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Abstract 

This dissertation is concerned with speech enhancement based on the statistical and loud­

ness models. We will study the field of speech enhancement with the objective of improving 

the quality of speech signals in noisy environments. 

First, speech enhancement based on the Laplacian model for speech signals is reviewed. 

The performance is shown to be limited by the accuracy of the Laplacian parameter esti­

mation in the noisy environment. A recursive version is proposed to estimate the Laplacian 

model parameters using the enhanced speech and then use these estimated parameters to 

re-enhance the original noisy speech again. This approach achieves better parameter esti­

mation and hence further improvements of speech quality. 

Next, loudness models for speech are reviewed. Considering that it describes the human 

hearing system better than the spectrum, the fundamental approaches of spectral subtraction 

are extended to the loudness domain. We propose the loudness subtraction approach. The 

tests are done for subtraction with different a values in the loudness model. Simulations 

show that the quality of enhanced speech can be optimized by choosing the appropriate a 

for a given input SNR. Thus, an adaptive-a subtraction model is proposed. The simulations 

show it can further improve the performance of spectral subtraction. 

Then, the proposed loudness subtraction with fixed a is shown to provide better results 

overall than the classical spectral subtraction, even though noise residue and unpleasant 
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artifacts are still high in the enhanced signal. Loudness over-subtraction is then proposed 

to further reduce these artifacts/noise. Extensive simulation studies are conducted showing 

clear improvement over other subtraction type approaches. 

Finally, we proposed a Maximum Likelihood-based (ML) speech enhancement algo­

rithm in the loudness domain. It is an optimal speech enhancement algorithm based on 

the ML criteria in the loudness domain, given the loudness of the noisy speech and the 

noise estimate. The Laplacian model and the Gaussian model of speech are used separately 

for comparison. Both approaches shows significant improvement of quality. It is shown 

that the Laplacian model leads to better preservation of the speech and the Gaussian model 

leads to better noise reduction. 
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Chapter 1 

Introduction 

1.1 Thesis Motivation 

Since the 1960s, speech processing has been an active area of research in digital signal 

processing [8]. In the last several decades, speech processing has had direct applications 

in society. A variety of areas have been discussed by many researchers, like speech cod­

ing [29] [52], speech recognition [89], speech enhancement [40] [80] and so on. A com­

prehensive review of speech research can be found in [70] 

Over the past four decades within speech processing, the enhancement of speech de­

graded by additive background noise has received considerable attention. The main goal 

of speech enhancement is to improve the performance of speech communication in a noisy 

environment. Depending on the application, the objective of the enhancement system may 

be to improve the overall quality, increase intelligibility, reduce listener fatigue and so on. 

Some systems may meet several of these objectives at the same time. The recent research 

of speech enhancement are reviewed in [38]. 

In most speech enhancement algorithms, it is assumed that the speech is degraded by 
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additive noise which does not depend on the clean speech. Some other practical noise 

sources can be transformed into additive noise [80]. For example, a multiplicative or convo-

lutional noise degradation is converted to an additive noise degradation by a homomorphic 

transformation [3]. 

Many speech enhancement systems [49] [71] [80] [87] [94] [102] improve the signal to 

noise ratio (SNR) as a way to provide higher quality. However, almost all of these systems 

reduce the intelligibility, which may be acceptable to listeners, particularly when the test 

material is familiar. On the other hand, Niederjohn [92] claimed that certain process of 

filtering can improve intelligibility while quality may be degraded. 

The auditory model of speech signals has been used extensively in speech enhance­

ment. The human hearing system has been thoroughly studied and many speech enhance­

ment algorithms are designed to be more suitable for subjective listening. The masking 

property of human hearing system has lead to many developments in speech enhance­

ment [73] [74] [109], allowing for actual improvement in perceived quality as compared to 

the mathematical improvement in SNR. 

Even though loudness of speech has been considered as one of the most important 

measures to simulate the human hearing system, few researchers have proposed the speech 

enhancement algorithms in the loudness domain. In [93], the estimated loudness of the 

noise is subtracted from the loudness of the noisy signal to enhance speech. This algorithm 

performs well when the input speech SNR is low, but it leads to large distortion when the 

SNR is high. This is because the loudness of the noisy signal is not simply the sum of 

the loudness of noise and clean signal. In this thesis, the loudness model will be discussed 

thoroughly and a new loudness subtraction algorithm is proposed. 

Statistical modelling of the speech is discussed thoroughly in [118]. A Laplacian model 
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is found to be more appropriate for speech signals compared to the Gaussian model. The 

use of the Laplacian model has been proven to benefit the speech enhancement algorithms 

[48] [118]. The parameter estimation of the Laplacian model is crucial for the performance 

of speech enhancement. When the additive noise level is high, this limitation lowers the 

effectiveness of the enhancement algorithm. 

1.2 Thesis Contribution 

The contributions of this thesis are primarily the following: 

• A recursive estimation for the Laplacian factor in existing algorithms in [48] [118] is 

developed. With this recursive approach, the estimation of the parameters can be improved 

leading to improved speech enhancement. 

• An extension of the spectral subtraction is investigated by taking the power spectral 

to an extra power of a. We show that the appropriate value of a to achieve the best speech 

enhancement performance depends on the SNR. A generalized adaptive-a subtraction al­

gorithm is proposed and is shown to work well for all the SNR circumstances. 

• The loudness subtraction and over-subtraction approaches are proposed for speech 

enhancement applications. Instead of directly subtracting the whole noise loudness, the 

Laplacian statistical model of speech signals is considered to determine the proper param­

eters for this algorithm. The proposed algorithms outperform the corresponding spectral 

subtraction and over-subtraction when assessed by all tested quality measures. 

• Finally, a loudness based maximum likelihood enhancement algorithm is presented. 

The proposed algorithm is compared with the MMSE algorithms and shown to provide 

comparable improvements with much lower complexity. 
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1.3 Thesis Organization 

This thesis is organized as follows: Chapter 2 introduces the background knowledge re­

lated to this research. In Chapter 3, the proposed recursive speech enhancement employ­

ing Laplacian-Gaussian model is presented. In Chapter 4, the loudness subtraction type 

speech enhancement approach is generalized to an adaptive-a form. In Chapter 5, statis­

tical model-based loudness subtraction and over-subtraction approaches are presented. In 

Chapter 6, a loudness-based speech enhancement algorithm using Maximum Likelihood 

(ML) criterion is investigated for both the Gaussian and Laplacian speech models. 



Chapter 2 

Background and Preliminaries of Speech 

Enhancement 

In this chapter, we will review the background knowledge related to the work in this thesis. 

2.1 Speech Decorrelation 

Speech signals are highly correlated in the time domain. In speech processing applica­

tions, different transformations are applied to decompose the speech signal to uncorrelated 

domains for further processing [115]. 

In many applications, the speech signal is represented on a frame-by-frame basis. A 

frame of K speech samples in time domain is defined as: 

x(m) = [x(m),x(m — 1 ) , . . . ,x(m — K)]T. (2.1) 

where x(m) is the speech signal sample at time instant m. Also, let y(m) denote the 
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corresponding if-dimensional noisy speech signal. The noise vector is n(m), then 

y(m) = x(m) + n(m). (2.2) 

Assume y is a if-dimensional random vector with zero mean, then there exist a repre­

sentation for y as follows, 

r 

y = ^YiWi r<K (2.3) 

where {Vi}[=1 are zero mean and uncorrelated random variables, and {wi}r
i=1 are K-

dimensional linearly independent basis vectors. The above equation can also be written 

as 

y = WY, (2.4) 

where W = [wi,W2,.--,wr] is a K x r matrix and Y = [Yi,..., l^.]Tisa vector of r uncor­

related random variables. The set of all signal vectors X lie in a subspace of the Euclidean 

space RK spanned by {wt}
r
i=:1. This subspace is referred to as the Signal Subspace. 

Since the correlation between speech signals is commonly rather high, r is always cho­

sen less than K, reflecting the fact that a speech data vector can be represented with a 

very small error by only a few principal components. Given W, these components can 

be computed. Further, the signal frame y can be reconstructed, approximately, as a linear 

combination of these few principal components. 

In most transform-based speech enhancement approaches, the speech signals are first 

transformed into a less correlated domain, where enhancement is more feasible. Then the 

samples are modified by some classical enhancement process: spectral subtraction, Wiener 

filtering, etc. 

In the following sections, we start by reviewing some of the main transformations used 

for speech enhancement. 
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2.1.1 Karhunen-Loeve Transform (KLT) 

KLT [1] [94] decomposes the signal into uncorrelated components by finding the eigen-

decomposition of the short-time covariance matrix of the speech signals. Its transformation 

matrix depends on the input data. Let X denote a /^-dimensional vector of signal samples, 

and the covariance matrix of X is denoted by 

Rx = E{XXT}. (2.5) 

Assume that the eigen-decomposition of Rx is as follows: 

Rx = E{XXT} = WAXWT, (2.6) 

where, W = [wi,w2,..., WK\ denotes an orthonormal matrix of eigenvectors of Rx, and 

Ax — diag(Ax(l), Ax(2), . . . , Xx{K)) is a diagonal matrix with its diagonal elements as 

the eigenvalues of Rx- Also assume that A^ are non-increasingly ordered as 

A X ( 1 ) > A X ( 2 ) > . . . > A * ( A : ) . (2.7) 

For a colored signal such as speech, the rank of Rx is less than K or some of the 

smaller eigenvalues are negligible. Thus, some of the eigenvalues in (2.7) can be assumed 

to be zero, which means the signal energy is negligible in some directions of the space. The 

transform WH will optimally concentrate the signal power in a relatively small number of 

uncorrelated coefficients. In fact, we only need a small part of the eigen-pairs (A,, wi) for 

i — 1 , . . . ,r, with r < K to represent the signal accurately and to reduce computation 

complexity and storage. 

