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Abstract— Voiced speeches have a quasi-periodic nature that 

allows them to be compactly represented in the cepstral domain. 
It is a distinctive feature compared with noises. Recently, the 
temporal cepstrum smoothing (TCS) algorithm was proposed 
and was shown to be effective for speech enhancement in non-
stationary noise environments. However, the missing of an 
automatic parameter updating mechanism limits its adaptability 
to noisy speeches with abrupt changes in SNR across time frames 
or frequency components. In this paper, an improved speech 
enhancement algorithm based on a novel expectation-
maximization (EM) framework is proposed. The new algorithm 
starts with the traditional TCS method which gives the initial 
guess of the periodogram of the clean speech. It is then applied to 
an L1 norm regularizer in the M-step of the EM framework to 
estimate the true power spectrum of the original speech. It in 
turn enables the estimation of the a-priori SNR and is used in the 
E-step, which is indeed a logmmse gain function, to refine the 
estimation of the clean speech periodogram. The M-step and E-
step iterate alternately until converged. A notable improvement 
of the proposed algorithm over the traditional TCS method is its 
adaptability to the changes (even abrupt changes) in SNR of the 
noisy speech. Performance of the proposed algorithm is evaluated 
using standard measures based on a large set of speech and noise 
signals. Evaluation results show that a significant improvement is 
achieved compared to conventional approaches especially in non-
stationary noise environment where most conventional 
algorithms fail to perform.  

  
Index Terms— Speech enhancement, cepstral analysis, 

expectation-maximization. 

I. INTRODUCTION 
PEECH enhancement is an important research topic due to 
its widespread applications in speech recognition, voice 

communications, and information forensics [1]. Among the 
various solutions available, spectral subtraction [2] is still one 
of the most popularly used methods due to its simplicity and 
efficiency. In these methods, a noisy speech signal is divided 
into overlapped frames and the short-time Fourier transform 
(STFT) is applied to each frame to obtain its frequency 
spectrum. A gain function is then applied to suppress 
frequency components selected based on some criteria, such as 
to minimize the mean square error (MSE) from the clean 
speech [3]. Many gain functions were thus proposed, 
including the Wiener filter [4] and the log-minimum mean 
square error (logmmse) [5] gain functions. Both of them aim 
at suppressing the spectral components of low signal-to-noise 

ratio (SNR) such that the average SNR of the speech can be 
increased. To improve the efficiency in suppressing the 
unwanted noisy speech frequency components, the speech 
presence probability (SPP) function is also applied [6][7][8] 
such that the magnitude of a speech frequency component will 
be further attenuated if the probability of speech presence is 
low. Indeed the efficiency of these methods relies heavily on 
the accuracy of the estimated a-priori SNR, which is defined 
as the ratio between the true power spectra of speech and 
noise. While the estimation of the true speech power spectrum 
is known to be difficult, the estimation of the true noise power 
spectrum is not easy either. This is particularly the case when 
the contaminating noise signal is non-stationary. It ends up 
with the musical noises [1] introduced to the resulting 
enhanced speech, which is extremely annoying to users. Many 
approaches, such as the decision-direct method [3], efficient 
SPP estimators [6][7][8] etc., were suggested to reduce the 
musical noise. Their performance however can deteriorate 
significantly when the SNR is low or when the noise is non-
stationary. They may also remove the original speech 
contents, hence reducing the intelligibility of the resulting 
speech.   

Recently, the temporal cepstrum smoothing (TCS) 
technique was proposed for speech enhancement [9][10]. 
Since voiced speeches are quasi-periodic in nature, their 
magnitude spectrum exhibits peaks and valleys separated by 
harmonics of the fundamental frequency which can be 
compactly represented in the cepstral domain. Since most 
noises do not have such harmonic structure, it allows us to 
selectively reduce the variance of the cepstral coefficients 
which are likely contributed by noise. In general, the TCS 
method can improve the accuracy in estimating the a-priori 
SNR of a noisy speech comparing with the traditional spectral 
subtraction methods. It was also reported that the method 
works well in some non-stationary noise environments [9]. 
Nevertheless, the TCS method requires a set of empirically 
selected parameters to control the cepstrum smoothing 
process. As there is not a mechanism to automatically adjust 
the parameters, the TCS method cannot adapt itself to the 
changes in SNR of the noisy speech signal across time frames 
or frequency components. The problem is particularly obvious 
if there are some parts of a noisy speech spectrum having 
significantly low SNR (e.g. the noise is composed by a few 
strong tones of varying frequencies). The TCS method cannot 
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fully remove the related cepstral coefficients with the speech 
content intact. To deal with the problem, it was suggested to 
further apply a SPP estimator with the TCS technique to 
remove the outliers in the enhanced speech [11]. The result 
however is still not very satisfactory since the accuracy of the 
SPP estimators will also deteriorate when the SNR is low or 
when the noise is non-stationary as mentioned above.   

In this paper, we present an improved speech enhancement 
algorithm based on a novel expectation-maximization (EM) 
framework working in the cepstral domain. The EM algorithm 
was discovered and employed independently by several 
different researchers until Dempster [12] brought their ideas 
together and coined the term EM algorithm. It is particularly 
suitable to the parameter estimation problems in which the 
data for evaluating the parameters are missing or incomplete. 
It is known to produce the maximum-likelihood (ML) 
parameter estimates when there is a many-to-one mapping 
from an underlying distribution to the distribution governing 
the observation. The algorithm contains two main steps. The 
E-step (expectation) gives an expectation of the unknown 
underlying distribution based on the observed data and the M-
step (maximization) estimates the parameters by maximizing 
the expectation. The E-step and M-step then iterate alternately 
until converged. The EM algorithm has widespread 
applications in digital image and speech processing [13]-[22]. 
One of the widely cited applications of the EM algorithm is 
the estimation of the hidden Markov models (HMMs), which 
is particularly relevant to speech processing [17]-[20]. In [19], 
a HMM-based gain modeling algorithm was proposed for the 
enhancement of speech in noise. It applies the EM algorithm 
for offline training and the recursive EM algorithm for online 
estimation of the HMM parameters. The EM algorithm is also 
used in an approximate Bayesian based speech enhancement 
algorithm [20] for learning the speech and noise spectra under 
the Gaussian approximation. Similar to the conventional 
model based speech enhancement methods, these approaches 
require prior knowledge about the noise model, or it has to be 
detected online. Degraded performance will be resulted if 
there is error in detection or the detected noise model is not in 
the training database. Besides HMM models estimation, the 
EM algorithm is also used in the estimation of autoregressive 
(AR) model for speech enhancement [21], where the E-step is 
in fact the Kalman filter and the M-step is similar to the 
standard Yule-Walker solution for estimating the coefficients 
of AR processes. It is noted that the performance of the 
method is rather unstable (particularly at input SNR from 4dB 
to 10dB). Effort was made [22] to improve the problem by 
using the Rao-Blackwellized particle filter in the E-step to 
replace the Kalman filter. However, the overall performance, 
particularly at low SNR, still has much room to improve. In 
general, the performance of model based speech enhancement 
methods depends heavily on the accuracy in model estimation, 
which is often a challenge when they are working in open 
environments. There are many other applications of the EM 
algorithm and interested readers are referred to [23][24] for 
more details.    

