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Abstract
This paper proposes a novel ICA-based MAP speech enhance-
ment algorithm using multiple variable speech distribution
models. The proposed algorithm consists of two stages, pri-
mary and advanced enhancement. The primary enhancement is
performed by employing a single distribution model obtained
from all speech signals. The advanced enhancement first em-
ploys multiple models of speech signals, each modeling a spe-
cific type of speech, and then adapts these model parameters
for each speech frame by employing the enhanced signal from
the primary estimation. A statistical noise adaptation technique
has been employed to better model the noise in non-stationary
case. The proposed algorithm has been evaluated on speech
from TIMIT database corrupted by various noises and it has
shown significantly improved performance over using the sin-
gle speech distribution model.
Index Terms: speech enhancement, Independent Component
Analysis, maximum a-posteriori estimation, multiple and vari-
able speech distribution models.

1. Introduction
The objective of speech enhancement algorithms is to improve
the quality of noise-corrupted speech signals by removing the
corrupting noise. There have been many techniques proposed
for enhancement of speech signal corrupted by an additive
noise. Spectral subtraction [1], which performs subtraction of a
noise spectral estimate from a noisy speech spectrum, was sug-
gested in early years. Wiener filtering, e.g. [2], performs filter-
ing of noisy speech signal by using a filter derived based on the
minimum mean-square error criterion. In recent studies, the use
of maximum-a-posteriori (MAP) algorithm has been proposed.

There are two issues in the MAP estimation algorithms:
the choice of transformation and the distribution modeling of
speech and noise. The ICA transformation has been shown to
be more efficient than other transformations, such as DFT, DCT
and PCA, in modeling speech signal in MAP enhancement [3].
The accuracy of the distribution model also affects significantly
the enhancement performance. It has also been reported that a
non-Gaussian modeling of speech signals may result in a better
performance: the use of Laplace distribution was proposed in
DCT and PCA transformation domain [4] and in DFT domain
[5]. In ICA-based independent domain, the distribution of sig-
nal may be more super Gaussian than Laplace distribution – as
such the author in [6] used a set of three super Gaussian distri-
bution models (including Laplace) and selected one of them at
each frame to employ in the enhancement.

The above MAP algorithm working in the ICA domain has
been referred to as sparse code shrinkage (SCS) [6] and has
been considered originally for image enhancement. It has re-

cently been applied in speech signal enhancement [7] [8] [9].
In the SCS algorithms in [6] [7] [8], a single speech model was
used with fixed parameters obtained based on the clean training
data. However, using a single PDF model with fixed parameters
based on the entire speech signals may not be sufficient due to
the variability of speech sounds. The authors in [9] used a sin-
gle PDF model whose parameters were adapted at each frame
based on using a combination of the parameters estimated at
the previous frame and currently observed noisy signal. Similar
model adaptation method has been used in [10], where the au-
thors proposed to adapt the PDF model for speech frames using
the speech/non-speech activity detection.

To improve the accuracy of the speech distribution mod-
eling this paper proposes to employ multiple variable speech
distribution models in the context of SCS algorithm. In the
first stage, primary estimation, speech signal is enhanced us-
ing a single distribution model obtained from all speech signals
(with a more emphasis towards the voiced speech). In the sec-
ond stage, advanced estimation, two distribution models, each
modeling different category of speech (one for voiced and un-
voiced), are used. These are further adapted for each signal
frame using the enhanced speech signal from the primary es-
timation. The final enhanced signal in the ICA domain is ob-
tained as a weighted average of the signal estimates from the
primary and advanced stages. In order to better model the noise
in non-stationary case, we also employed a statistical noise
adaptation technique. The proposed algorithm is evaluated on
speech from TIMIT database corrupted by Gaussian white noise
and subway noise from NOISEX92 database. The performance
of the proposed SCS technique, using two variable speech mod-
els, is compared with the SCS technique using a single fixed
and single adapted model. It is demonstrated that the proposed
technique improves the enhancement performance in terms of
segmental signal-to-noise ratio and spectral distortion and also
significantly improves recognition accuracy when the enhanced
signal is employed in an automatic speaker recognition system.