The sample vector X is represented by an r-dimensional vector S and aKxr transform 

matrix W. The reconstructed signal is represented by 

X = WS = WWTX, (2.8) 
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with W = [w\,W2, • • •, wr] and S = [si, «2, • • •, sr] . 

The matrix WT in (2.6) is called Karhunen-Loeve transform (KLT). An important prop­

erty of WT is that the covariance matrix of S = WTX is diagonal. The column span of W 

corresponding to nonzero eigenvalues is the signal subspace. 

In [40], the implementation of KLT is performed by eigenvalue decomposition (ED). 

The approach is not suitable for processing of non-stationary signals because it requires 

repeated ED, which is a very time consuming task. In order to overcome this difficulty, 

Yang developed a new type of KLT tracking algorithm called projection approximation 

subspace tracking [112]. This algorithm introduces an unconstrained cost function with a 

global minimum which corresponds to the desired signal subspace. This approach is fast, 

simple and has good performance in tracking process. Thus, it will be used in the following 

chapters. 

2.1.2 Discrete Cosine transform (DCT) 

DCT is an alternative for the optimal transform coding of Gaussian sources. It is a compu­

tationally effective harmonic transform that can whiten an autoregressive signal (speech) 

almost as well as KLT, if the data size is large enough [62]. 

For the given input vector y, the DCT coefficients are calculated as: 

Yk(m) = wDCT(A0 ] P y(m - n + 1) cos k*^~ ^, k = l,...,K (2.9) 
n=l 

where 

WDCT(^) 
i , for k — 1 

(2.10) 

The coefficients Yk(m) of the DCT are less correlated than the original speech y(n). They 

| , for 2 < * : < # . 
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compact the energy of a speech block into the DCT coefficients {Yk}k=v The DCT coeffi­

cients can be used to recover the signal directly by 

y{m-n + 1) = wDCT(n) ^Yfc(m) cos — , n = l , . . . , K (2.11) 
fc=i 

DCT has been shown to perform well in speech enhancement applications [103]. It is 

computationally efficient, has a signal independent transformation matrix and can whiten 

the inputs data almost as well as KLT. All these features lead to excellent performance of 

the algorithm. 

2.1.3 Transformation for Speech Quality Assessment: Bark Frequency 

Transforms 

The Bark frequency scale mimics the scale based on which the ear processes the received 

signal. The Bark scale has 24 Barks, corresponding to the first 24 critical bands of hearing. 

Critical band width differs within the frequency range. The published Bark band edges 

[100] [101] are given in Hertz as [0, 100, 200, 300, 400, 510, 630, 770, 920, 1080, 1270, 

1480, 1720, 2000, 2320, 2700, 3150, 3700, 4400, 5300, 6400, 7700, 9500, 12000, 15500]. 

The published band centers in Hertz are [50, 150, 250, 350, 450, 570, 700, 840, 1000, 

1170, 1370, 1600, 1850, 2150, 2500, 2900, 3400, 4000, 4800, 5800, 7000, 8500, 10500, 

13500]. 

The bark frequency transform is widely used in the evaluation of the speech quality [15] 

[72], which will be shown later in this section. Also it has been used in speech coding [69] 

and speech enhancement [109]. 
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2.2 Speech Enhancement Approaches 

Over the past five decades, the problem of speech enhancement has been discussed by many 

researchers [80]. The main objective of enhancement is to improve the performance of 

speech communication systems in a noisy environment. Many applications, such as speech 

recognition, speech coding and hearing aids, will only have access to the noisy speech. 

Speech enhancement is usually necessary as the first step in these applications. Depending 

on the specific application, the objective of a single channel speech enhancement system 

may be to improve the quality, increase intelligibility, reduce listener fatigue, etc. Some 

systems may meet several of these objectives at the same time, while others may have to 

sacrifice one objective to meet the requirement of the other. Different algorithms of speech 

enhancement will be designed to meet specific objectives. 

Most speech enhancement research focuses on removing the corrupting noise to im­

prove the overall quality of the speech signal. In most algorithms, the noise term is assumed 

to be additive and uncorrected to the clean speech signal. Some other types of practical 

noise can be transformed into additive noise [80]. For example, a multiplicative or convolu-

tional noise can be converted to an additive noise by the homomorphic transformation [3]. 

Classical speech enhancement approaches include: spectral subtraction [80], MMSE-

based algorithms [41], Wiener filtering [31], etc.. More recent approaches [38] incorporate 

the subspace processing [40], the auditory masking [109], adaptive filtering [113]. These 

approaches will be discussed in detail next. 

2.2.1 Spectral Substraction 

This approach estimates the Power Spectral Density (PSD) of the clean signal by subtract­

ing the estimated PSD of the noise from the PSD of the noisy signal. Usually the PSD 
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is estimated with Short-Time Fourier Transform (STFT). Each estimate of PSD of noisy 

speech is performed within a short segment of signals because the short-time spectral am­

plitude is important for both speech quality and intelligibility. The PSD of the noise is 

typically obtained using several frames of noise-only segment [71] [80] [87] [99]. 

As the noise and the clean speech are assumed to be uncorrelated, an estimate of the 

clean speech PSD at the mth frame and frequency co, X(m, to), is given by 

X(m,(jj) = < 
\Y(m,u)\2 - SN(LO) if \Y(m,uj)\2 - SN(co) > 0 

(2.12) 
otherwise 

where |F(m,o;)| is the measured noisy speech PSD and SN{OJ) is the noise PSD esti­

mate. The phase of the PSD is relatively unimportant in short-time processing. Thus, the 

measured phase of the noisy speech will be kept for the enhanced speech. Then the clean 

speech PSD estimate is given by: 

X(m,Lo) = \X(m,Lo) ej/y(m,a,)_ (2.13) 

This approach is simple in calculation and does not need any assumptions about the 

signal itself. The main drawback of this approach is the annoying musical noise remaining 

in the enhanced signal. This can be easily explained by the statistical nature of the noise. 

Noise estimation is based on an average of noise samples over time. When the estimate is 

higher than the actual noise sample in a frame, noise will be eliminated in that frame and 

sometimes the speech will be distorted. When the estimate is lower than the actual noise 

sample, a portion of the noise will still remain in the enhanced signal. The later case results 

in short sinusoids at random time and frequency sounding like a musical tone, hence the 

name the "musical noise". 
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2.2.2 Wiener Filtering 

The Wiener filter [31] [44] [80] [86] is the optimal filter with respect to minimizing the 

mean squared error between the filter outputs and the desired clean signal. Given a number 

of observations, y(m),y(m — 1 ) , . . . , y(m — K), which are the sum of the desired signal 

x(m),x(m — 1 ) , . . . , x(m — K) and noise term, the estimate x(m) is obtained by a linear 

filtering applied on the set of observations: 

K 

x(m) = J}2hky(m-k). (2.14) 
fe=0 

The Wiener filter is the optimum filter minimizing 

E [e2(m)] = E [(x(m) - x{m)f] . (2.15) 

The optimum filter is based on the principle of orthogonality that the error is orthogonal to 

the observations: 

E [e(m)y(m)] = 0. (2.16) 

It can be shown that under the condition that x(m) and n(m) are uncorrected and station­

ary, the coefficients of the filter that minimize the mean squared error must satisfy: 

K 

Rx,y(m) = '^2hkRy(m-k), (2.17) 

where Rx)S/ and Ry are the cross-correlation and auto-correlation function, respectively. As 

we assume that the clean speech signal and noise are uncorrected and zero-mean, then 

Rx,y(m) = Rx(m) (2.18) 

and 

Ry(m) = Rx(m) + Rn(m). (2.19) 
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If we estimate the signal using the entire observation of y from time — oo to +00, the 

equation of the filter (2.17) becomes 

+00 

Rx,y{m)= Y^ hkRy(m-k). (2.20) 
k=—oo 

The Fourier transform of above equation is 

SX,V(LJ) = H(u)Sy(u). (2.21) 

From the equations (2.18) and (2.19), we can derive: 

SXlV(uj) = Sx(u) (2.22) 

and 

Sy(u) = SX(LU) + Sn(uj). (2.23) 

So the optimal Wiener Filter in frequency domain is 

bx(uj) + Sn{u) 

Sometimes the term Sx can't be estimated directly from the noisy signal y, instead it is 

estimated with the noisy observation Sy and estimated noise Sn. Thus, equation (2.24) of 

the filter can be rewritten as: 

= sy{u)-sH_ 

Sy{Uj) 

The parameterized Wiener filter is a extended version Wiener filter [20]: 

SJul) •>" 

Different choices of the constants a and /3 lead to different filters. Usually a is called the 

noise suppression factor or the over-subtraction factor, and (5 is the power of the filter. The 
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power subtraction filter is obtained when (5 = 0.5 and a = 1. The classical Wiener filter is 

when both (3 and a are 1. 

The estimated noise power Sn is the average power of the noise samples and may be 

lower than the actual noise sample sometimes. Hence the noise suppression factor is usually 

chosen larger than 1 to better eliminate the residue noise at the cost of possible higher 

distortion. 

One major disadvantage of Wiener filter is that it is designed to minimize the MSE. 

Given that several studies [54] have shown that the correlation between the MSE and speech 

quality is low, then minimizing MSE does not necessarily result in optimal speech quality. 

2.2.3 Subspace Speech Processing 

Subspace speech processing methods [56] [60] [65] [67] project the noisy speech signal 

onto the subspaces: signal-plus-noise subspace and noise only subspace. Then the pro­

cessing of speech is done to the subspace signal components instead of the signal itself. 