Similar to the abovementioned approaches, the proposed 

algorithm makes use of the EM algorithm to define a 
theoretical framework for the design of an iterative speech 
enhancement process. However, it is non-parametric, hence it 
does not require specific prior knowledge about the speech or 
noise model. In the proposed algorithm, the parameters to be 
estimated are the cepstral coefficients of the true speech power 
spectrum, of which their accurate estimation is important in 
speech enhancement. It enables the computation of the a-
priori SNR of the noisy speech, which is one of the most 
essential parameters required in different speech enhancement 
gain functions as mentioned above. The proposed algorithm 
first makes use of the TCS technique to generate an initial 
guess of the clean speech periodogram, which is the complete 
data set of our problem. It is applied to an L1 norm regularizer 
[30] in the M-step of our EM framework to give the first 
estimate of the required cepstral coefficients of the true speech 
power spectrum. They are then used to compute the a-priori 
SNR that is needed for the logmmse gain function to refine the 
estimation of the clean speech periodogram, which is the E-
step of our EM framework. Subsequently, the estimate is fed 
back to the M-step to refine the estimation of the cepstral 
coefficients of the true speech power spectrum. The E-step 
and M-step iterate alternately until convergence is reached. 
The operation is illustrated in Fig.1. A notable improvement of 
the proposed algorithm over the traditional non-parametric 
speech enhancement methods is that, due to the iterative 
process, the proposed algorithm can adapt to the changes 
(even abrupt changes) in SNR of the noisy speech. In addition, 
the proposed algorithm fully utilizes the sparsity of speeches 
in the cepstral domain by adopting an L1 norm regularizer in 
the M-step. It enables the regularization process to be carried 
out on coefficients with improved SNR hence reduces the 
effect due to the error in estimating the non-stationary noise 
statistical characteristics. As a result, the proposed algorithm 
has outstanding performance when working in non-stationary 
noise environments. Extensive performance evaluations have 
been conducted using the speech samples from the TIMIT 
database [25] contaminated by many different noise signals. 
Significant improvement is noted in almost all cases over the 
competing speech enhancement methods measured using 
standard performance metrics. 

This paper is organized as follows. In Section II, a brief 
review of the traditional spectral subtraction and temporal 
cepstrum smoothing algorithm is given. It is followed by a 
brief introduction of the EM algorithm in Section III. The new 
EM framework for speech enhancement in non-stationary 
environments is described in Section IV. The simulation 
results are shown in Section V, and conclusions are drawn in 
Section VI. 

II. SPECTRAL SUBTRACTION AND CEPSTRUM SMOOTHING 
Let us begin with a speech signal x that is contaminated by 

additive noise n such that the observed noisy speech is y = x + 
n. In the frequency domain, the noisy speech over a short-time 
frame can be expressed as: Y(k.i) = X(k,i) + N(k,i), where i is 
the frame index, Y(k,i), X(k,i) and N(k,i) represent the k-th 
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spectral component from the Fourier transforms of y, x, and n 
over the time frame, respectively. We shall denote the power 
spectrum of the noisy speech, the underlying clean speech and 
the input additive noise as Sy(k,i), Sx(k,i) and Sn(k,i),. The 
spectral subtraction method consists of the application of a 
spectral gain function G(k,i) to each noisy short-time frame 
Y(k,i)  to enhance the speech signal. Two most popular gain 
functions are the Wiener filter and the logmmse gain 
functions. Their most commonly used basic forms are [1]: 
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( ) 1wiener

kG k
k
ξ

ξ
=

+
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( ) 1 2
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The frame index i is dropped for the ease in presentation. It 
is seen in (1) and (2) that the determination of both gain 
functions requires the evaluation of two parameters: (i) a-

posteriori SNR ( )kγ  which is defined as 
2( )

( )
( )n

Y k
k

S k
γ = , where 

2( )Y k is also referred as the periodogram of y; (ii) a-priori 

SNR ( )kξ  which is defined as ( )( )
( )

x

n

S kk
S k

ξ = . In practice, the 

power spectrum of noise ( )2( ) ( )nS k E N k=  is estimated by 

averaging the periodograms of all the noise frames detected 
using a voice activity detector (VAD) [26]. We denote the 
estimation of 

nS  as nŜ . Obviously, the estimation error can be 

high if n is not stationary. The estimation of ( )2( ) ( )xS k E X k=  

is even more difficult since x is not known. Hence ( )kξ  
cannot be exactly evaluated. Different approaches were 
suggested to estimate ( )kξ . The maximum likelihood (ML) 
estimate of the a-priori SNR ˆ ( )ML kξ  can be obtained as 
follows [1]:  

ˆ ˆ( ) ( ) 1ML k kξ γ= − , where  
2( )

ˆ( ) ˆ ( )n

Y k
k

S k
γ =  (3) 

The variance of ˆ ( )ML kξ  however is often too large for use in 
the traditional gain functions. The inaccuracy of ˆ ( )ML kξ  is 
further amplified due to the estimation error of nŜ . To reduce 
the variance in estimation, the decision-direct approach is 
often used in practice where the a-priori SNR is estimated 
based on a previous clean-speech estimate as follows [3]:  

{ }min

ˆ ( , 1)ˆ ˆ( , ) (1 )max ( , ) 1,ˆ ( , )
DD x

n

S k ik i k i
S k i

ξ α α γ ξ
−

= + − −  (4) 

where the parameters α and minξ  control the trade-off between 
the amount of noise reduction and the distortion of speech 
transients in a speech enhancement framework. Although 
much effort has been devoted to resolve the difficulties, in 
general the performance of current spectral subtraction 
algorithms will still degrade significantly when the SNR is 
low or if the noise is non-stationary. 

