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ABSTRACT 

The present paper introduces a cooperating framework between 
Perceptual Enhancement (PE) and Minimum Mean Square 
Error Log-Spectral Amplitude Estimation (MMSE-LSA). The 
link between the two aforementioned spectral modification 
algorithms is a Speech Absence Probability (SAP) responsible 
for weighting the fusion of both spectral gain modification 
algorithms for each spectral bin. It has been noted that PE 
eliminates residual noise at the expense of spectral deformation 
of unvoiced speech and high-frequency speech components. On 
the other hand the LSA technique is based on modeling 
assumptions that lead to smaller degradation than PE at the 
expense of some residual noise and an echo-like processing 
artifact. The proposed hybrid scheme leads to a reduction of 
residual noise component compared with LSA and a reduction 
of spectral distortion observed with PE when it is employed at 
low SNRs. We evaluate the proposed algorithm using White 
Gaussian and car-noise on the task of improving the quality of 
speech and demonstrate its robustness at low SNRs.  
Implementation code and demo files are available at: 
http://slt.wcl.ee.upatras.gr/Potamitis/web/LSA_PE_index.htm 

1. INTRODUCTION 

After more than three decades of advance on the one-channel 
speech enhancement problem, in spite of the emergence of well 
established algorithms, there is still need for further work 
primarily on the problem of balancing the trade-off between 
noise reduction, speech distortion (especially on the removal of 
low energy speech segments along with the noise), and residual 
noise artifact at very low SNRs. The aim of this contribution is 
to address some side-effect issues regarding the use of two 
particularly successful enhancement algorithms, namely 
MMSE-LSA and PE algorithms. We show that when combined 
in a suitable framework, these two algorithms seem to have a 
complementary action that allows a better balance in regards to 
processing artifacts. 

A key contribution on speech enhancement is the family of 
the Short Time Spectral Amplitude (STSA) algorithms ([1], [2], 
[3], [4]), that attempts to uncover the underlying spectral 
magnitude of speech by applying a time-varying gain function 
to the observed, noisy short-time spectra, where the gain 
function is related to the noise power spectrum. In particular, 
the suppression algorithms proposed by Ephraim&Malah [3], 
[4] has demonstrated a performance that generates toneless 

residual noise; a fact that is attributed primarily to the time-
smoothed a-priori signal to noise ratio. However, the residual 
noise for very low SNRs (i.e. below zero) is significant while 
the time smoothed a-priori SNR estimation seems to introduce 
an echo-like distortion. STSA algorithms make the assumption 
that spectral components between adjacent frames are 
independent. As pointed in [5], this assumption generally does 
not hold in practice, especially for the voiced part that possesses 
highly dependent adjacent spectral coefficients but is a good 
approximation for the unvoiced part that has a noise-like 
spectral distribution. In the proposed hybrid framework the 
estimation of the LSA technique is favored in spectral areas of 
the unvoiced part and receives a small weight in the voiced part. 

One can expect that the quality of the enhanced signal to be 
improved as modeling assumptions integrate independent 
sources of information about the production and perception of 
the speech signal. One such source exploits basic phycoacoustic 
phenomena of the human auditory system that can be integrated 
into noise suppression rules. The enhancement approaches 
based on the masking properties of the human auditory system 
determine an Auditory Masking Threshold (AMT) so that 
combined with a noise suppression technique, only the audible 
components of noise are suppressed [6], [7], [8]. AMT is a 
spectral amplitude threshold below which all frequency 
components are masked in the presence of a masker signal. 
However, the speech enhancement techniques that are based on 
perceptual criteria encounter the problem of estimating AMT 
from noisy data as in practice there is no clean reference to 
compute the thresholds. In practice, the AMT is derived from a 
clean speech estimate by applying spectral subtraction to the 
noisy signal. However, at low SNRs, spectral subtraction 
practically eliminates the unvoiced part and the low energy 
content of the high frequencies of the voiced part leading to an 
erroneous estimation of the AMT (underestimation), which, in 
turn, leads to oversmoothing of the spectral content by the noise 
suppression rule. In conclusion, PE methods perform better in 
the high energy part of the spectrum while their performance is 
seriously deteriorated when applied to low energy parts of the 
speech signal at the presence of strong background noise. In the 
proposed hybrid framework the estimation of the PE technique 
is favored in spectral areas of the high energy part and receives 
a small weight in the unvoiced part. 