The main research focus in this area is speech enhancement algorithms based on subspace 

methods. The decomposition of the signal into subspaces can be done with two meth­

ods: eigenvalue decomposition (EVD) [21] [68] [79] [94] or singular value decomposition 

(SVD) [22] [108]. 

2.2.3.1 Eigenvalue Decomposition (EVD) based SE 

The EVD decomposes the covariance matrix R of the input signal vector y, which is the 

combination of clean signal x and additive noise n. Let x(m) be a K-dimensional vector 

of samples of clean speech x{t) at time m as denoted by: 

x(m) = [x(m),x(m — 1) , . . . ,x(m — K + 1)] . (2.27) 
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Thus, 

y(m) = x(m) + n(m) (2.28) 

where n(m) is the /^-dimensional noise vector at time m. 

The covariance matrix of clean speech x(m) is defined as follows: 

R*(m) = £[x(m)xT(m)]. (2.29) 

Now, consider the eigen-decomposition of Rx(m) to be 

Rx(m) = W(m)Ax(m)WT(m) (2.30) 

where Ax(m) is the diagonal matrix containing the eigenvalues of the clean speech covari­

ance matrix Rx(m), and the unitary matrices WT(m) and W(m) are called the KLT and 

the Inverse KLT (IKLT) of the clean signal x(m) [94]. Unlike the DCT, the matrix W(m) 

depends on the signal to be decomposed. 

For additive noise uncorrected with the clean signal, the covariance matrix of y will be 

given by: 

Ry(m) = E[y(m)yT(m)} = Rx(m) + Rn(m) = W(m) (Ax(m) + A„(m)) WT(m). 

(2.31) 

A subspace approach has been proposed [40] [59] to enhance noisy speech signals. The 

noisy signal is defined to have a form of 

y = * s + n = x + n (2.32) 

where y, x, s and n represent the noisy speech, clean speech, the uncorrected represen­

tation of clean speech and noise only signals, respectively. The set of all possible signal 

vectors {x} will lie in a subspace of the Euclidean space spanned by the columns of \t. This 
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subspace is referred as "signal subspace". Now the speech enhancement problem becomes: 

find a matrix H to form a linear estimator x = Hy under some constraint. 

The error of the above estimator is: 

e = x - x = (H - I) x + Hn = ex + £n (2.33) 

where the first term represents the speech distortion and the second term represents the 

residual noise. Then the time-domain constrained optimization problem becomes: 

mine! (2.34) 

subject to: 

^4 < < (2.35) 

For the white noise case, Rn — a^I, the solution is given by [40]: 

Hopt = Rx (i?x + uRn)'1 (2.36) 

where 7?x and Rn are the covariance matrices of the clean speech and noise signals, respec­

tively, and fj, is the Lagrange multiplier. It has been shown that varying n can control the 

tradeoff between the residual noise and speech distortion [59]. 

Rx — UAXUT is the eigen-decomposition of Rx. U is the unitary eigenvector matrix 

and Ax is the diagonal eigenvalue matrix of i?x. The solution can be rewritten as 

H^ = UAx (Ax + ^an
2l)_1 UT (2.37) 

In the algorithm by Rezayee [94], the matrix UTRnU was approximated by a diagonal 

matrix An with different diagonal components to allow for the case of colored noise. Then, 

the solution is modified to 

H^ = [/Ax (Ax + fiAn)-1 UT. (2.38) 
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It should be noted that the matrix UTRnU is not exactly a diagonal matrix because U 

is designed to diagonalize R* and not Rn. In [59], a matrix is constructed to diagonalize 

Rx and Rn simultaneously: 

VTRXV = Ax (2.39) 

VTRnV = I (2.40) 

where Ax and V are the eigenvalue and eigenvector matrix of S = R~XRX, respectively. It 

can be shown that Ax is a real matrix. Note that unlike U in the previous assumption, the 

eigenvector matrix V is not orthogonal. Applying it to (2.36), the modified optimal linear 

estimator is 

Hopt = RnVAx (Ax + / / / r 1 VT 

= V~TAX (Ax + /x/)-1 VT 

This approach is a generalization of the Ephraim's approach in [40] without restricting the 

noise to be white. 

Hu [59] proposed a variable \x to improve the trade-off between the speech distortion 

and residual noise, which is a focus topic in many speech enhancement papers. 

2.2.3.2 Singular Decomposition (ESVD) based SE 

The SVD is used to decompose the signal matrix with the following form: 

/ 

X(m) 

x(m) x(m + 1) 

x(m + 1) x(m + 2) 

x(m + K - 1) 

x(m + K) 

\ 

yx(m + L-l) x(m + L) . . . x{m + K + L-2)J 

(2.41) 
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when K + L — 1 samples of the signal are available (L > K) [56]. As before, X is used 

to represent the clean signal and the noisy signal is 

Y(m) = X(m) + N(m). (2.42) 

Moreover, X is rank deficient with rank J < K while Y and iV have full rank K. Since 

the noise is assumed to be broadband and zero-mean. 

The SVD is defined by the following theorem. 

Theorem lfYe RLxK with L> K, then there exist matrices 

u = [u1...uK}e pLxK 

and 

V=[Vl...vK]€ RKxK 

with orthonormal columns such that 

(2.43) 

(2.44) 

K 

Y = UEVT = J2 ui°ivl (2.45) 
i=i 

where 2 = diag (a\, 02, • • •, GK) with a\ > 02 > ... > OK > 0. 

The diagonal elements of £ are called the singular values of Y and their set is called the 

singular spectrum. The columns of U and V are called the left and right singular vectors. 

For the rank deficient matrix X with rank J, it is possible to partition the SVD of X as 

* = Uj^xV? = [U^ UR ' X2\ 
*xi 0 

0 0 

VT 
XI 

VT 
X2 

(2.46) 

where U^ G KLx J , V^ e RKxJ and E ^ = diag{<Tx\,°X2> • • • >axj) 
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Now we use the above SVD for the application of speech enhancement. The SVD of 

noisy signal Y is also partitioned as following: 

Y = UyZyVT = [Uyi Uy,} -'Yl 

0 E 

0 

Y2 

VT 
Yl 

V? 
Y2 

(2.47) 

and the SVD of the clean speech signal X is given by (2.46). 

First the following assumptions are made: 

1. The signal is orthogonal to the noise in the sense E{XTN} = 0. 

2. The noise is white, i.e., E{NTN} = a\I 

3. The smallest singular value of HY1 is strictly larger than the largest singular value of 

Sy 2 in theSVDofy . 

With these assumption, the SVD of Y can be written in terms of SVD of X: 

Y = X + N 

= Ux^x^L + NVXIVTX + NVX2VT2 

[uxiXxl + NVxl){i:xi + aliy 1/2 (<tf̂ «)" 

0 

1/2 

(?N I 

VT 

XI 

X2 

Y = [uYl a Y21 
-'Yl 

0 E 

0 

Y2 

VT 
Yl 

VT 
Y2 

With the above assumptions and Ux, Vx have orthonormal columns, 

(2.48) 

(2.49) 
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(Uxx^xi + NVxi) (??jil + cr2
frI)

 1/2 (<y^NVX2\ haveorthonormalcolumns. Equa­

tion (2.49) is the SVD of Y. It has the following relationships with the SVD of X: 

£ ^ = ( 5 % + 4 / ) ^ (2.50) 

^Y2 — aNl 

U?i = (UX1XX1 + NVxl) ( S ^ + all)'1'2 (2.51) 

= (UX1ZX1 + NVX1)^1 (2.52) 

V& = VL (2-53) 

VT2 = VT2 (2.54) 

(2.55) 

Under the above assumptions, the row space of X (represented by V? and V? ) can be 

estimated consistently, which means the estimation will converge in probability as L —> oo. 

Since the column space of X (represented by UX1) can't be recovered from the the SVD of 

Y, not even asymptotically, the least-square [34] [66] and minimum variance [37] estimates 

are used instead to estimate X from Y. 

The noise reduction algorithm based on the Singular Value Decomposition (SVD) is a 

robust and widely used computational tool in noise suppression techniques. The problem 

is that this method deals only with white noise and the LS estimate is sensitive to the 

number of retained singular values. In [66], a noise reduction method based on the Quotient 

Singular Value Decomposition (QSVD) is presented with pre-whitening as one part of the 

algorithm. Moreover, by using a Minimum Variance (MV) estimate [37] of the signal-only 

matrix, the algorithm is less sensitive to the choice of retained singular values. 

In [40], the proposed estimators attempt to improve the quality of the noisy signal while 
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minimizing any loss in its intelligibility. The focus is on the Linear Minimum Mean Square 

Error (LMMSE) estimation criterion, which minimizes the error between the enhanced 

and the clean signal. The optimal estimator in this sense is the well-known Wiener filter. 

However, the error signal represents both signal distortion and residual noise, which cannot 

be simultaneously minimized. Thus, the proposed estimators [32] control the level of the 

perceptually harmful residual noise (musical noise), while minimizing the signal distortion. 

To conclude this section, we note that subspace methods decorrelate the time-varying 

speech signals and allow the speech enhancement algorithm to work with un-correlated 

speech components in the transformed space. One major drawback, though, is that tracking 

of the subspace is usually done in noisy circumstances. As the speech can only be assumed 

to be statistically stable in 10-40 ms, the accurate decomposition is very critical. 

2.2.4 Use of Human Auditory Systems in Speech Enhancement 

The masking property of the human hearing system can be utilized to improve the perfor­

mance of different speech processing applications. 