It is shown in [9] that TCS method can give a good 
estimation of the a-priori SNR for some non-stationary noise 
environments. The algorithm can be implemented by first 
computing the ML estimation of the a-priori clean speech 
power spectrum as follows: 

 { }min
ˆ ˆ ˆ ˆ( , ) ( , )max ( ),ML ML ML

x nS k i S k i kξ ξ=  (5) 

where min
ˆMLξ  is the minimum value allowed for MLξ̂ and MLξ̂  is 

the maximum-likelihood estimate of the a-priori SNR given 
by (3). Next, the cepstral representation of ˆ ( , ) ML

xS k i  is 
computed as, 

( ){ }ˆ ˆ( ) log ( )ML
x xC q idft S k=  (6) 

where q is the cepstral index, also known as the quefrency 
index [27]; and idft is the inverse discrete Fourier transform. 
Next, the selected cepstral coefficients are recursively 
smoothed over time with a quefrency dependent parameter 
α(q) as follows: 

ˆ( , ) ( ) ( , 1) (1 ( )) ( , )TCS TCS
x TCS x TCS xC q i q C q i q C q iα α= − + −  (7) 

The parameter α(q) is also smoothed recursively using: 
( ) 

( , )
( , 1) (1 )

pitch pitch
TCS const

TCS q

if q C i
q i

q i otherwise
α

α
βα β α
⎧ ∈⎪= ⎨ − + −⎪⎩

 (8) 

where Cpitch refers to the set of cepstral bin indices associated 
with the fundamental frequency. All parameters including 

 
Fig.1 – The operation of the proposed speech enhancement algorithm based
on the new EM framework 
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pitchα , β  and const
qα  for different q need to be determined 

empirically. It is believed that these parameters should be 
adaptively adjusted in order to achieve optimal performance 
for noisy speeches of different SNR values. It is however 
difficult to derive an efficient algorithm for such purpose due 
to the empirical nature of these parameters. 

III. THE EXPECTATION MAXIMIZATION ALGORITHM 
The basic idea behind the EM algorithm can be described as 

follows. Assume that θ is the parameter set we would like to 
estimate and the probability density function (pdf) ( )f x θ  of 

some data set x given θ is known, where x is referred as the 
complete data set in the context of the EM algorithm. Let us 
also assume the pdf f is a continuous and appropriately 
differentiable function of θ.  If x is known, θ  can be readily 
evaluated by maximizing ( )f x θ : 

( )( )arg max log f x
θ

θ θ=   (9) 
Unfortunately in many practical applications, some or all 

elements of x cannot be obtained directly from the 
experiments but only by means of another observed data set y. 
Besides, there can be a many-to-one mapping between x and y. 
So for the E-step of the EM algorithm, we first compute the 
expectation of ( )log f x θ  given the data set y and our current 

estimate of θ. That is,  
( ) ( )( )log ,t tQ E f x yθ θ θ θ=   (10) 

where θ t is the t-th estimation of θ and t is the iteration index. 
Then for the M-step of the EM algorithm, we find the value of 
θ which maximizes ( )tQ θ θ  as: 

( )1 arg maxt tQ
θ

θ θ θ+ =   (11) 

where θ t+1 is our refined estimation of θ. The E-step and M-
step then iterate alternately and will converge to give the ML 
estimation of θ  as proven in [12]. 

IV. THE NEW EM FRAMEWORK FOR SPEECH ENHANCEMENT 
IN NON-STATIONARY NOISE ENVIRONMENTS  

When applying the EM algorithm to speech enhancement, 
we consider the cepstral coefficients of the true clean speech 
power spectrum Sx(k) to be the parameters for estimation. It is 
defined as,  

( )
1
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=
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where M is the total number of frequency components and the 
frame index i is dropped for notation simplicity. As it is 
explained in Section II, Sx(k) is an important parameter to be 
estimated in speech enhancement applications. The objective 
of the proposed algorithm is to obtain a good estimation of Cx 
so as to compute Sx(k) based on (12). The a-priori SNR of the 
noisy speech can then be obtained and used in the traditional 
speech enhancement gain functions such as (1) or (2) for the 
estimation of the unknown clean speech periodogram.  

Next, we select the cepstral coefficients of the original clean 

speech periodogram, denoted as ˆ
xC , to be the complete data 

set in the our EM framework. ˆ
xC can be computed from the 

periodogram of the original speech x, i.e. ˆ ( )xS k  where 
2ˆ ( ) ( )xS k X k= , as follows: 
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=
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where     1 0
0q

for q
otherwise

δ
=⎧
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⎩

  (14) 

and γ = 0.577216 is the Euler’s constant. It is shown in 
[28][29] that under some regularity conditions and for large 
sample size (M >> 1) real-valued data, the estimated cepstral 
coefficients ˆ ( )xC q  are even symmetric and independent 
random variables having normal distributions with means 

( )xC q  and variances 2 ( )e qσ  as follows: 
 ( )2ˆ ( ) ~ ( ), ( )x x eC q N C q qσ  ;    q=0,…,M/2 (15) 

where  
2

2
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In the remaining of this section we shall drop the index q, 
where appropriate, for simplifying the equations. The 
dependency of q on the relevant quantities should be apparent.  

It can be seen in (15) that the required parameter Cx in fact 
is the mean of the complete data set ˆ

xC , which has a normal 
distribution. However, ˆ

xC is unknown since we do not have 
the original speech data. Hence we cannot directly compute Cx 
from ˆ

xC . We have to rely on the observed noisy speech 
periodogram 2ˆ

yS Y=  to help us estimate Cx. The expectation 

of ( )ˆlog x xf C C  given the data set ˆ
yS  and the current estimate 

of Cx can be expressed as follows: 
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From (15) and (16), we know that, 
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(19) 
We shall apply ( )t

x xQ C C  to the M-step of the proposed 

algorithm. The purpose of the M-step is to optimize t
xC  in 

order to maximize ( )t
x xQ C C . From the recent research in 

iterative regularization [30], it is known that if the signal is 
sparse or if the signal can be transformed into a domain where 
its coefficients are sparse, the inclusion of a penalty term made 
up by the L1 norm of the signal or its coefficients can 
significantly improve the chance for the iterative process to 
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reach its global optimum point. Consequently, there are works 
adopting this idea in the M-step of the EM algorithm. For 
instance, the regularized M-step is used in [31] and [32] for 
image restoration and image reconstruction applications. For 
the proposed method, the EM algorithm is operating in the 
cepstral domain. Since the coefficients of speech in the 
cepstral domain are sparse and are very much different from 
noise, we include a penalty term made up by the L1 norm of 
the desired cepstral coefficients in the optimization process. 
More specifically, the M-step of the proposed algorithm is 
given as follows: 