The module that is responsible to control the fusion of the 
spectral estimations of both algorithms is a Speech Absence 
Probability estimation algorithm (SAP). The SAP module 
outputs a probability that speech is absent in each spectral bin 
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and since high probability of speech presence is associated with 
a strong underlying speech component the proposed framework 
leads to favoring the PE estimation applied to the spectral 
region of formants while favoring the application of MMSE-
LSA to the low energy part. 

Comparative experiments based on the application of Log 
Spectral Distance as well as subjective listeners’ tests and visual 
inspection of spectrograms, confirmed the benefit of combining 
these two techniques through a statistical VAD module. The 
advantage was more distinct in the case of colored noise-types 
that concentrate their energy in the formant-area of the speech 
signal. The proposed work is supported by INSPIRE (IST-
2001-32746) EC project. 

 2. PROBLEM FORMULATION 

Let s(m) denote the clean time-domain signal corrupted by 
noise n(m) where (m) is the discrete-time index. The observed 
signal x(m) is given by: y(m)=x(m)+n(m) and is subjected to 
Short Time Fourier Transform (STFT). Based on the 
assumption of a linear, time invariant channel independent of 
the signal level and uncorrelated noise, we can derive a linear-
spectral representation of a clean speech signal corrupted by 
additive noise using a 2N point FFT as: 

Yκ = Xκ+Nκ    κ=0,…,Ν -1                        (1) 

where, {Yκ} denotes the complex spectral coefficient of the 
degraded sub-band {κ}, {Xκ} stands for the complex spectral 
coefficient of the clean sub-band {κ} and {Nκ} is the complex 
spectral coefficient of noise. 

2.1. MMSE gain modification 

While, in principle, any noise suppression rule can be used in 
the proposed framework, the Ephraim&Malah suppression rule 
is chosen due to its non-tonal residual noise artifact and its 
unifying connection with robust statistical speech presence 
estimation. The filter is constructed to minimize the mean-
square of log-spectrum which is known to be better associated 
with speech perception and it is based on assuming that the real 
as well as the imaginary part of the spectrum have Gaussian 
pdfs with a time-varying variance that is calculated during 
operation and. We refer the reader to [3] and [4] for a detailed 
derivation and we briefly present the enhancement rule that is 
summarized in the gain function {Gk} which is applied to |Yk|: 
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ξk and γk is the a-priori (hidden) and a-posteriori (observed) 
signal to noise ratio respectively [2], [3], [4], and λx,k , λd,k 
denote the variances of speech and noise respectively. The time-
smoothed a-priori SNR estimation is given by: 
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2.2. Audible Noise Suppression Module 

Perceptually based noise suppression uses the AMT to adjust 
the free parameters of the suppression algorithm (i.e Wiener 
filter in [6], spectral subtraction in [7], and MMSE-STSA in 
[8]) and is noted to completely eliminate residual noise. In this 
work the PE technique of [6] is employed in the hybrid 
framework which is formulated in the critical band scale. The 
motivation for carrying out such investigation in the Bark 
domain hinges on three reasons: 
a) frequencies within the same critical band are perceived 
equally by the human auditory system, 
b) the smaller number of descriptive parameters due to the 
reduced number of frequency bands entails smaller 
computational cost during training and operational conditions 
c) speech and noise spectrum is calculated by taking an average 
over the frequencies within each critical band resulting into a 
smoother spectral estimation.  

