of (8).

Xi = Si + Ni. (10)

By applying SVD to Xi, Xi is decomposed into three matrices
and reconstructed as Xi = UiΣiV

T
i . As a result, the singular

value matrix Σi = diag(σXi
m ) is obtained. Here, the singular

value σXi
m can be represented as (11) under the assumption that

si(t) is un-correlate with ni(t):

σXi
m = σSi

m + σNi
m , (11)

where m = 0, . . . , M−1. In (11), if ni(t) is white noise, it can
be assumed that the distribution of σNi

m is uniform. Therefore,
σSi

m can be estimated as (12):

σ̂Si
m = σXi

m − σ̄Ni , (12)

where σ̄Ni is the averaged singular value of Ni. By using esti-
mated σ̂Si

m , the Toeplitz matrix Ŝi is estimated as (13) [6].

Ŝi = UiWiΣiV
T
i , (13)

Wi = diag

�
σXi

m − σ̄Ni

σXi
m

�
. (14)

In (11), if it can be assumed that the singular values of clean
speech σSi

m vanish for enough large index of m (m ≥ R), the
remaining singular values can be handled as singular values of
the noise [6].

σNi
m � σXi

m (m ≥ R). (15)

From this fact, the averaged singular value σ̄Ni is estimated as
follows:

σ̄Ni =
1

M − R

M−1�
m=R

σXi
m . (16)

In each frame, the cut-off singular value index number R
was set to the index number r, which makes the cumulative
contribution rate (ACR(r, i)) shown by (16) more than 90%.

ACR(r, i) =

	
r�

m=0

σXi
m



/

	
M−1�
m′=0

σXi
m′



× 100, (17)

R = argmin
r

{ACR(r, i) ≥ 90} . (18)
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i-th frame, the logarithmic output energy of a Mel filter
f observed noisy speech is represented as follows [7]:

X(i) = log [exp(S(i)) + exp(N(i))]

= log

�
exp(S(i))

�
1 +

exp(N(i))

exp(S(i))

��
= S(i) + log [1 + exp(N(i) − S(i))]

= S(i) + G(i), (19)

G(i) = log [1 + exp(N(i) − S(i))] , (20)

X(i), S(i) and N(i) denote the vectors that have log-
ic output energy of a Mel filter bank of observed noisy
, clean speech and noise, respectively. In (19), G(i) is
lent to the mismatch factor between X(i) and S(i).
rst, suppose that S(i) can be modeled by GMM with K
re distributions,

p(S(i)) =

K�
k=1

P (k)N (S(i), µS,k,ΣS,k), (21)

p(S(i)) denotes the output probability of S(i), and P (k),
nd ΣS,k denotes the mixture weight, mean vector and
al covariance matrix of the k-th Gaussian distribution.

ext, suppose that X(i) can be modeled by GMM with K
re distributions as well as S(i). When GMM of S(i) is
GMM of X(i) can be obtained approximately, according
following description. Let µN denote the mean vector
i), which is estimated using the first 10 frames of the ob-
noisy speech X(i). Then the mean vector of X(i) at the
aussian distribution is estimated as follows, based on (19,

µX,k � µS,k + log [1 + exp(µN − µS,k)]

= µS,k + µG,k. (22)

e other hand, the covariance matrix of X(i) is not modi-
(23), because the estimation accuracy of the covariance
of N(i) estimated from the first 10 frames of the ob-
noisy speech X(i) is very poor.

ΣX,k � ΣS,k. (23)

), µG,k corresponds to the mean vector of the mismatch
at k-th Gaussian distribution. Therefore, the expectation
i) is estimated as weighted average of µG,k by using a
ior probability P (k|X(i)) as follows [7]:

Ĝ(i) =
K�

k=1

P (k|X(i))µG,k, (24)

(i)) =
P (k)N (X(i), µX,k,ΣX,k)K

k′=1 P (k′)N (X(i), µX,k′ ,ΣX,k′)
. (25)

the procedure described above, the clean speech Ŝ(i) is
ted by subtracting Ĝ(i) from X(i) as (26) [7].