( ){ }

( )( )

1

2 2

argmin ( )

ˆ ˆargmin , 2 ( )

t
x

t
x

t t t
x x x xC
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where ( )t
xpen C  is the penalty term, which is selected as 

follows:  

1
( ) ( ) ( )t t t

x x x
q

pen C AC A q C qτ τ= = ∑   (21) 

In (21), τ is a free parameter that adjusts the amount of 
regularization applied to the maximization process. Its 
selection method will be discussed at the end of this section. A 
is dependent on q and it is defined as a weakly differentiable 
binary function such that,  

0   C
( )         

1
l pitchq q and q

A q
otherwise

≤ ∈⎧
= ⎨
⎩

  (22) 

The introduction of the penalty term imposes a constraint to 
the optimization process such that the energy of the estimated 
cepstral coefficients will concentrate at very low quefrencies 
as well as the quefrencies associated with the fundamental 
frequency. They are exactly the features of voiced speeches in 
the cepstral domain. By doing so, the optimization process can 
be carried out on coefficients with improved SNR and hence 
reduces the effect due to the estimation error of the non-
stationary noise characteristics. It turns out to be the major 
factor that leads to the good performance of the proposed 
algorithm in non-stationary noise environments. The use of the 
L1 norm in the penalty term in (21) is based on the assumption 
that xC has a Laplacian prior. From (20), 1t

xC +  can be obtained 
by taking the derivative of the right hand side of (20) and 
setting the result to 0.That is, let 

( )( )2 2ˆ ˆ , 2 ( )t t t
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where sign(x) returns {1, 0, -1} if x is positive, 0 or negative, 
respectively. Hence the optimal t

xC  is the one such that 

0t
xC

∂Θ
=

∂
. It is then used as the new estimate of t

xC . That is, 
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where ( )ˆ ˆ ,t t
x x y xC E C S C=  and 2

eT Aσ τ= . (25) is indeed the 

well-known soft thresholding non-linearity [30][33] with an 
additional constraint A.  

To implement (25) , we need to have a good estimate of t
xC . 

For the proposed algorithm, we estimate t
xC  by the following, 

( )( )
0

2

log

1. For initial guess:  

ˆ ˆ2. For subsequent iterations:  log .

TCS
x x

t t
x mmse y

C C

C idft G Sξ

=

⎧ ⎫⎧ ⎫= ⎨ ⎨ ⎬⎬
⎩ ⎭⎩ ⎭

 
(26) 

where ( )( )
n

t
xt

S
Cdft

ˆ
expˆ =ξ , and dft and idft are the discrete 

Fourier transform and its inverse, respectively. In both cases, 
bias is removed using the approach in [29] whenever 
transforming data between the cepstral domain and the 
spectral domain. As shown in (26), we adopt the TCS method 
[9] to obtain the initial guess of t

xC  at t=0. Afterwards, we 
update t

xC by using a logmmse gain function [5] in which the 
a-priori SNR is computed based on the current estimate t

xC . 
The logmmse gain function theoretically gives the minimum 
mean square error estimation of the log-magnitude spectra. 
From [5], we know that, 
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⎟
⎠
⎞⎜

⎝
⎛ ⋅ξ  

( )( )t
xyx CSSidftE ,ˆˆlog=  

( ) t
x

t
xy

t
x CCSCE ˆ,ˆˆ ==  

(28) 

It can be seen in (28) that the logmmse gain function can 
give a good estimation of t

xC . However, we do not use it for 
the initial guess since without a good a-priori SNR estimator, 
the logmmse gain function can accidentally remove speech 
spectral components of low SNR. This is particularly the case 
if the noise is non-stationary. The TCS method gives a 
reasonably good estimation of t

xC without the need of a very 
good a-priori SNR estimator. It also works reasonably well 
for non-stationary noises. It is thus used as the initial guess of 

t
xC and is afterwards refined by the logmmse gain function 

using the a-priori SNR estimate obtained by the M-step of the 
proposed algorithm.  
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To summarize, the proposed speech enhancement algorithm 
based on the new EM framework can be described as follows: 

A. Initial guess: 
Compute the initial guess of t

xC  using the TCS method, i.e. 
0 TCS
x xC C=  (see (26)). 

B. M-step: 
Estimate the parameter t

xC  using the constrained soft 
thresholding method (see (25)). 

C. E-step: 
Refine the estimation of t

xC  using the logmmse gain 
function with the estimated t

xC  obtained from the M-step (see 
(26)). 

D. Iterate the M-step and E-step alternately until convergence 
is reached. The enhanced speech X  can thus be obtained by  

( )
( )

log
ˆ .

exp

converge
mmseX G Y

X X j Y

ξ=

= ∠
  (29) 

where ∠Y is the phase angle of Y. The operation of the 
algorithm is also described in Fig.1.  

Besides those required in the original TCS method [9], the 
proposed algorithm has very few free parameters. Once these 
parameters are set, they can be used for speeches of different 
genders and at different noise levels, as it is the case in our 
simulations. More specifically, the setting of the free 
parameters in the TCS method can be found in [9]. The 
parameters for determining the soft threshold T in (25) can be 
obtained as follows: (i) the value of 2

eσ  can be found in (16); 
(ii) the setting of parameter A requires the parameter ql in (22), 
which is set as 0.025M in our simulations. Cpitch in (22) can be 
obtained from the TCS method given by [9] when generating 
the initial guess. Finally, the parameter τ is set as 

σ
τ

 
2

=  (30) 

where 2σ  is the variance of Cx and is approximated by,  
2 2ˆ[ ]x eVar Cσ σ= −   (31) 

We show in the Appendix that by setting τ as in (30), the 
soft thresholding operation in (25) indeed achieves a good 
approximation of the maximum a-posterior (MAP) estimation 
of Cx. We would like to emphasize that due to the initial guess 
and the additional constraints applied to the algorithm, the 
proposed algorithm need not be iterated many times to achieve 
satisfactory performance. In our experiments, iterating 3 times 
already gives very good results. Iterating further in most cases 
will only increase the computation time but not further 
improve the performance. Hence it is not recommended. 