2.3. AMT Estimation 

The AMT calculation is usually based on the work of Johnston 
[9]. For a detailed derivation of the AMT estimation the reader 
is referenced to [6] and [9], while a summary of the main 
derivation steps as follows: 
Firstly an estimation of the clean spectral energies |Xk|2 is 
derived usually by applying a conservative version of the 
spectral subtraction. Secondly, the uniformly distributed 
spectral components are mapped to bark-scale by the formula: 
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where, {b} is set to 18 critical bands corresponding to 8 kHz 
sampling, {κL} is the lower and {κH} the upper limit of the {κ} 
band. Subsequently a spreading function is convolved with the 
critical band spectrum to obtain spread critical band spectra. A 
further step includes the computation of offset terms for 
masking threshold and normalization to account for absolute 
auditory thresholds. The derivation is summarized as: 

Tb=AMT(|Xk
2|j-1),                               (3a) 
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where {j} is the iteration, Nb is the mean power spectrum of the 
noise in critical band {b} and ab defines a threshold below 
which frequency components of the noisy speech are strongly 
suppressed. In this work the conservative choice of 
oversubtraction is not adopted since it leads to oversmoothing 
and the LSA estimation is used as an initial estimation in 
equation (3) and two iteration between (3a) and (3b) have 
proven slightly more beneficial. 

2.4. Speech Presence Probability 

The hybrid framework of PE and MMSE-LSA requires an 
estimation of the probability of speech absence as a function of 
time and frequency.  
The spectral estimation task proceeds with the consideration 
that in each frame speech can be absent (hypothesis H0) or 
present (hypothesis H1) in spectral band {k}. That is, 



H0: Yκ(t)=Nκ(t) 
H1: Yκ(t)=Xκ(t)+Nκ(t) 

Under the assumption that speech and noise are complex i.i.d 
Gaussian distributions (that is adopting the statistical 
assumptions of [3] and [4]), the pdfs of the observed signal 
conditioned on the speech presence/absence hypotheses are 
given by: 
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There are recent approaches which adaptively estimate the 
probabilities of speech absence in different frequency bands 
[10], [11]. The choice between these estimators is not clear cut. 
In this work the so-called ‘hard-decision approach’ has been 
adopted due to its implementation simplicity and operational 
efficiency [10]. In this SAP variation the observed noisy 
amplitude is classified as either speech or just noise alone. That 
is, the decision Dk is binary, where Dk=1 stands for speech 
presence while Dk=0 represents speech absence.  
The classification rule is based on the following inequality: 

If p(Yk|H1)> p(Yk|H0) then Dk=1 else Dk=0 

Substituting Eq. (4a) and Eq. (4b) leads to the equivalent 
expression: 

( ) ( ) 0D  else  1D  then  1ξγ2Iξexp  If kkkk0k ==≥−  

The probability of speech absence in the frame to be enhanced 
is smoothed-out in time using a running average estimate of 
speech absence probability of previous frames. That is: 

( ) ( ) ( ) ( )1-n k,0n k,0n k,0 Y1YY Η−+Η=Η
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where {n} is the frame index and {b} is a smoothing constant 
set to 0.1 in the experiments. 

Finally, let 
∧

Χ  denote the spectral amplitude estimation of the 
enhanced signal, then the proposed estimator becomes: 
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3. EXPERIMENTAL RESULTS 

We conducted comparative denoising experiments between the 
proposed framework and LSA [4] using artificially generated 
AWGN and car-noise taken from the NOISEX-92 database. 
Undegraded data have been obtained from the SpeechDat 
database. Each noise type was added to 10 clean speech files of 
5 sec. mean duration so that the corrupted waveform ranges 
from –10 to 15 SNRdB. The speech data used are sampled at 8 
kHz using 16 bit linear quantization. The noisy speech data is 
divided into short-time frames consisting of 512 samples with 
an overlap of 256 samples with the neighboring frame. Each 
frame is Hamming windowed before further processing. The 
noisy phase is not processed based on the fact that noisy phase 
is the best estimate of the true phase in the minimum mean 