It has been used with spectral subtraction [74] and subspace methods [73]. Virag [109] 

proposed a single channel speech enhancement system based on masking properties of 

the human auditory system. This system was based on the generalized spectral subtrac­

tion. It calculated a noise masking threshold, below which all additive noise components 

were inaudible. Then the noise in each band was lowered to the level that just below the 

masking threshold instead of eliminating it all. It overcame the limitations of one channel 

subtraction-type enhancement system in additive background noise at low SNR's. This 

speech enhancement algorithm was superior to the classical methods, especially at the low 

SNR's, since it introduces less distortion by applying the masking threshold. 
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2.3 The Loudness Model 

The loudness model was originally proposed by Zwicker [10] [19]. It is used to simulate 

the signal as perceived by the human auditory systems. The speech signal is pre-filtered 

to simulate the outer and middle ear transmission and then separated into critical bands. 

Within each band, the signal is transformed to the representation in the loudness domain 

with the knowledge of the excitation pattern. The loudness of the signal is the summation 

of the loudness across the frequency bands. 

The bands are defined based on the Bark scale rather than a linear frequency scale due 

to the acoustic properties of the human ear. The excitation pattern will be calculated from 

a series of auditory filters. The shapes of the auditory filters is decided using the empirical 

formula 

W(g) = (1 + gl)exp(-gl) (2.56) 

where g is the normalized frequency deviation from the center frequency of the filter g = 

~̂-fol and I determines the bandwidth and the slopes of the skirts of the filters. This filter 

shape has been called the "rounded exponential filter" or the ROEX filter [88]. 

First, we define the intensity of the speech signal [10]. Intensity is a measure of the time 

averaged energy flux of a speech signal. It is a vector that has the units of power divided 

by area. When the energy of the speech is radiated uniformly and no loss, the intensity at 

the point with distance r from the source can be represented in the following equation: 

where E is the energy of sound at the source and r is the distance from the source to 

receiver. 

The intensity can also be defined by the sound pressure p, which is directly caused 
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by the sound wave. The sound pressure has values from 10~5 Pa (absolute threshold of 

hearing) and 102 Pa (threshold of pain) in psychoacoustics [10]. Here the Pa (Pascal) is the 

same unit used for atmospheric pressure. 

Usually the sound pressure level P [10] is used. It is defined as 

P = 20log (p/po)dB. (2.58) 

The reference value of the sound pressure p0 is selected as p0 = 20/iPa. Also, P can be 

represented by the intensity / : 

P = 1 0 log (J /J 0)dB. (2.59) 

The reference Jo is 10~12W/m2. 

The loudness model is applied to calculate a specific loudness N' in a band from the 

excitation in that band. An absolute intensity threshold ITHQ is defined for internal noise 

that masks the speech at very low levels. The intensity below the threshold is inaudible. 

There are several different laws for loudness models. The simplest one is Steven's 

Law. It assumes that human intensity sensation grows with physical intensity according to 

a power law. There are several different laws with these assumptions. 

1. Steven's power law (Stevens [104], 1957): 

TV' = C-Ia . (2.60) 

2. Uncompressed internal noise power law (Stevens [105], 1966): 

N' = C • (J - IThQ)a . (2.61) 

3. Compressed internal noise power law (Humes and Jesteadt [63], 1991): 

N' = C-(la- IZhQ) . (2.62) 
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4. Zwicker's mixed internal noise power law (Zwicker [10], 1965): 

N' = C-((I + hlTMtf - (k2IThQ)a). (2.63) 

In the above equations, C, ki and k2 are constants and a is a compressive exponent 

assumed to be in the range of 0.23-0.3 for normal-hearing subjects. For example, it is 

chosen to be 0.27 in [58] [93] and 0.3 in [23]. Clearly, the loudness N' is a non-linear, 

compressive function of the stimulus energy I. 

The overall loudness of speech is the integration of the specific loudness TV' across the 

frequency bands: 

7V= f N'{z)dz (2.64) 

where z is the frequency on a Bark or ERB (Equivalent Rectangular Bandwidth) scale 

[100]. 

2.4 Speech Quality Assessments 

Following the enhancement of a speech signal, we need to evaluate the quality of the en­

hanced speech. Speech quality can be evaluated subjectively by using the listening test by 

human subjects. Since degradations are introduced by the environment and the processing 

algorithms, it is difficult for any one listener to measure the quality of speech signals over 

a wide range of different kinds of distortions. It is also very costly to conduct such tests. 

For these practical reasons, we need an objective measurement technique for the sub­

jective speech quality [6] [110]. Typically the enhanced signal is compared to the original 

reference signal based on some measure that indicates the quality of the enhanced signal. 

This objective measure can provide an immediate and reliable estimate of the quality of the 

speech enhancement algorithm. 
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The block diagram of a typical speech quality assessment method is shown in Figure 

2.1. Usually, a preprocessing step is applied prior to the quality measure. The preprocessing 

may include serial to parallel conversion, transformation and etc.. 

Enhanced Signal 

1 
Preprocessing 

,, 

Quality 

Original Signal 

1 
Preprocessing 

,, 

Measure 

T 
Mean Opinion Score 

Figure 2.1: The block diagram of a typical speech quality assessment system 

Mean Opinion Score (MOS) is the mean of the opinion scores of a speech signal given 

by many listeners measuring the speech subjective quality. Objective measures described 

above must be as correlated as possible to the MOS to be useful. The objective quality 

measures can be classified into two types: intrusive or non-intrusive. 

2.4.1 Intrusive Speech Quality Measures 

Intrusive speech quality measures assume that the clean reference signal is available. We 

will present several classes of these intrusive measures [24] [35] [78] based on the specific 

function used to assess quality. 

SNR type measures 

One relatively simple way to assess the quality of a signal is to estimate its SNR. This 
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is applied to the time domain signal samples as: 

E *2(n) 
SNR = N "-1 (2.65) 

E [x(n) - y(n)]2 

n=l 

where x(n) is the clean speech signal and y(n) is the corrupted signal after enhancement. 

The segmental SNR is an alternative frame-by-frame measure of SNR and is defined 

as [24]: 

M 

SNRseg = JL JT log 
m=l 

JV 

E x\n) 
1 + ^ ^ } (2.66) 

E fc(n) ~ v(n)}2 

7 1 = 1 

where M is the number of frames and iV is the frame length. 

Spectral distance type measures 

In this case, the difference between y(n) and x(n) is measured in a spectral-type do­

main. One popular measure is the perceptual linear prediction (PLP) cepstral distance [24] 

used in the PLP domain and defined as: 

p 

CD = YJ[cx{n)-cv{n)f (2.67) 
n=l 

where cx(n) and cy(n) are the cepstral values of the signals x(n) and y(n) and P is the 

number of the cepstral coefficients. 

Another such measure is the weighted slope spectral (WSS) distance [24] defined as: 

K 

WSS = ̂ 2a* Ksy(k +1)- sv(k)) ~ (s*(k + 1)~ s*(k))}2 (2-68) 
fe=i 

where Sx and Sy is the power spectra of x ,y, respectively, and a is a weighting function, 

which weights spectral peaks higher than the spectral valleys. K is the number of critical 
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bands that is used to calculate the power spectra. In [76], 36 critical bands are used. 

Log spectral distance type measures 

It is well known that the human ear is logarithmic in its response to sounds, i.e., the 

perceived loudness of a sound is proportional to the logarithm of the sound's intensity. 

Thus, the log spectral distance measure has been used to assess the relative quality of the 

signal. 

The log spectral distance [24] is defined as: 

SD = lOlog J ^ J2 ^ f c ) - S*(ktf f <2-69> 

where Sy(k) and Sx(k) are the power spectra of the corrupted and clean speech signal in 

frequency ban k, respectively, fc is the number of the critical bands considered in this mea­

sure. For example, this log spectral distance can also be defined in the Bark frequency scale 

spectrum where k = 24. 

Itakura Distance 

This distortion measure is defined based on the linear prediction of speech. The linear 

predictor estimates the future values of a signal x based on the linear combination of the 

previous samples: 
p 

Xn = y^^CLiXn-j. (2.70) 
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where at is the i LPC coefficient for x(n). The residual total squared error is: 

J V - l N - l 

rc=0 n=0 \ i=l / 
N - l / p 

— / ^ I Xn Z j ^ diXji—iXji ~r y ^ / ^ Qi(ljXn—iXn—j 

P P 

n=0 
N - l 

i= l 

p / N - l 

i=l j=l 

P P ''N-l 

n = 0 i=l \n—0 
P P P 

^n=0 

1=1 j=\ j = l 

• 1 a i a,2 • • • ap 
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# p o Rpi Rp2 

The Itakura distance [64] is defined as: 

GL, Rxd„ 

• • • -Rop 

• • • Rip 

• • • # 2 p 

• • • *Lpp 

- 1 

a i 

«2 

dp 

IS alRxax 

(2.71) 

(2.72) 

^ x^ - 2 ^ ai j ^ x„x„_i j + ^2 ^2 aiai ( ^2 x"-ixn-j ) (2-73) 
/ i=i 3=1 

(2.74) 

(2.75) 

(2.76) 

where dy and a^ are the p x 1 vector of LPC coefficients for the corrupted signal y and 

clean speech signal x, respectively. Rx is the autocorrelation matrix of the clean speech 

signal. d^Rxax is the minimum energy of the linear prediction error when the matrix Rx is 

available. The term d^Rxay is the energy of the prediction error when the corrupted signal 

y is used in place of x to calculate the LPC coefficients calculation. 

The Itakura distance can also be represented in the frequency domain: 

IS 
2n 

(2.77) 
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which measures the difference between the spectral magnitudes of the corrupted and clean 

speech signals. 