V. SIMULATIONS AND RESULTS 
In this section, the performance of the proposed algorithm is 

shown and compared with those achieved by the state-of-the-
art speech enhancement methods. To start with, we use an 
example to illustrate the deficiency of the traditional TCS 

method and how it is solved by the proposed algorithm. For 
the ease in presentation, let us first denote the proposed 
algorithm as Logmmse-L1-EM, which represents the two 
major operations (logmmse gain function and L1 norm 
regularization) used in the new EM framework. Fig.2 shows a 
segment of a typical noisy speech periodogram (red line), its 
original clean speech periodogram (black line), the enhanced 
speech periodogram using the traditional TCS (green line) and 
the proposed Logmmse-L1-EM algorithm (yellow line). It can 
be seen that the noisy periodogram consists of a sharp noise 
spectral peak at frequency index about 170. The TCS method 
tries to remove the noise spectral peak by reducing the 
variance of the cepstral coefficients. It however is only 
partially successful and leaves behind a rather strong noise 
spectral peak. In addition, the TCS method over-smoothes the 
speech spectral peak at indices near 100 and 120. It is clear 
that a fixed set of smoothing parameters is difficult to handle 
noisy speech spectral components equally well if they have 
great difference in SNR. On the contrary, the proposed 
Logmmse-L1-EM algorithm gives extremely good 
performance in removing the noise spectral peak while 

 
Fig.2 – A  comparison  of the traditional TCS method and the proposed 
Logmmse-L1-EM algorithm 

 
Fig.3 – The  result  of the proposed Logmmse-L1-EM algorithm after each 
iteration 
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keeping the speech spectral peaks. It is due to the iterative 
process through EM by which the noise spectral peak is 
reduced successively in each iteration while the speech 
spectral peaks are also gradually adjusted. Fig.3 illustrates 
how the proposed algorithm refines the estimation in each 
iteration. 

The results in Fig.2 and Fig.3 clearly explain why the 
proposed Logmmse-L1-EM algorithm can provide a better 
performance than the original TCS method and the traditional 
logmmse method. As mentioned above, the TCS method 
cannot take care of noisy components with great difference in 
SNR. However, it serves as a good initial guess of the clean 
speech power spectrum since it is less sensitive to the 
accuracy of the a-priori SNR estimation. The initial guess is 
then applied to the L1 norm regularizer in the M-step of the 
proposed EM framework, which is indeed a constraint soft 
thresholding process. Besides a good MAP estimation of the 
true power spectrum of the clean speech, the applied 
constraint fully utilizes the sparsity feature of speech signals in 
the cepstral domain. Noises, no matter stationary or non-
stationary, will be rejected since most of them cannot fulfill 
this constraint. For every iteration the proposed algorithm 
performs, the same constraint is imposed to the observed noisy 
data and gradually improves the estimation, which is shown in 
Fig.3. The M-step of the proposed EM algorithm enables a 
gradually improved a-priori SNR estimate for use in the E-
step of the proposed algorithm, which is just the traditional 
logmmse method. With a good a-priori SNR, the logmmse 
method can often give a good estimate to the original clean 
speech periodogram for the M-step again.  

A comparison of the spectrogram of the enhanced speeches 
generated using different algorithms with different colored 
noises at input is shown in Fig.4 to Fig.5. Table 1 gives a 
summary of the algorithms that have been compared. We start 
with the case that the speech is contaminated by pink noise, 
which is a relatively stationary noise. Fig.4a shows the clean 
speech spectrogram of a female speech selected from the 
TIMIT database [25] saying the following sentence: “She had 
your dark suit in greasy wash water all year”. Fig.4b shows the 
result when pink noise is added to the speech with input 
segSNR about 5dB. Fig.4c depicts the spectrogram using the 
traditional TCS method. It can be seen that although the TCS 
method can recover much speech contents, its noise control is 
not sufficient and strong background residue noise remains in 

 
Fig.4 – Spectrogram of the original, noisy and enhanced speeches (pink noise)

 

Fig.5 – Spectrogram of the original, noisy and enhanced speeches (buccaneer 
noise) 

TABLE 1 - SUMMARY OF THE ALGORITHMS COMPARED IN THE SIMULATIONS. 
Method Description 
MMSE-LSA Minimum mean-square error log-spectral 

amplitude estimator [5] 
MMSE-Gamma  Minimum mean-square error spectral amplitude 

estimator with generalized gamma speech priors 
[34] 

TCS Temporal cepstrum smoothing method [9] 
MMSE-LSA FP SPP  MMSE-LSA plus SPP estimated with fixed 

prior [7] 
MMSE-LSA TCS SPP MMSE-LSA plus SPP estimated using the TCS 

method [11] 
Logmmse-L1-EM The proposed algorithm based on the new EM 

framework 
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the enhanced speech. Fig.4d shows the spectrogram using the 
MMSE log-spectral amplitude (MMSE-LSA) method plus 
SPP with fixed prior [7], which is a relatively recent logmmse 
estimator enhanced by using a special speech presence 
probability function. It has better control of the background 
noise however it also removes speech content and the 
intelligibility of the enhanced speech is reduced. Furthermore, 
musical noise appears particularly at the beginning of the 
speech. Fig.4e shows the spectrogram given by a combination 
of the TCS method and the MMSE-LSA plus SPP [11]. In that 
approach, the TCS is used for the estimation of the a-priori 
SNR and is used in the MMSE-LSA and the SPP estimation. It 
has better noise control compared with that in Fig.4c and 
Fig.4d. However, some speech contents are removed as it is 
indicated in the circled areas. It seems that the speech contents 
removed by the SPP estimator cannot be recovered although 
the TCS method is used. Fig.4f shows the spectrogram using 
the proposed Logmmse-L1-EM algorithm. It has very well 
background noise control and the speech content is also better 
preserved as indicated in the circled areas. 