The paper is organized as follows. Section 2 presents first
the standard SCS algorithm and then follows with the descrip-
tion of stages of the proposed enhancement algorithms. Sec-
tion 3 presents the experimental results and Section 4 gives con-
clusion.

2. Speech Enhancement Algorithm
2.1. Sparse Code Shrinkage and Parameter Estimation

Let us consider scalar random variables. Denote by x the orig-
inal speech signal, and by v some additive noise. Assume that
we have observed the random variable y which is the noisy ver-
sion of signal x, i.e.,

y = x+ v (1)
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Our task is to estimate x from the observed noisy signal y by
means of x̂ = g(y).

To obtain an estimate of the clean signal, we employed the
sparse code shrinkage (SCS) algorithm. The observed noisy
speech is first split into short-time frames (we used no overlap
between the frames). The resulting signal matrix becomesM×
N , whereM is the number of samples in the frame (hereM =
64) and N is the number of frames. The Eq.1 becomes:

Y = X + V (2)

For convenience, the dimension and frame indices will be omit-
ted in the following of the paper. The noisy signal Y is then
transformed into ICA space by ICA transformation matrix W ,
i.e., Z = WY = W (X+V ) = S+WV , where S denotes the
independent components of speech signal. The matrixW is ob-
tained from the clean training data by using FastICA algorithm
[11]. TheW is then orthogonalized by:

W = W (WTW )−1/2 (3)

where ·T denotes the transpose operation. The enhanced signal
in the ICA space, Ŝ, can be obtained by using the following
estimation rule [8]:

Ŝ = sign(Z)max{0, |Z| − aSdS
2

+
1

2

�
(|Z|+ aSdS)2 − 4σ2(αS + 3))} (4)

where σ2 is the variance of noise, aS , αS and dS are model
parameters of independent signal S, which are estimated using
the following formulas [9]:

p(S = 0) =
νSηS

2Γ(1/νS)
, νS = F

�
μ|S|√

σ2
S

�
(5)

F (u) =
Γ(2/u)�

Γ(1/u)Γ(3/u)
, ηS =

1√
σ2
s

�
Γ(3/νS)
Γ(1/νS)

�1/2
(6)

dS =
�

σ2s , kS = d2p(S = 0) (7)

αS =
2− kS +

�
(kS(kS + 4))

2kS − 1
, aS =

�
αS(αS + 1)/2 (8)

where Γ(·) is gamma function. μ|S| and σ2S are the mean of |S|
and variance of S, respectively.

The enhanced signal X̂ can be obtained by X̂ = WT Ŝ.
Finally, the X̂ is reshaped into a 1-dimensional vector to obtain
x̂.

2.2. Improved SCS with Multiple Variable Speech Distri-
bution Models

The proposed algorithm consists of two estimation stages: the
primary and advanced estimation. The primary estimation stage
performs the SCS algorithm using a single fixed distribution
model, which is similar to the use of SCS in previous research,
e.g., [6] [7] [8]. The advanced estimation first employs mul-
tiple models of speech signals, each modeling a specific type
of speech signal, and then adapts these model parameters by
employing the enhanced signal from the primary estimation.
Detailed description of the proposed speech enhancement algo-
rithm is given in the following sections and the overall schema
of the system is depicted in Figure 1.
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Figure 1: Schema of the proposed speech enhancement algo-
rithm. Hard lines denote signals and dashed lines parameters.

2.2.1. Primary Enhancement

The aim of the primary estimation stage is to provide an en-
hanced signal which will be employed in the advanced esti-
mation stage to adapt the parameters of the fixed distribution
models and in the post-processing. The primary enhancement
is performed by employing a single fixed PDF of speech signals
within the SCS algorithm. The PDF model employed in this
stage was based on all speech signals with an emphasis given
more towards the voiced speech. It has been observed in our ex-
periments that employing such voiced-speech emphasized PDF
gives slightly better enhancement than that of the whole-speech
PDF, which may be due to a more speech characteristic infor-
mation present in the voiced speech than unvoiced speech. The
categorization of signal frames into voiced and unvoiced was
performed using the algorithm proposed in [12]; although this
algorithm can provide the voicing information for frequency-
regions, only the frame level decision was used here. The PDF
parameters of speech, μ|S| and σ2S , used in this primary en-
hancement were computed as follows:

μ|S| = βμ|Swhole| + (1− β)μ|Sv| (9)

σ2S = βσ2Swhole
+ (1− β)σ2Sv

(10)

where Swhole and Sv denote the whole speech and voiced
speech signal, respectively. The parameter β was set to 0.7
based on our experiments. The PDF model parameters are es-
timated using Eq.5-8 and the primary estimate of the signal,
denoted by Ŝpri, is obtained by using Eq.4.