square sense as demonstrated in [3]. Finally, the overlap and 
add method is employed to reconstructed the enhanced 
waveform. 
The Log-Spectral Distance measure (LSD) of the enhancement 
obtained by our technique is shown in Fig. 1 for the Gaussian 
noise case and in Fig. 2 for the car-noise. LSD has been chosen 
because of its good correlation with subjective speech quality 
(correlation factor 0.6, see for example [12]. The LSD 
distortion measure is based on the spectral distance between the 
Discrete Fourier Transform coefficients sets of the clean and 
enhanced speech waveforms over synchronous frames of 15ms 
duration and is heavily influenced due to mismatch in formant 
locations. As indicated in Fig.1 for the case of Gaussian noise 
and further in Fig.2, for the case of car-noise the proposed 
hybrid method consistently effects smaller error over all SNRs 
compared to the MMSE-LSA method alone. Although the 
objective measures depict a small improvement, listening tests 
reveal that the enhancement due to the hybrid framework is 
much more pleasant to hear and more natural sounding 
compared to the other two techniques. This fact is especially 
prominent for coloured noise-types that have a time-frequency 
localization property in lower spectral bands (e.g. car-noise and 
speech-like noise, both taken from NOISEX-92 database). We 
attribute this effect to the SAP module which favors the 
estimation of the PE algorithm in case of strong speech 
presence since PE has a demonstrated efficiency to estimate the 
underlying spectral magnitude when noise corruption is 
restricted to the high energy part of the signal. In such noise-
types the proposed technique results to lower residual noise 
compared to MMSE-LSA while simultaneously the enhanced 
signal suffers less compared to the PE enhancement. The better 
treatment of residual noise vs. degradation due to enhancement 
is clearly demonstrated in Fig. 3. A close look of Fig. 3 (top) 
reveals that the echo-like artifact and residual noise of MMSE-
LSE are greatly compensated while the ‘blurring’ of the low 
energy parts of the signal in the middle figure corresponding to 
the PE technique is obviously reduced and the fine structure of 
formants is better retained. 
We have also performed subjective Mean Opinion Score 
(MOS) in order to assess the quality of perception of the 
enhanced signals and the induced impairment due to the 
enhancement process. Results were scored by 5 listeners using 
the scoring depicted in Table 1. The results were averaged over 
10 speech utterances. From this table it is clear that the 
combination of LSA and PE through a SAP module is 
beneficial especially at very low SNRs. 
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Figure 1: Log-spectral distance between clean and enhanced 
signals. Noise is white Gaussian. MMSE_LSA [4], PE as in 
[6], LSA+PE stands for the proposed hybrid framework. 
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Figure 2: Log-spectral distance between clean and enhanced 
signals. Noise type is car-noise from NOISEX-92 database. 
MMSE_LSA [4], PE as in [6], LSA+PE proposed technique. 
 

Points Quality Degradation assessment 
5 Excellent Imperceptible 
4 Good Just Perceptible, Not Annoying 
3 Fair Perceptible, Slightly Annoying 
2 Poor Annoying, not Objectionable 
1 Bad Annoying and Objectionable 

Table 1: MOS scale after Jayant and Noll [12] 

SNR LSA+PE PE LSA 
15 4,87 4,76 4,7 
10 4,77 4,43 4,38 
5 4,1 3,8 3,32 
0 3,43 3,41 2,9 
-5 2,52 2,31 1,94 
-10 2,1 1,9 1,6 

Table 2: MOS results for enhancement results for signals 
corrupted by car-noise. Refer to Table 1 for notation 
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Figure 3: Enhancement result for signal corrupted by car-noise 
at 0 dB. Top-figure: MMSE-LSA. Middle-figure: PE by 
Tsoukalas method [6]. Bottom figure: Enhancement with the 
proposed method. 

 

4. CONCLUSIONS 

In conclusion, the proposed work has demonstrated the benefit 
of an enhancement technique that combined Short Time 
Minimum Mean Square Spectral Modification with Perceptual 
Enhancement. Based on their modeling assumptions, the key 
idea was to benefit from their complementary effect on treating 
the low and high energy part of the speech spectrum and to 
fuse the estimation of both algorithms by a proper probabilistic 
weighting of a speech absence module. The weighting scheme 
favors the application of Perceptual Enhancement to the 
formant area while spectral estimation in the low energy 
spectral regions is mainly based on the estimation of the 
MMSE-LSA algorithm. Enhancement results demonstrated that 
the hybrid scheme is especially effective in the case of time-
frequency localized corruption in the lower frequency bands of 
the speech signal. 
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