Ŝ(i) = X(i) − Ĝ(i). (26)

the GMM based speech estimation, we have trained the
of clean speech with 512 mixture distributions in the log-
ic output energy of the Mel filter bank domain by using
ining entire dataset of clean speech contained in the Au-
task.



2.4. KLT-based comb-filtering

In KLT-based comb-filtering, each sample of the clean speech
signal s(t) of the t-th frame is reconstructed from the estimation
of (2T+1) dimensional vectors Sp(t, i) at the t-th frame, where

Sp(t, i) = (s((t − T − 1)K + i),

. . . , s((t + T − 1)K + i))T , (27)

and i is from 1 to L which is the frame length. Assuming that
noise is additive, we have the noisy input signal:

Xp(t, i) = Sp(t, i) + Np(t, i), (28)

where Np(t, i) is a (2T + 1) dimensional noise vector. Now,
let H be a (2T + 1) × (2T + 1) linear estimator of the clean
speech vector as follows:

Ŝp = HXp. (29)

The error signal obtained in this estimation is given by

r = Ŝp − Sp = (H − I)Sp + HNp = rs + rn, (30)

where rs = (H − I)Sp represents signal distortion and rn =
HNp represents residual noise [8]. We define the energies of
signal distortion ε2

s and residual noise ε2
n, respectively, as fol-

lows:

ε2
s = trE{rsr

T
s } = tr{(H − I)Rs(H − I)T }, (31)

ε2
n = trE{rnrT

n } = tr{HRnHT }, (32)

where Rs and Rn are covariance matrices of the clean signal
and the noise vector, respectively. Now, assuming Rs and Rn

are provided, the linear estimator is obtained from

min
H

ε2
s, subject to :

1

K
ε2

n ≤ σ2
n, (33)

where σ2 is a positive constant. H is a stationary feasible point
if it satisfies the gradient equation of the Lagrangian

LH(H,µ) = ε2
s + µ(ε2

n − Kσ2), (34)

µ(ε2
n − Kσ2) = 0 for µ ≥ 0, (35)

where µ is the Lagrange multiplier [8]. From ∇HL(H, µ) = 0
and (31, 32), we obtain:

H = Rs(Rs + µRn)−1. (36)

Now, let eigenvalue decomposition of Rs be defined as fol-
lows:

Rs = UΛsU
T , (37)

where Λs is a diagonal (2T +1)×(2T +1) matrix that contains
clean signal covariance matrix eigenvalues and U contains its
eigenvectors. U is called the inverse KLT and the unitary UT is
called KLT. Substituting (37) into (36), we obtain

H = UΛs(Λs + µUT RnU)−1UT . (38)

Assuming that noise is white, Rn � λnI , where λn is the vari-
ance of white noise. From this assumption, we can rewrite the
estimator as

H = UGUT , (39)
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G = diag(gt(1), gt(2), · · · , gt(2T + 1)), (40)

gt(i) = λi
s/(λ

i
s + µλn). (41)

, the signal Ŝp = HXp is obtained by applying the KLT
noisy signal, appropriately modifying the components of
T UT Xp by a gain function, and by inverse KLT of the
ed components.

3. Evaluation
xperimental conditions

ollowing noise reduction algorithms and their combina-
s shown in Table 1 are prepared as front-ends of speech
ition.

Spectral subtraction with smoothing of the time direction

Temporal domain SVD-based speech enhancement

GMM-based speech estimation

KLT-based comb-filtering

le 1, for example, (S-T) means that the output signal of
fed into (T). However, (G) is only the second algorithm,
its output is not waveform. These front-ends are used with
al mean normalization and without feature quantization
dpoints detection.
eech recognition experiments are performed on the Au-
connected digit recognition task [4]. Digit HMMs are
ndard complex back-end models with 16 states, and each
as a mixture of 20 diagonal Gaussians. All the training
re processed by each front-end before training. The fea-
ctor has 39 components consist of 12 cepstral coefficients
er with C0, their first and second derivatives.