Log Likelihood Ratio (LLR) 

The Log Likelihood Ratio (LLR) [6] is defined as: 

/ aT,Rxav \ 
LLR = log 4 - ^ (2.78) 

yaxRxax J 

which is an alternative of the previous Itakura Distance measure. 

All the above traditional objective measures were compared with the subjective MOS 

measure in [24] [28]. The correlation between the objective and subjective measures was 

calculated. Since the quality of speech must be evaluated for intelligibility, background 

noise level and etc., it was concluded that no single measure can be used for all different 

cases. It has been suggested to combine some of these measures into a composite objective 

measure to better assess the quality. 

Other intrusive measures, based on these classical measures, are given in [95] [110]. 

2.4.1.1 Perceptual Evaluation of Speech Quality (PESQ) 

The first standardized measure is found in a competition by ITU-T and adopted as the ITU-

T P.861. It is known as Perceptual Speech Quality Measure (PSQM). It measures the noise 

disturbance density, which is the absolute difference between the perceived loudness and 

reference loudness. It performs poorly with the telephone network, where packet loss and 

variable delay are very common. 

In [110], the subjective loudness is used to evaluate the objective quality. The clean 

(reference) and the corrupted signals are pre-processed with critical-band filtering and the 

spectral energies at each band are perceptually weighted. This weighting process equalizes 
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the loudness at different frequencies. Then the loudness is calculated within each band. 

The mean square error (MSE) of the loudness between the clean and corrupted signals 

is calculated within each band and summarized for all the critical bands. This MSE is 

then normalized by the average loudness of the original speech to form the Bark spectral 

distortion (BSD) measure. This BSD model is later developed to the Perceptual Analysis 

Measurement System (PAMS) by Rix and Hollier [96]. 

From 1998 to 2000, the extended version of PSQM and PAMS were integrated and 

standardized. The combined model is the ITU-T recommendation P.862-the Perceptual 

Evaluation of Speech Quality (PESQ) [15] [97]. It is designed to simulate the human 

auditory system and provide a measure of the speech quality that is closer to the MOS 

score by subjective listening test. This recommendation provides an objective method for 

evaluating the subjective quality of narrow-band handset telephony and narrow band speech 

codec. 

The PESQ compares a reference signal x(m) with a degraded signal y(m), which is 

the result of x(m) passing through a communication system. The PESQ score is based on 

a number of tests that provide a combination of factors such as filtering, variable delay, 

coding distortions and channel errors. It is an algorithm to calculate the average distortion 

over time. The idea of the process is to transform both x(m) and y(m) to an internal 

representation that is similar to the psychoacoustic representation in the human auditory 

system. 

The reference and degraded signal are sampled at either 8 kHz or 16 kHz sampling rate. 

These samples are transformed to the frequency domain using FFT with a Hanning window 

of 32 ms with 50% overlap. Both the reference and degraded signals are aligned in time 

and both signals are brought to the same power level. Auditory transformations are applied 
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to derive the psychoacoustic model of both signals. 

Then the outputs are analyzed to determine the absolute difference between the de­

graded and the reference signals in the perceptual domain. 

The power densities of Ex,wiRSS,n> which represented the power density of reference 

signal x after windowing and intermediate reference system (IRS) filtering, is transformed 

to the loudness domain using Zwicker's law [10]: 

LX(f)n = C • 
E-ThQ,n 

0.5 
n c , n c Ex,WIRSS,n 0.5 + 0.5 -z — 

ErhQ,n 

where ErhQ,n is a pre-defined absolute threshold. 

And the disturbance, which is noted as D(f)n, is derived as: 

(2.79) 

£>(/)„ = LX(f)n - LY(f)n, (2.80) 

where LY(f)n is the loudness representation of the degraded signal in the loudness domain. 

Since humans can only hear differences of sounds above a certain threshold due to the 

masking property of the ear, only differences above this threshold are considered. 

The PESQ integrates the disturbance first over the frequency scale and then averages 

over time. There are two parameters used: the symmetric disturbance (CISYM) and the 

asymmetric disturbance (CLASYM)-

dSYM,n= sJ2(\D(f)n\Wff (2.81) 

and 

dASYM,n = Y, (\DA(f)n\ Wf) (2-»2) 
/ 

where / is summed over the Bark frequency bands, Wf is a constant proportional to the 

width of the Bark frequency bins. DA(f)n is the asymmetric disturbance density that is 
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derived by multiply D(f)n with an asymmetric factor. This asymmetry factor equals the 

ratio of the degraded and reference signal power densities raised to the power of 1.2. If the 

asymmetry factor is less than 3 it is set to zero. If it exceeds 12 it is clipped at that value. 

This factor emphasizes the disturbance of large additive noise compared to the reference 

signal in a time-frequency cell. 

These two parameters, (ISYM and d-ASYM, can provide good accuracy of objective qual­

ity prediction. The MOS prediction in the PESQ standard uses the following mapping 

which is derived by training with sample database [15] [95]: 

PESQMOS = 4.5 - O.ldsvM - 0.0309dASYM- (2.83) 

In other words, the PESQ score is mapped to a MOS-like scale, which is a single number 

within the range of -0.5 to 4.5. 

As shown in [95], the PESQ score is compared to the subjective MOS in the tests of 

correlation coefficients and residual error distribution. The PESQ method clearly outper­

forms the traditional objective measures and the previously used objective speech quality 

assessment models such as the perceptual speech quality measure (PSQM) and the measur­

ing normalized blocks (MNB). The PSQM and the MNB were only recommended for use 

in pure narrow-band codec assessment, while the PESQ can be used for wider range of real 

conditions including filtering, variable delays, coding distortion and channel errors. 

2.4.2 Non-intrusive Speech Quality Measures 

The above methods are intrusive measures in the sense that they require access to the clean 

speech signal to measure the relative quality of the corrupted signal. In some circumstance, 

the clean speech signal is not available. The non-intrusive measures have been proposed 

for these cases. 
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The Auditory Non-Intrusive QUality Estimation (ANIQUE) model is proposed in [75]. 

The speech signal is pre-filtered with cochlear filter-banks. The temporal envelope in each 

band is estimated. The change of the envelope is directly related to the quality of the 

speech. The ANIQUE then takes the envelope and transforms it with Hamming windowing 

and FFT into the "modulation spectrum". The ratio of the modulation spectrum to the noise 

spectrum is called the articulation-to-nonarticulation ratio. The ratios at each frequency and 

at each frame are accumulated to yield a measure of the objective quality of the speech. 

A data mining approach is presented in [116]. The first step is the feature extraction. 

The signal is decomposed to 7 sub-bands and a distortion measure is calculated over time 

and bands. The L2 norm of each measure is called a feature and a total of 209 features 

are available for data mining. The training of the model uses some clean-degraded speech 

pairs and finds the best subset of the features for the quality estimator. Then the speech can 

be evaluated with the estimator using a small subset of the features without need to access 

the clean speech. 

Another non-intrusive model is proposed in [43]. A Gaussian mixture model is used 

to model the PLP (Perceptual Linear Prediction) coefficients of the speech signal. The 

Expectation-maximization algorithm is used to train the model. Then the consistency be­

tween the observation and the model is calculated. The consistency measure is mapped to 

objective MOS using multivariate adaptive regression splines. 

In May of 2004, a non-intrusive objective speech quality measurement algorithm, Single-

Ended Assessment Model (SEAM), was released as ITU-T standard P.563 [11] [97]. This 

standard is the first non-intrusive measurement that estimates the full range of distortions 

to predict the speech quality on a perception-based scale. 

The P.563 begins with the model of the telephone handset and a Voice Activity Detector 
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(VAD) right after. This VAD identifies the speech portion and calculates the speech level. 

The speech is then investigated for three main classes of distortion: vocal tract analysis and 

unnaturalness of speech, analysis of strong additional noise and interruptions, mutes and 

time clipping. 

The vocal tract analysis separates the voice from the non-speech intervals. Then it uses 

higher order statistical analysis to measure how human-like this speech is. The speech 

signal is classified to male and female voices in this section. It is then marked with active 

and non-active intervals by VAD. The active intervals are used to estimate the statistics of 

the speech based on the higher order statistical evaluation of the cepstral and LPC analysis. 

The vocal tract analysis also estimates the periodicity in the signal and rates it, since 

the high periodic tone such as the DTMF signal is a very annoying disturbance. A more 

detailed description of the speech is given by comparing the speech with a pseudo ref­

erence signal generated by a speech enhancer. This comparison is done with P.862 like 

measurement. 

The analysis of the additional noise is very critical. This section decides if the additional 

noise is the main degradation. If yes, the type of the noise is classified as static (noise 

power not correlated with the speech) or dependent (noise power depends on signal power 

envelope. Then the noise parameters are estimated based on different characteristics of the 

noise. 

The P.563 algorithm can detect the interruptions and mutes during the speech. It can 

distinguish the word ends and abnormal signal interruptions as well as unnatural silence 

intervals. All of these are used in the evaluation of the quality. 

Overall, the P.563 algorithm decides a distortion class for the speech intervals. At each 

interval, it evaluate the objective quality according to the distortion class. Then it gives the 
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overall calculation of the objective speech quality. 

2.4.3 Objective Measures for Speech Enhancement in this Thesis 

It has been noticed that PESQ itself is not enough for the evaluation of speech enhance­

ment algorithms. It is also suggested additional measures for assessing noise removal and 

distortion are needed [61]. In this thesis, all three aspects of the enhanced speech will be 

evaluated for comparison. The PESQ is used since it is the most correlated measure to the 

MOS scores. Segmental SNR will be used to measure the residue noise in the enhanced 

signals. Log likelihood ratio will be used to measure the distortion. 