2.2.2. Advanced Enhancement

In the proposed advanced estimation stage we employ multi-
ple speech models whose parameters are further adapted for
each frame of the noisy utterance. First, instead of using a
global PDF model of all speech signals, all signal frames of
the training data are split into several categories and an indi-
vidual PDF model is estimated for each category. In this paper
two categories were used, voiced and unvoiced speech, which
were obtained by employing the voicing estimation algorithm
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as mentioned in the previous section. The magnitude and vari-
ance parameters of the voiced and unvoiced speech PDF models
are estimated and denoted by μ|Sv|, σ

2
Sv
and μ|Suv|, σ

2
Suv
, re-

spectively. Then, the speech PDF parameters to be used for en-
hancement are selected according to the estimated category of
a given noisy signal frame and adapted using the corresponding
enhanced signal frame obtained from the primary estimation.
This is summarized in the equations below:

μ|S| = ημ|SC | + (1− η)|Ŝpri| (11)

σ2S = ησ2SC
+ (1− η)Ŝ2pri (12)

where C denotes the speech category, i.e., voiced or unvoiced.
The parameter η controls the level of adaptation from the fixed
model and the value of 0.95 was found suitable based on our
experiments. The advanced estimate of the signal, denoted by
Ŝadv , is achieved by using Eq.4-8.

2.2.3. Post-Processing

In practice, we have observed that the primary speech estimate
contained a higher level of residual noise while the advanced
speech estimate contained more distortions. The necessity of
a compromise between the residual noise and signal distortion
has been observed by other researchers, e.g., [13] [14]. To con-
ciliate this, we obtain the final speech estimate as a weighted
average of the primary and advanced speech estimates:

Ŝ = γŜadv + (1− γ)Ŝpri (13)

where γ was set to 0.7 based on our experiments. The final
estimate X̂ can be obtained by X̂ = WT Ŝ, and then X̂ is
reshaped as a 1-dimensional vector to obtain x̂.

2.2.4. Noise Variance Adaptation

In the case of a stationary noise, the variance of noise σ2 can
be estimated from speech absent frames at the beginning of the
utterance. In the case of a non-stationary noise, this initial es-
timate can be adapted during the enhancement process using
frames which are speech absent. We employed here a statisti-
cal decision of the speech absence probability (SAP). For sim-
plicity, this was performed only on frames labelled as unvoiced
(considering a non-musical noise, the voiced frames are likely
to be speech present). We consider two hypotheses, H0 and
H1, which indicate speech absence and speech presence, re-
spectively. The SAP p(H0|Z) is computed as:

p(H0|Z) =
p(Z|H0)p(H0)

p(Z|H0)p(H0) + p(Z|H1)p(H1)

=
1

1 + (p(Z|H1)/p(Z|H0))(p(H1)/p(H0))

(14)

where p(H1)/p(H0) is the ratio of the a-priori probability of
H1 andH0 and this ratio was set to 10−3.

Since unvoiced speech can be considered as being close to
Gaussian distribution, the probability p(Z|H1) can be consid-
ered to be Gaussian. Assuming both signal and noise have zero
mean, the variance of Z under H0 and H1 hypotheses is com-
puted as:

σ2H0
= σ2ini (15)

σ2H1
= σ2ini + σ2Suv

(16)

where σ2ini is the variance of noise estimated from the ini-
tial speech-absent frames and σ2Suv

is the variance of unvoiced
speech.

If the SAP p(H0|Z) is above a threshold (set to 0.92 in our
experiments), the noise variance σ2 is updated to a new value
as:

σ2 = ρσ2 + (1− ρ)Z2 (17)

where ρ was set to 0.95.