Fig.5 shows the case where the speech is contaminated by 
buccaneer noise, which is a non-stationary noise such that two 
tones of varying frequencies together with other background 
noises are added to the speech. The noisy speech is shown in 
Fig.5b. When speeches are contaminated by non-stationary 
noises, traditional decision-direct approach will generate large 
error when estimating the a-priori SNR. Hence the 
performance of the traditional MMSE-LSA approach, 
although using SPP, will not be good. As can be seen in 
Fig.5d, the strong tones cannot be removed and will be quite 
annoying in human auditory. The TCS method improves 
slightly as shown in Fig.5c. The combined TCS and MMSE-
LSA approach gives better result as can be seen in Fig.5e. 
However in both cases, the tones still cannot be sufficiently 
removed while the background noises remain. The result of 
the proposed Logmmse-L1-EM algorithm is illustrated in 
Fig.5f. It is clear that the time varying tones are largely 
suppressed while the speech contents are well preserved 
comparable with that using the TCS method. The background 
noise is also significantly reduced. The overall performance is 
very promising.  

The performance of the proposed Logmmse-L1-EM 
algorithm is further evaluated using standard evaluation 
measures. A series of simulations have been performed for 
comparing the performance between the following 
approaches: MMSE-LSA [5], MMSE-Gamma [34], MMSE-
LSA plus SPP with fixed prior [7], MMSE-LSA plus TCS 
method [11], and the proposed Logmmse-L1-EM algorithm. 
The speech sampling rate is 16kHz. Simulation details are 
listed as follows: frame size – 512 samples (~32ms), FFT size 
– 1024 samples (zeros padded each frame with 512 samples), 
window shift step size – 128 samples (75% overlap). For all 
algorithms, the noise power spectrum is estimated by first 
using the initial frames that are assumed to have no speech 
energy; then updated whenever a frame is detected to have no 
speech energy by using a VAD [26]. For the algorithms using 
the logmmse gain function, Gmin is set at -25dB which helps masking musical noise and limits speech distortion.  

 

 

 

 

 

 
Fig.6 – (Left) Segmental SNR improvement over the noisy speech; (Right) 
PESQ improvement over the noisy speech achieved by using MMSE-LSA 
[5](‘x’), MMSE-Gamma [34] (‘◇’), MMSE-LSA FP SPP [7] ('O') MMSE-
LSA TCS SPP [11] (‘Δ’) and the proposed Logmmse-L1-EM (‘∇’) for the 
case of white noise, pink noise, destroyer engine noise, F16 noise, buccaneer 
noise and babble noise contamination. 

-10 -5 0 5 10
-2

0

2

4

6

(white noise)

se
gS

N
R

 im
pr

ov
em

en
t (

dB
)

-10 -5 0 5 10
0

0.2

0.4

0.6

0.8

(white noise)

P
E

S
Q

 im
pr

ov
em

en
t

-10 -5 0 5 10
-2

0

2

4

6
(pink noise)

se
gS

N
R

 im
pr

ov
em

en
t (

dB
)

-10 -5 0 5 10

0

0.2

0.4

0.6

0.8
(pink noise)

P
E

S
Q

 im
pr

ov
em

en
t

-10 -5 0 5 10
-2

0

2

4

6

(destroyer engine noise)

se
gS

N
R

 im
pr

ov
em

en
t (

dB
)

-10 -5 0 5 10
0

0.2

0.4

0.6

0.8

(destroyer engine noise)

P
E

S
Q

 im
pr

ov
em

en
t

-10 -5 0 5 10
-2

0

2

4

6

(F16 noise)

se
gS

N
R

 im
pr

ov
em

en
t (

dB
)

-10 -5 0 5 10

0

0.2

0.4

0.6

(F16 noise)

P
E

S
Q

 im
pr

ov
em

en
t

-10 -5 0 5 10
-2

0

2

4

6
(buccaneer noise)

se
gS

N
R

 im
pr

ov
em

en
t (

dB
)

-10 -5 0 5 10
0

0.2

0.4

0.6

0.8

(buccaneer noise)

P
E

S
Q

 im
pr

ov
em

en
t

-10 -5 0 5 10
-2

0

2

4
(babble noise)

Input segSNR (dB)

se
gS

N
R

 im
pr

ov
em

en
t (

dB
)

-10 -5 0 5 10
-0.1

0

0.1

0.2

0.3

(babble noise)

Input segSNR (dB)

P
E

S
Q

 im
pr

ov
em

en
t



13 Nov, 2013  9

In the simulation, 40 male and 40 female test speeches were 
arbitrarily selected from the TIMIT database [25]. The noise 
signals were adopted from the NOISEX-92 database [35] and 
added to the speeches with input segmental signal-to-noise 
ratio (segSNR) ranging from about -10dB to +10dB. The 
resulting enhanced speeches generated by all algorithms were 
evaluated using standard measures including (i) the segmental 
signal-to-noise ratio (segSNR) [1]; and (ii) the perceptual 
evaluation of speech quality (PESQ), which is an ITU 
standard for evaluating speech quality [36]. The results are 
shown in Fig.6. It can be seen that the performance of the 
proposed algorithm is always the best in all cases. For 
instance, when comparing with the MMSE-LSA plus TCS 
approach [11], the proposed algorithm can always give an 
improvement in segSNR and PESQ score for all noise signals. 

More specifically, for the pink noise case, the average 
improvement in segSNR and PESQ is about 0.9dB and 0.1, 
respectively. For the buccaneer noise case, the average 
improvement in segSNR and PESQ is about 0.85dB and 0.12, 
respectively. Similar results can be found in Fig.6 for other 
kinds of noise contamination. 

To predict the quality of noisy speech enhanced by noise 
suppression algorithms, three composite objective metrics [1] 
are often used in the literature, which include (a) Csig: Signal 
distortion (SIG) formed by linearly combining the LLR, 
PESQ, and WSS measures; (b) Cbak: Noise distortion (BAK) 
formed by linearly combining the segSNR, PESQ, and WSS 
measures. (c) Covl: Overall quality (OVL) formed by linearly 
combining the PESQ, LLR, and WSS measures. Table 2 lists 
the performance of 5 different algorithms for noisy speech 

TABLE 2 COMPOSITE MEASUREMENT COMPARISON OF DIFFERENT ALGORITHMS. 