In 2003, ITU-T standardized the methodology for evaluating the noise suppression al­

gorithms [14]. The main reason to develop such a standard is that the speech enhancement 

algorithms usually compromise between two aspects: the noise suppression and the dis­

tortion to the speech. Under such circumstance, the listener can be confused of which one 

should be their focus when evaluate a speech enhancement algorithm. So the ITU-T rec­

ommendation P.835 require the listener to evaluate the speech signal, the background noise 

and the overall quality separately. 

In [61], evaluation of objective measures for speech enhancement is discussed. The 

three quality measures required by ITU-T P.835 can be estimated by the measures presented 

above. The linear approximation can be given by: 

Msig = 3.093 - 1.029 • LLR + 0.603 • PESQ - 0.009 • WSS (2.84) 

Mback = 1.634 + 0.063 • segSNR + 0.478 • PESQ - 0.007 • WSS (2.85) 

Moverall = 1.594 - 0.512 • LLR + 0.805 • PESQ - 0.007 • WSS (2.86) 

where Msig, Mback and Moveraii are the evaluations of the speech signal, the background 
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noise and the overall quality, respectively. Overall, the objective evaluation of speech en­

hancement does not have a standardized measure yet. Further research is currently under­

way. 

2.5 Chapter Summary 

In this Chapter, some basic aspects of speech transformation, speech enhancement, the 

loudness model of speech and speech quality assessment were reviewed. As the PESQ 

is based on the loudness disturbance measure of the speech, it leads us to the design of 

speech enhancement algorithms based on the loudness model of the speech. The objective 

will be to enhance speech in the loudness domain instead of the spectral or time domains. 

In this way, we can derive some algorithms to improve the PESQ score and hence the 

speech quality. We also selected to include other quality measures that assess the noise 

level and the distortion level of the speech signal. The following chapters will investigate 

speech enhancement based on the statistical model and loudness model. The results will be 

evaluated with the P.862 (PESQ scores), segmental SNR and log likelihood ratio. 



Chapter 3 

Recursive Speech Enhancement Based 

on Laplacian-Gaussian Model 

3.1 Introduction 

Most speech enhancement algorithms assume that the speech and noise are independent 

zero mean Gaussian distributed random variables. This assumption has also been applied to 

the coefficients in the transformed domains. The Wiener filtering [31] and Kalman filtering 

have been used under such jointly Gaussian assumptions. 

However, the statistical modeling of speech has been thoroughly discussed in [118], 

where it was shown that the speech coefficients in the transformed domains (Karhunen-

Loeve or Discrete Cosine transforms) are better modelled as zero mean Laplacian random 

variables. Therefore, the noisy speech signal is better represented as a mixture of Laplacian 

and Gaussian random variables. A Bayesian-based speech enhancement algorithms has 

been developed in [118]. The enhancement is achieved by estimating the clean speech 

components from the de-correlated noisy speech components with Minimum Mean Square 
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Error (MMSE) or Maximum Likelihood (ML) estimations. The estimation of the Laplacian 

factor is critical in noisy environments. To avoid the limitations caused by the error in the 

Laplacian factor estimation, a recursive speech enhancement algorithm is proposed next in 

this chapter. 

The rest of this chapter is organized into five sections. First, the proposed speech en­

hancement system structure is given in Section 3.2. This speech enhancement, based on 

Laplacian-Gaussian model [118], is reviewed and evaluated in Section 3.3. The effects of 

the error in the Laplacian factor estimation on the previous speech enhancement algorithm 

are discussed in Section 3.4. The new recursive model is proposed in Section 3.5. Finally, 

conclusions are provided in Section 3.6. 

3.2 Review of Speech Enhancement Employing Laplacian-

Gaussian Model 

In this section, a speech enhancement algorithm [48] [118] based on Laplacian-Gaussian 

Modelling is reviewed. In [47] [117] [118], a Laplacian model is proposed for the Karhunen-

Loeve transform (KLT) components of the speech signals. The noisy speech components 

are viewed as a Laplacian plus Gaussian mixture. The clean speech KLT components 

are then estimated from the mixture based on Bayesian estimation. Finally, the enhanced 

speech is reconstructed with the Inverse KLT of the clean speech KLT estimates. 
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Figure 3.1: The block diagram of the statistical model-based speech enhancement system 

3.2.1 Laplacian-Gaussian Model Based Speech Enhancement Algo­

rithm 

The speech enhancement algorithm in [48] is based on the assumption that the speech signal 

components in the KLT domain have Laplacian distributions as described in [33] [118]. The 

additive noise KLT components are assumed to be Gaussian distributed. 
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The speech enhancement approach is based on a Bayesian estimation of the KLT com­

ponents of clean speech Xi(m) from the noisy speech Y*(m) assuming that the speech 

Laplacian factor ai(m) and the noise variance of (m) are known. Both ai{m) and of (m) 

are estimated using Maximum Likelihood (ML) estimation method. The details will be 

given later. 

Initialize : 

di(0) = 0, (3 = 0.973, 

w(o) = [«,1(o)h(o)|...K(o)] = /Jf, 
(3 is chosen to let the time constant of the following adaptive process to be 10 ms. 

For each time step m do, 

Fori= 1,2, 

end; 

end; 

Yx(m) = Y(m) 

N\(m) <— Read from noise memory 

...,Kdo 

Vi(m) = wf(m - l)Yi(m) 

Ui(m) — wf(m— l)JVj(m) 

di(m) = j3di{m - 1) + \vi(m)\2 

Ei(m) = Yi(m) - Wi(m - l)uj(m) 
V' [771) 

Wi(m) = Wi(m - 1) + Ei(m)-}-—r 
di(m) 

Yi+i(m) = Yi(m) - Wi(m)vi(m) 

Ni+i(m) = Ni(m) - Wi(m)ui(m) 

W(m) — [wi(m)\w2(m)\... \wK(m)] 

Table 3.1: KLT Tracking Algorithm 
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The block diagram of the speech enhancement system [118] is shown in Figure 3.1. 

The analog speech source is first passed through an analog to digital (A/D) converter. Then 

the digitalized signal is fed to a serial to parallel (S/P) converter, in which a rectangular 

window is used to obtain the noisy speech signal vector. This noisy speech vector will be 

noted as y(m). 

The KLT of y(m) is denoted Y(m) with components Yi(m). The PASTd algorithm 

[ 112] is used here to implement the KLT as shown in Table 3.1. The transformation matrix 

is U(m). Y(m), the KLT vector of the noisy speech is then used to estimate the noise and 

speech parameters that define the Laplacian factor of the speech component at (m) and the 

variance of the noise of (m). 

Given that the speech signal includes active intervals as well as noise intervals, a voice 

activity detector is deployed [46] [118]. The Voice Activity Detector separates the silent 

and active speech intervals from the noisy speech, y(m). The samples from the silent 

intervals are stored in a noise memory to estimate of based on the KLT transformation 

matrix U(m) and the reference data from the noise memory. 

Then, the clean speech components are estimated from the speech and noise parame­

ters and the noisy speech Y(m). The details will be described later in this section. The 

enhanced speech vector is then derived as X(m). After the Parallel to Serial (P/S) and 

Digital to Analog (D/A) converters, the enhanced time domain signal x(t) is obtained. 

3.2.2 Speech Signal Modelling 

It was shown that the KLT components of a clean speech signal are better described by a 

Laplacian distribution rather than a Gaussian distribution [33] [117] [118]. Assume that 

the KLT components X^m) have zero-mean Laplacian distribution and are uncorrelated. 
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/x4 , the PDF of Xi(m) is given by: 

/Xl(X<(m)) = ^ ^ e - J ^ 1 , Vi = l,2,...,K, (3.1) 

where a^m) is the ith Laplacian factors for clean speech. 

Assume the values of Xi during a length-Ms period [(m — Ms + 1), m)] are known as 

Xi(m) = [Xi(m), Xi{m - 1 ) , . . . , X,(m - Ms + 1)]T . (3.2) 

To estimate the i th Laplacian factor, a*, the ML Estimate [5] is given by: 

arg 

arg 

arg 

max 

max I 
a, \ 

max 

n 
=(m-Ms+l) 

^ 1 \ M s • 

M 5 log-^ 

1 
-—e 
2a» 

_ j _ 
a, 

_ 

£ 
••(m—Mg 

1 

1 
+i) 

Xi(t)| 

-\ 
(3.3) 

Differentiating the above equation with respect to a* and equating the derivative to zero 

^ = ^-fMslogJ--i £ |*(0| 
den dai I 2 ^ at ^ 

\ t=(m-Afs+l) 

- 1 - 1 m 

= (—-) • 2at • Ms - ( - ^ ) ] T 1X^)1 = 0, (3.4) 
1 t=(m-M s+l) 

we get the ML estimate of a,, 

m 

E l*(*)l 
t = ( m - M s + l ) 

Oi = TT • (-J-5) 

M s 

Equation (3.5) above shows that Laplacian factor a* can be estimated using the moving 

average of \Xi\. In real-time process, we may use a recursive estimate of this average: 

ai(m) = & « . ( « - 1) + (1 - Px) |X«(m)|. (3.6) 
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where j3x = M^~l• 0-$) requires only two multiplications and one addition at each time 

step. In our simulations, fix is chosen to set the time constant of above adaptive process to 

10 ms because speech is generally considered to be stationary in 20-40 ms intervals. 

Note that a* in (3.5) is an estimate of the expected value of |Xj(m)|. Because we 

cannot access the real value of Xi(m) during the process, we need to find a substitute for 

\Xi(m)\. Note that the added noise N is zero mean, independent of the speech signal and 

has a Gaussian distribution. So we may use |V^(m)| as a substitute of |Xj(m)| in (3.6), 

where Y^m) is the noisy speech component corresponding to Xi(m). This assumption is 

reasonable when the SNR is high. 