esults

2 shows the recognition results of multicondition training
ean condition training. In Table 2, the best recognition
cy achieved by one of four algorithms and their com-

ons is presented in each cell together with the name of
nt-end. These results show that the effectiveness of each

end strongly depends on the noise conditions, such as the
f noise and the SNR. This fact implies that an appropri-
lection of front-ends according to each noise condition
to the improvement of recognition performance. Further-
the single algorithms are better than the combined ones in
ondition training, while the combined algorithms tend to
e the best recognition accuracy in clean condition train-
his means that excessive noise reduction results in the
ation of recognition performance in multicondition train-

ble 3 and 4 summarize the relative performance derived
the ETSI advanced front-end. In Table 4, the ETSI ad-
d front-end are used with the cepstral mean normalization
e feature vector corresponding to our front-ends.



Table 3: Relative performance derived from the ETSI advanced
front-end.

Table 4: Relative performance derived from the ETSI advanced
front-end with the cepstral mean normalization and the feature
vector corresponding to our front-ends.

4. Conclusions
This paper presented the integration of four noise reduction al-
gorithms. The recognition results for the Aurora2 task showed
that the effectiveness of each front-end strongly depends on the
noise conditions, and that excessive noise reduction tends to de-
grade recognition performance in the multicondition training.
As future work, we plan to develop an optimum selection of
front-ends according to each noise condition.

5. Acknowledgements

This work was supported in part by the Telecommunications
Advancement Organization of Japan and Strategic Information
and Communications R&D Promotion Scheme of the Ministry
of Public Management, Home Affairs, Posts and Telecommuni-

cation

[1] N
ti
ta

[2] M
S
es
ta

[3] M
by
S

[4] H
ta
re
A

[5] S
sp
S

[6] C
S
P

[7] J.
“M
ti
da
22

[8] Y
fo
P

s of Japan.

6. References
. Kitaoka, S. Nakagawa, “Evaluation of spectral subtrac-
on with smoothing of time direction on the AURORA 2
sk,” Proc. ICSLP2002, pp. 465–468, 2002.
. Fujimoto, Y. Ariki, “Combination of temporal domain

VD based speech enhancement and GMM based speech
timation for ASR in noise – evaluation on the AURORA2
sk –,” Proc. Eurospeech2003, 2003.
. Ikeda, K. Takeda, F. Itakura, “Speech enhancement
quadratic comb-filtering,” Technical Report of IEICE,

P96-45, pp. 23–30, 1996.
. G. Hirsch, D. Pearce, “The AURORA experimen-
l framework for the performance evaluations of speech
cognition systems under noisy conditions,” ISCA ITRW
SR2000, 2000.
. F. Boll, “Suppression of acoustic noise in speech using
ectral subtraction,” IEEE Trans. Acoustics, Speech and

ignal Proc., Vol. 27, No. 2, pp. 113–120, 1979.
. Uhl, M. Lieb, “Experiments with an extend adaptive
VD enhancement scheme for speech recognition in noise,”
roc. ICASSP2001, 2001.
C. Segura, A. de la Torre, M. C. Benitez, A. M. Peinado,
odel-based compensation of the additive noise for con-

nuous speech recognition. experiments using AURORA II
tabase and tasks,” Proc. Eurospeech2001, Vol. I, pp. 221–
4, 2001.

. Ephraim, H. L. Van-Trees, “A signal subspace approach
r speech enhancement,” IEEE Trans. Speech and Audio

roc., Vol. 3, No. 4, pp. 251–266, 1995.
Table 2: Recognition results of the multicondition training and the clean condition training.


	Previous View
	New Search
	Next Search Hit
	Previous Search Hit
	Search Results

	headREa1: EUROSPEECH 2003 - GENEVA
	pagenumber1769: 1769
	headREa2: EUROSPEECH 2003 - GENEVA
	Radio: 
	pagenumber1770: 1770
	headREa3: EUROSPEECH 2003 - GENEVA
	pagenumber1771: 1771
	headREa4: EUROSPEECH 2003 - GENEVA
	pagenumber1772: 1772