Noise 
Input SNR Csig Cbak Covl 

Method  0 5 10 15 20 0 5 10 15 20 0 5 10 15 20 

white 

Noisy 1.341  1.918 2.606 3.264 3.866 1.716 2.165 2.638 3.117 3.591  1.345  1.866 2.421 2.954 3.447
MMSE-LSA 1.839  2.540 3.162 3.672 4.048 2.176 2.594 2.972 3.283 3.513  1.804  2.365 2.861 3.261 3.547

MMSE-Gamma 2.091  2.776 3.314 3.707 3.978 2.361 2.764 3.095 3.354 3.548  2.044  2.599 3.030 3.346 3.567
MMSE-LSA FP SPP 2.295  2.989 3.519 3.930 4.289 2.467 2.882 3.254 3.618 3.992  2.185  2.754 3.193 3.555 3.883

MMSE-LSA TCS SPP 2.113  2.906 3.504 3.955 4.328 2.407 2.872 3.286 3.685 4.083  2.049  2.701 3.207 3.619 3.981
Proposed Logmmse-L1-EM 2.466  3.174 3.714 4.165 4.563 2.615 3.046 3.431 3.824 4.231  2.349  2.936 3.384 3.787 4.165

babble 

Noisy 2.521  3.094 3.629 4.100 4.504 1.682 2.148 2.637 3.129 3.613  1.961  2.469 2.951 3.389 3.781
MMSE-LSA 2.528  3.112 3.603 3.971 4.216 1.865 2.347 2.791 3.160 3.436  2.039  2.561 3.010 3.355 3.594

MMSE-Gamma 1.953  2.607 3.165  3.598 3.890 1.664 2.200 2.692 3.100 3.400  1.642  2.231 2.741 3.150 3.435
MMSE-LSA FP SPP 2.150  2.891 3.525 4.057 4.488 1.726 2.274 2.797 3.304 3.785  1.758  2.400 2.959 3.447 3.858

MMSE-LSA TCS SPP 2.205  2.935 3.563 4.070 4.491 1.862 2.389 2.898 3.385 3.854  1.839  2.472 3.027 3.500 3.906
Proposed Logmmse-L1-EM 2.412  3.092 3.685 4.186 4.588 1.953 2.467 2.964 3.455 3.922  1.995  2.589 3.117 3.588 3.985

destroyer 

engine 

Noisy 1.996  2.586 3.185 3.749 4.247 1.521 1.975 2.463 2.964 3.467  1.653  2.139 2.639 3.123 3.571
MMSE-LSA 2.452  3.021 3.505 3.886 4.154 1.957 2.390 2.789 3.136 3.409  2.043  2.526 2.945 3.292 3.545

MMSE-Gamma 2.714  3.192 3.547 3.803 3.979 2.261 2.655 3.000 3.281 3.489  2.321  2.754 3.093 3.347 3.527
MMSE-LSA FP SPP 2.575  3.028 3.484 3.943 4.394 2.183 2.556 2.968 3.393 3.830  2.205  2.621 3.035 3.444 3.848

MMSE-LSA TCS SPP 2.571  3.201 3.671 4.088 4.488 2.191 2.707 3.163 3.589 4.001  2.191  2.781 3.239 3.640 4.013
Proposed Logmmse-L1-EM 2.996  3.546 3.967 4.356 4.723 2.486 2.941 3.345 3.744 4.156  2.571  3.077 3.477 3.846 4.201

F16 

Noisy 1.947  2.577 3.197 3.771 4.282 1.570 2.045 2.544 3.049 3.552  1.627  2.167 2.699 3.198 3.657
MMSE-LSA 2.452  3.052 3.555 3.942 4.203 2.033 2.474 2.873 3.209 3.463  2.089  2.601 3.035 3.374 3.608

MMSE-Gamma 2.567  3.105 3.511 3.801 3.995 2.192 2.611 2.980 3.277 3.500  2.233  2.710 3.085 3.361 3.550
MMSE-LSA FP SPP 2.690  3.225 3.644 4.049 4.459 2.282 2.718 3.123 3.524 3.934  2.320  2.810 3.204 3.573 3.938

MMSE-LSA TCS SPP 2.559  3.184 3.665 4.072 4.479 2.214 2.715 3.183 3.609 4.035  2.209  2.790 3.261 3.651 4.031
Proposed Logmmse-L1-EM 2.885  3.446 3.884 4.296 4.679 2.430 2.893 3.318 3.740 4.159  2.499  3.012 3.428 3.823 4.189

pink 

Noisy 1.809  2.454 3.097 3.699 4.239 1.609 2.075 2.572 3.075 3.573  1.558  2.108 2.654 3.171 3.642
MMSE-LSA 2.361  3.007 3.552 3.964 4.239 2.088 2.531 2.927 3.250 3.492  2.054  2.598 3.056 3.401 3.635

MMSE-Gamma 2.498  3.116 3.574 3.884 4.066 2.250 2.678 3.044 3.332 3.540  2.231  2.754 3.150 3.429 3.604
MMSE-LSA FP SPP 2.608  3.204 3.653 4.021 4.371 2.304 2.731 3.160 3.579 3.989  2.298  2.815 3.233 3.586 3.916

MMSE-LSA TCS SPP 2.453  3.154 3.673 4.060 4.411 2.229 2.721 3.195 3.644 4.075  2.167  2.783 3.271 3.662 4.014
Proposed Logmmse-L1-EM 2.808  3.443 3.908 4.284 4.631 2.450 2.921 3.353 3.781 4.200  2.468  3.028 3.461 3.839 4.185

buccaneer 

Noisy 1.789  2.404 3.036 3.629 4.158 1.543 2.001 2.493 2.994 3.491  1.502  2.014 2.550 3.059 3.526
MMSE-LSA 2.267  2.900 3.452 3.879 4.170 1.985 2.419 2.824 3.168 3.431  1.932  2.461 2.931 3.304 3.564

MMSE-Gamma 2.250  2.881 3.373 3.716 3.945 2.039 2.480 2.879 3.205 3.448  1.973  2.515 2.953 3.272 3.494
MMSE-LSA FP SPP 2.436  3.039 3.531 3.977 4.391 2.177 2.605 3.021 3.434 3.846  2.132  2.659 3.096 3.492 3.862

MMSE-LSA TCS SPP 2.381  3.059 3.587 4.014 4.415 2.156 2.638 3.096 3.530 3.949  2.070  2.677 3.168 3.577 3.955
Proposed Logmmse-L1-EM 2.713  3.347 3.843 4.273 4.667 2.360 2.821 3.247 3.673 4.096  2.365  2.927 3.372 3.775 4.151
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signals contaminated by 6 different kinds of noise, both 
stationary and non-stationary, at input SNR ranging from 0dB 
to 20dB. Concurring to the results in segSNR and PESQ, the 
proposed Logmmse-L1-EM algorithm always outperforms the 
other 4; and in many cases, the improvement is significant. 
These results have demonstrated the robustness of the 
proposed algorithm. Its performance is consistent when 
enhancing speeches made by people of different genders and 
are contaminated by different kinds of noise at different noise 
levels. 