3.2.3 Noise Signal Modelling 

It is generally assumed that practical additive noise has a Gaussian PDF. Assume that the 

noise components along each eigenvector pNt{Ni) has a Gaussian PDF: 

i -4 
pNi{Ni) = - = = e ^ (3.7) 

and that the successive samples of JVj(m), during time interval between (m — MN +1) and 

m, are independent and the variation of their variances are very small. In this case, the ML 

Estimation [5] of of is given by: 

Nht) 

a; = argmax J ] - ^ = _ 2 . 
' t=(m-MN+l) -i) y/z™? 

( 1 \MN -& £ *?« 
are max e " = K M » + 1 ) 

of \V^fJ 
arg max MNI . | - —^ V N?(t) . 
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Differentiating the above equation with respect to a~ and setting the result to zero 

1 t= (m-Mjv+l ) 

= 0, (3.8) 

we get the ML estimate of of, 

m 

E m) 
„2 t={m-MN+l) 
ai = wN • ( 3-9 ) 

Thus, the noise variance of can be estimated as the moving average of Nf. Again, this 

average can be estimated recursively as: 

af(m) = pNa?{m - 1) + (1 - (3N)\Ni(m)\2. (3.10) 

where fiN = M^1 • In our simulations, /?jv is chosen to set the time constant of the above 

adaptive process to be 0.5 second, in which the variation of noise variance can be assumed 

to be negligible. 

3.2.4 Estimation of Clean Speech Components 

As the KLT components can be assumed to be uncorrected, we first consider just one com­

ponent. We drop the time index m and component index i for simplicity for the remaining 

of this subsection. The main objective of this part is to estimate the clean speech compo­

nent X from the noisy speech component Y in the KLT domain when the speech is active. 

In this case 

Y = X + N, (3.11) 
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where 

and 

MX) = he~^' (3,12) 

MN)=V2^e~*'- (3-13) 

Assuming that speech component X and noise component N are independent, the joint 

distribution [4] of X and Y is given by 

1 |X| |y-x|2 

/x,Y(X,y) = 0 /—-e--—s^-. (3.14) 

To estimate the speech component X, we use the MMSE (Minimum Mean Square 

Error) Estimation or ML (Maximum Likelihood) Estimation [5] described below. 

The MMSE estimate of X [118] can be derived as a function with three inputs Y, a2 

and a as following: 

M M S E : X = E{X\Y} 

= Jxfx{Y(X\Y)dX 

(Y + <d) e ^ e r f c (*Z±f) + (V - <*•) e ^ e r f c (=%¥) 

e^+^erfc f ^ ^ l + e ^ ' ^ e r f c f=*£#£) 

(3.15) 

where erfc(x) is the complementary error function: 

/•oo 

erfc(s) = / exp(-t2)dt. (3.16) 
J X 
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If we let f = ^ and ip — f?, the above equation can be simplified to 

M M S E : X = E{X\Y} 

= JxfxlY(X\Y)dX 

= a 
(g + VO el^erfc ( % ) + (g - V>) e*^erfc ( f f i ) 

(3.17) 

While ML Estimation of X is [118]: 

M L : X = axgmax/Y |X(y|A') 
x 

&rgmaxfx,Y(X,Y) 

\X\ 
are; mm 

x + 

= < 

Y-sl 

0 

| y -x | 
2a2 

y > 21 

1̂1 < ^ (3.18) 

y + 2; y < _2 i 
o — a 

The relationship between these two estimates is shown in Figure 3.2. We find that both 

will be similar for \Y\ > 2—, i.e., high instantaneous SNR. At low instantaneous SNRs, the 

ML tends to be more aggressive in noise reduction and possibly result in more distortion to 

the speech. 
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Figure 3.2: Comparison of the MMSE and ML approach 

3.3 Experimental Results 

3.3.1 KLT-based Speech Enhancement [118] 

The test results while applying KLT transformation are shown in Table 3.2. The speech 

algorithm based on the Wiener filter [94] will be used here for comparison. The frame 

length used for testing is 80 samples which is 10 ms of speech signals. The KLT is derived 

base on the PASTd algorithm [112]. We estimated the Laplacian factor with the noisy 

speech (SE in [118]) and the clean speech signals (Ideal SE in [118]). 

We can see that the KLT approach with MMSE improves the speech quality (as mea­

sured by the PESQ) by 0.19-0.28 for female and 0.01-0.11 for male. The improvement is 
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Speech 
Type 

Female 

Male 

SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 

1.15 
1.45 
1.82 
2.24 
2.63 
1.40 
1.59 
1.84 
2.14 
2.49 

PESQ Improvement 
SEin 

MMSE 
+0.19 
+0.28 
+0.28 
+0.23 
+0.18 
+0.01 
+0.02 
+0.07 
+0.10 
+0.11 

[118] 
ML 

+0.21 
+0.33 
+0.32 
+0.21 
+0.14 
-0.20 
-0.04 
+0.05 
+0.05 
+0.11 

Ideal SEin [118] 
MMSE 
-0.06 
+0.16 
+ 0.20 
+0.18 
+0.17 
-0.35 
-0.09 
-0.01 
+0.06 
+0.09 

ML 
-0.46 
-0.13 
-0.06 
+0.02 
+0.05 
-1.04 
-0.77 
-0.33 
-0.08 
+0.08 

SE with 
Wiener Filter 

+0.20 
+0.33 
+0.30 
+0.20 
+0.14 
-0.27 
-0.05 
+0.03 
+0.06 
+0.11 

Table 3.2: Comparison of PESQ improvements of input and enhanced signals for KLT-
based approaches 

relatively lower for very low SNRs. We can see that even though the SNRs were improved 

as shown in [118], the algorithm did not improve the PESQ values for some of the male 

speech cases. This is due to the fact that the KLT is a data-dependent transform and the 

data is noise-corrupted. So the KLT transformation matrix itself will be effected by the 

additive noise and the time-variation of the speech signal, especially for the low SNR case. 

When the additive noise energy is comparable to the speech signal, the performance of this 

enhancement algorithm will be degraded. With the ideal estimation of the Laplacian factor, 

the enhanced speech contains less noise. At the same time, the enhanced speech is more 

likely to be distorted. This distortion becomes even more problematic with KLT since the 

KLT is data-dependent and time varying. This leads us to test the same algorithm with 

data-independent DCT transform. 
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3.3.2 DCT-basedSE 

The speech enhancement algorithm described in the previous section can be modified by 

using the DCT instead of the KLT. It is computationally-efficient and it can whiten an au-

toregressive signal (e.g. speech) almost as well as KLT, if the data size is large enough [62]. 

The major advantage of DCT over KLT is that DCT has the data-independent transforma­

tion basis, while the KLT basis is data-dependent and time-varying with the non-stationary 

speech signals. This reduces the complexity of calculating the transforming matrix signif­

icantly and also makes the transformation independent of the noise. The test results with 

DCT transformation are shown in Table 3.3 and 3.4. The speech enhancement algorithm 

based on the Wiener filter [94] will be used here for comparison. 

Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.15 
1.45 
1.82 
2.24 
2.63 

PESQ Improvement 
SEin[118] 

ML 
+0.31 
+0.41 
+0.40 
+0.36 
+0.35 

MMSE 
+0.22 
+0.29 
+0.31 
+0.29 
+0.29 

Ideal SE in [118] 
ML 

+0.58 
+0.50 
+0.48 
+0.52 
+0.51 

MMSE 
+0.73 
+0.85 
+0.75 
+0.62 
+0.47 

SE with 
Wiener filter 

+0.42 
+0.49 
+0.47 
+0.41 
+0.39 

Table 3.3: Comparison of PESQ improvements for DCT-based approaches (Female speech) 

Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.40 
1.59 
1.84 
2.14 
2.49 

PESQ Improvement 
SEin[118] 

ML 
+0.14 
+0.23 
+0.34 
+0.37 
+0.35 

MMSE 
+0.10 
+0.14 
+0.23 
+0.27 
+0.27 

Ideal SE in [118] 
ML 

+0.05 
+0.30 
+0.40 
+0.47 
+0.51 

MMSE 
+0.17 
+0.67 
+0.71 
+0.64 
+0.52 

SE with 
Wiener filter 

+0.17 
+0.29 
+0.41 
+0.42 
+0.39 

Table 3.4: Comparison of PESQ improvements for DCT-based approaches (Male speech) 

From Table 3.3, we can clearly see that this speech enhancement algorithm improves the 
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speech quality for each case compared to the unprocessed noisy signal. By comparing with 

Table 3.2, the DCT leads to better performance of enhancement than the KLT. However this 

DCT-based algorithm does not outperform the Wiener filter approach. The main reason for 

this result is the error in the estimation of the Laplacian factor resulting from the use of the 

noisy signal instead of the actual clean speech. To isolate the effect of the Laplacian factor 

estimation, the 'Ideal SE' columns of the Tables 3.3 and 3.4 show the results of the same 

experiment using the actual Laplacian factor obtained from the clean signals. We can see 

that the use of an exact Laplacian factor with MMSE estimation clearly outperforms the 

Wiener filter approach. And the ML estimation also outperforms the Wiener filter approach 

in high SNR cases. Thus in the next section, we will try to improve the estimation of the 

Laplacian factor in order to improve the overall performance of this speech enhancement 

algorithm. 

Table 3.5 shows an example of the Mean Squared Error (MSE) of the noisy and en­

hanced speech compared to the clean speech. Since the enhanced signal generally has 

smaller MSE value, it can provide a better reference for the Laplacian factor estimation 

than the noisy signal itself, hence improving the performance of the speech enhancement. 