3. Experimental Evaluation
3.1. Experimental Set-up

Experiments were performed on the TIMIT database, down-
sampled to 8kHz. Utterances of 100 speakers (consisting of 64
male and 36 female) from the test set were used. Clean speech
signal was corrupted by Gaussian noise and real-world Subway
noise from the NOISEX92 database.

Experimental evaluation of the proposed algorithms was
performed in terms of segmental signal-to-noise ratio (SNR)
as defined in [9] and spectral distortion as defined in [4]. We
also provided evaluation in terms of the recognition accuracy
when the enhanced signal was employed in a Gaussian Mix-
ture Model based speaker recognition system, which was con-
structed using the HTK [15]. The features employed for recog-
nition were obtained by ICA transformation of the logarithm
filter-bank energies. Details of the speaker recognition system,
feature extraction and the experimental set-up are described in
[16].

3.2. Experimental Results

Experimental results in terms of segmental SNR, spectral dis-
tortion and recognition accuracy are depicted on Figures 2-4 for
speech corrupted by Gaussian and Subway noises at various in-
put SNRs . Results are compared over five ICA-based MAP
speech enhancement algorithms, denoted from b to f , together
with input conditions, denoted by a. The algorithm b is the SCS
employing a single fixed distribution density model trained us-
ing the whole training database and c is the proposed primary
enhancement algorithm with the voiced-speech emphasised dis-
tribution. Algorithms d to f are the proposed enhancement al-
gorithms including the primary, advanced and post- processing;
d is the algorithm using a single model of the whole speech
in the advanced processing and e and f are the multiple vari-
able model algorithms. In all of the algorithms from b to e, the
variance of noise is fixed (and estimated from the initial speech
absent frames), while the f uses the updated noise variance as
described in Section 2.2.4.

From the figures, it can be seen that the algorithm c per-
formed better than b in most of the situations. The performance
of the algorithm c was improved by the algorithm d, which in-
corporates adaptation of the parameters at each frame-time, in
Gaussian white noise, but not in Subway noise. This may be due
to the primary enhanced signal, which is used in the parameter
adaptation, being affected negatively by noise variations in the
case of Subway noise. It can be seen that the incorporation of
two speech distribution models, i.e., the algorithm e, achieved
large improvements over all the previous algorithms. The algo-
rithms e and f , differing only in by the noise adaptation being
incorporated in the latter, achieved very similar performance in
Gaussian noise as it is a stationary noise, however, the algorithm
f provided improved performance in real-world Subway noise.
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The improvements achieved by f over e are especially visible
at low input SNR and in recognition accuracy.
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Figure 2: Speech quality evaluation in terms of segmental SNR
(a) and spectral distortion (b) for speech corrupted by Gaussian
noise at various input SNRs.
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Figure 3: Speech quality evaluation in terms of segmental SNR
(a) and spectral distortion (b) for speech corrupted by Subway
noise at various input SNRs.
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Figure 4: Speech quality evaluation in terms of speaker recog-
nition accuracy for speech corrupted by Gaussian noise (a) and
Subway noise (b) at various input SNRs.

4. Conclusion
In this paper, we proposed a novel ICA-based MAP speech
enhancement algorithm. It employed two individual distribu-
tion models of speech signals, one for voiced and another for
unvoiced speech, and then those models were further adapted
for each signal frame. We also employed a statistical noise
adaptation technique to better model the noise in non-stationary
case. Evaluation was performed on speech signals from TIMIT
database, corrupted by Gaussian and Subway noises, in terms of
segmental signal-to-noise ratio, spectral distortion and recog-
nition accuracy when the enhanced signal was employed in a
speaker recognition system. The proposed algorithm incorpo-
rating two variable speech distribution models achieved signifi-

cant enhancement improvements over using a single speech dis-
tribution model.

5. Acknowledgements
This work was supported by UK EPSRC grants EP/D033659/1
and EP/F036132/1.

6. References
[1] S. Boll, “Suppression of acoustic noise in speech using spectral

subtraction,” IEEE Trans. on Acoustic, Speech, and Signal Proc.,
vol. 27, no. 2, pp. 113–120, Apr. 1979.

[2] J. Lim and A. Oppenheim, “Enhancement and bandwidth com-
pression of noisy speech,” Proceedings of the IEEE, vol. 67, pp.
1586–1604, 1979.
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