VI. CONCLUSION AND FUTURE WORK 
In this paper, an improved speech enhancement algorithm 

based on a novel expectation-maximization framework is 
proposed. The new algorithm makes use of the EM algorithm 
to define a theoretical framework for the estimation of the true 
power spectrum of the original speech and its periodogram 
from a noisy observation. The proposed algorithm starts with 
the traditional cepstrum smoothing method which gives the 
initial guess of the periodogram of the clean speech. It is 
applied to an L1 norm regularizer in the M-step of the EM 
framework to estimate the cepstral coefficients of the true 
speech power spectrum. It enables the estimation of the a-
priori SNR and is used in the E-step, which is indeed a 
logmmse gain function, to refine the estimate of the clean 
speech periodogram. The M-step and E-step then iterate for 2 
more times, with which we have shown to be sufficient in 
most cases to achieve good result. The proposed algorithm 
fully utilizes the sparsity of speeches in the cepstral domain by 
adopting the L1 norm regularizer. It enables the optimization 
process to be carried out on coefficients with improved SNR 
and hence reduces the effect due to the estimation error of the 
non-stationary noise characteristics. As a result, the proposed 
algorithm works particularly well when the input speech is 
contaminated by non-stationary noises. Besides, due to the 
iterative process, the proposed algorithm has very good 
control of the residue background noises which makes it 
outperform the traditional methods. Simulation results have 
verified that the proposed algorithm improves over the 
competing speech enhancement methods from literature in 
almost all testing conditions, such as different kinds of noise at 
different noise levels using different evaluation measures. 
They have clearly demonstrated the robustness of the 
proposed algorithms in general speech enhancement 
applications. For future work, the methods for enhancing the 
unvoiced speech deserve further consideration. It is known 
that on average over 20% of a normal speech is unvoiced. 
However, both the cepstral method and the MMSE method 
may not be best candidates for their enhancement. It is 
because unvoiced speeches do not have a harmonic structure 
and they have a noise-like statistical property which can easily 
be classified as noises by MMSE based methods and are thus 
suppressed. A different algorithm may be needed to work 
together with the proposed algorithm in order to take care of 
both the voiced and unvoiced parts of a speech in an 
enhancement process.     

APPENDIX – MAP ESTIMATION OF CX 

Given ˆ
xC , a MAP estimator of Cx can be obtained by,  

 ( )ˆarg max |
x

x x xC
C f C C=   (32) 

We obtain by using the Bayes’ rule,   
ˆ( | ) ( )arg max ˆ( )x

x x x
x C

x

f C C f CC
f C

=   (33) 

Since the value of Cx that maximizes the right-hand side is 
not influenced by the denominator, the MAP estimate of Cx 
can be rewritten as, 

ˆarg max ( | ) ( )
x

x x x xC
C f C C f C⎡ ⎤= ⎣ ⎦

  (34) 

The logarithm function can be applied to (34) because it is 
monotonic. Hence,  

( ) ( )ˆarg max log ( | ) log ( )
x

x x x xC
C f C C f C⎡ ⎤= +⎣ ⎦

  (35) 

As ˆ
xC  is normal distributed with mean Cx [29],    

2

2

ˆ1 ( )ˆ( | ) exp
2 2
x x

x x
ee
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σσ π

⎛ ⎞−
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  (36) 

By using (36), (35) becomes, 
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2
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σ

⎡ ⎤− −
= +⎢ ⎥

⎢ ⎥⎣ ⎦
  (37) 

Let us define ( ) ( )log ( )x xg C f C= . Then we have,  
2

2

ˆ( )argmax ( )
2x

x x
x xC

e

C CC g C
σ

⎡ ⎤− −
= +⎢ ⎥

⎢ ⎥⎣ ⎦
  (38) 

We can obtain the MAP estimate of Cx by taking the 
derivative of the terms in the square bracket in (38) with 
respect to Cx. Then, 

2

ˆ( - ) '( ) 0x x
x

e

C C g C
σ

+ =   (39) 

We now need the prior f(Cx), i.e. the distribution of cepstral 

Fig.7 – The pdf of cepstral coefficients of 40 male and 40 female test speeches
from the TIMIT database [25]. The pdf approximated directly from the speeches
(red dotted line). The pdf fit by using a Laplacian model (σ=0.02792, β=1) (blue
solid line), Gaussian model (σ=0.02510, β=2) (green dashed line), and GGD
model (σ=0.03223, β=1.2783) (black dash-dot line) 
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coefficients, Cx, of the clean speech. In Fig.7, we show the pdf 
( )ˆ

xf C obtained from the cepstral coefficients of 40 male and 

40 female test speeches from the TIMIT database [25], and fit 
it with different distributions. It is seen that it can be modeled 
by a Laplacian, or Gaussian or GGD distribution without large 
error. It is highly likely that this will also be the case of f(Cx). 
Assume that f(Cx) is modeled using a Laplacian pdf:  

1 2( ) exp
 2x xf C C
σσ

⎛ ⎞
= −⎜ ⎟⎜ ⎟

⎝ ⎠
  (40) 

In this case,  
2( ) log( 2)

 x xg C Cσ
σ

= − −   (41) 

As a result, 
2'( ) ( )

 x xg C sign C
σ

= −   (42) 

Put (42) into (39), we have, 
2 2ˆ ( )
 
e

x x xC C sign Cσ
σ

= +   (43) 

Therefore, xC  as a function of ˆ
xC  is given by 

ˆˆ ,
ˆ0,

ˆ ˆ,

xx

x x

x x

C TC T
C T C T

C T T C

⎧ < −+⎪⎪= − ≤ ≤⎨
⎪ − <⎪⎩

  (44) 

This is the soft threshold nonlinearity. T in this case is given 
by, 

σ
σ

 
22

eT =   (45) 

which is similar to that in (25) except the omission of the 
constraint A. To summarize, the soft thresholding operation as 
defined in (25) is a good approximation of the MAP estimate 
of Cx with the assumption that Cx has a Laplacian prior.     
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