This leads to the new contribution of this chapter - recursive estimation of the Laplacian 

factor. This approach will be discussed later in this chapter. 

Input 
SNR 
OdB 
5dB 
10dB 
15dB 
20dB 

Input 
Signal 
0.14 
0.08 
0.04 
0.03 
0.01 

SEin[118] 
ML 
0.07 
0.05 
0.03 
0.02 
0.02 

MMSE 
0.08 
0.05 
0.03 
0.02 
0.02 

Ideal SE in [118] 
ML 
0.05 
0.04 
0.03 
0.02 
0.02 

MMSE 
0.06 
0.04 
0.03 
0.02 
0.02 

SE with 
Wiener filter 

0.07 
0.05 
0.03 
0.02 
0.02 

Table 3.5: Comparison of MSE values for different approaches 
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3.3.3 Complexity of the algorithm 

The computational complexity of the whole system is the combination of the cost of the 

transformation and the enhancement. For the transformation, the computational complexity 

of DCT and IDCT is of the order of K\og2 (K), where the K is the length of the input 

vector. The computational complexity of the KLT is of the order AKr + 0(r), where r is 

the number of eigenvectors of the covariance matrix of clean speech signal X [112]. 

The complexity of the speech enhancement algorithm is described next. We only in­

clude computations other than adding or subtraction. From (3.18), the ML based algorithm 

only needs one additional division per component. However, for the MMSE based algo­

rithm as in (3.17), we need 6 multiplications, 4 divisions, 2 square roots, 2 exponential, and 

2 'erfc' functions for each component. It should be noted that for KLT, fewer components 

are generally needed due to the reduced correlation between the components. 

3.4 Relationship between Laplacian Factor Estimation and 

Speech Enhancement 

The variance of the Gaussian factor of the noise signal can be estimated within the silent 

intervals (noise only) of the speech signal. On the other hand, the speech signal is always 

corrupted by the noise signal. Hence the Laplacian factor of the speech components cannot 

be estimated from the speech signal directly. In the previous section, the Laplacian fac­

tor was estimated with noisy speech signals. This becomes problematic for the enhanced 

signals, especially when the SNR is low. 

Assuming we are still considering one DCT component, Figure 3.3 shows the effect 

of the estimation error of the parameters on the enhanced speech. The x-axis is the noisy 
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speech Y and the y-axis is the enhanced speech X, both in the transformed domain. The 

speech enhancement algorithms applied here are ML and MMSE approaches presented in 

the previous Section 3.2. As we can see from Equation (3.17), this enhancement algorithm 

was mainly controlled by the value of a2/a, which is denoted by Th in Figure 3.3. Assume 

that the Thi is the ideal value from the clean speech signal and Th2 is the estimated value 

from the noisy speech signal. The a is over-estimated by using Y instead of X due to the 

extra N term. So the Th2 is smaller than Th\ under such circumstances. 

X 

o 
CD 
CD 
CL 

CO 
"O 
0) 
o 
c 
c 

LU 

0 

ML 

Without 
enhancement ' 

(th2)0)(th i ;0) 

MMSE 

Noisy Speech Y 
Figure 3.3: The effect of Laplacian factor estimation error 

In Figure 3.3, the solid line through the origin represents the no-enhancement case. The 

two other solid curves present the case of speech enhancement controlled by the ideal factor 

Th\. The two dashed curves are controlled by the estimated factor Th2- For the proposed 

Laplacian estimation, Th2 is generally smaller than ThY. 
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Clearly, using Th\ will cut more of the noisy speech component than using Th2. The 

ideal approach (with Th\) will be the best estimation of the Laplacian factor, in the math­

ematical ML or MMSE sense. However, it should be noted that the ideal case may not 

necessarily correspond to the best quality of enhancement, given that the quality of the en­

hanced signal is determined by not only the level of noise removal, but also the distortion 

of the enhanced speech from the clean speech. 

3.5 Proposed Recursive Laplacian Factor Estimation and 

Speech Enhancement 

As we have shown in the previous section, the enhanced speech signal will have a smaller 

MSE compared to the clean speech signal than the noisy signal. In this section, a new im­

provement of the previous speech enhancement algorithm will be introduced. We propose 

to use the enhanced speech signal as reference signal for the estimation of the Laplacian 

factor, which is then used to further enhance the original signal. Since the enhanced sig­

nal is expected to have a better estimate of the Laplacian factor, this improved estimate is 

expected to result in a further improved enhanced signal. 

The recursive estimation is done as follows: the output signal of the previous iteration 

is used as the reference signal to estimate the Laplacian factor for the next iteration. As 

shown, the ML estimation is computational more efficient, while the MMSE estimation is 

more accurate in the MMSE sense. Thus the enhanced speech from ML estimation can 

be used for ML estimation at the subsequent iteration to maintain the computationally effi­

ciency and remove the noise faster. Alternatively, enhanced speech from MMSE estimation 

approaches is used for MMSE estimation in subsequent iterations to achieve lower MSE. 
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A combination of these approaches is also possible: ML estimation is applied for the first 

several iterations for quick removal of the noise and computationally efficiency, followed 

by an iteration of MMSE estimation to achieve lower MSE. 

The performance based on this recursive estimation of the Laplacian factor is compared 

with the approach based on Wiener filter [94] and the results using ideal Laplacian factor 

estimation, which is directly obtained from the clean speech signal. These results are given 

in Tables 3.6 to 3.11 for different number of iterations in the recursive estimation of the 

Laplacian factor. 

Tables 3.6 to 3.11 also provide the PESQ values of the input speech (noisy speech) and 

the PESQ score improvements for each enhanced speech are listed. All the improvements 

are compared to the scores of input speech. We also give the score improvements with 

Wiener filter approach for comparison. To complete the quality assessment of the enhanced 

speech, Tables 3.12 to 3.17 give the segmental SNR values of the noisy and enhanced 

speeches and Tables 3.18 to 3.23 give the Log Likelihood Ratio (LLR) values of the noisy 

and enhanced speeches. In all Tables 3.6 to 3.23, the "Ideal SE" refers to results using 

the clean speech for the Laplacian factor estimation. The column "ML after ML(s)" and 

"MMSE after MMSE(s)" refer to the case when all the iterations are based on the ML and 

MMSE approaches, respectively. The column "MMSE after ML(s)" refers to the case when 

all the iterations are ML except for the last iteration which is MMSE. 

In Tables 3.24 and 3.25, we compare all the quality measures as well as the remaining 

energy in the enhanced speech after each iteration for the female speech 3. The remaining 

energy after each iteration is compared to the energy of the clean speech signal. When the 

remaining energy is more than 100% of the energy of clean speech, the parameter a tends 

to be over-estimated, and vice versa. 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
PESQ 
1.36 

1.64 

1.93 

2.32 

2.67 

PESQ Improvement 
SEin[118] 

ML 
after ML(s) 

+0.20 
+0.30 
+0.32 
+0.21 
+0.04 
-0.06 
+0.41 
+0.29 
+0.43 
+0.38 
+0.26 
+0.20 
+0.13 
+0.37 
+0.35 
+0.46 
+0.47 
+0.43 
+0.39 
+0.36 
+0.55 
+0.37 
+0.47 
+0.48 
+0.44 
+0.38 
+0.33 
+0.55 
+0.35 
+0.45 
+0.49 
+0.46 
+0.44 
+0.43 
+0.53 

MMSE 
after ML(s) 

+0.27 
+0.36 
+0.40 
+0.36 
+0.23 

+0.38 
+0.46 
+0.48 
+0.37 
+0.26 

+0.42 
+0.49 
+0.51 
+0.47 
+0.44 

+0.42 
+0.49 
+0.49 
+0.47 
+0.43 

+0.39 
+0.46 
+0.47 
+0.46 
+0.45 

MMSE 
after MMSE(s) 

+0.16 
+0.25 
+0.32 
+0.39 
+0.38 
+0.27 
+0.69 
+0.21 
+0.35 
+0.44 
+0.48 
+0.42 
+0.29 
+0.69 
+0.26 
+0.40 
+0.47 
+0.50 
+0.48 
+0.45 
+0.68 
+0.30 
+0.41 
+0.46 
+0.48 
+0.48 
+0.45 
+0.63 
+0.27 
+0.37 
+0.43 
+0.46 
+0.46 
+0.45 
+0.56 

SE with 
Wiener 

filter 
+0.21 

+0.31 

+0.37 

+0.37 

+0.34 

Table 3.6: Evaluation of recursive speech enhancement approaches: PESQ (Female Speech 

1) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
PESQ 
1.60 

1.87 

2.17 

2.44 

2.73 

PESQ Improvement 
SEin[118] 

ML 
after ML(s) 

+0.20 
+0.27 
+0.25 
+0.10 
+0.05 
-0.16 
+0.32 
+0.27 
+0.31 
+0.28 
+0.03 
-0.20 
-0.27 
+0.37 
+0.31 
+0.40 
+0.33 
+0.04 
-0.22 
-0.34 
+0.43 
+0.30 
+0.40 
+0.33 
+0.20 
+0.11 
+0.01 
+0.41 
+0.27 
+0.42 
+0.37 
+0.28 
+0.23 
+0.20 
+0.33 

MMSE 
after ML(s) 

+0.28 
+0.34 
+0.35 
+0.15 
+0.00 

+0.32 
+0.35 
+0.31 
+0.13 
-0.05 

+0.37 
+0.43 
+0.38 
+0.15 
-0.07 

+0.37 
+0.43 
+0.35 
+0.23 
+0.13 

+0.36 
+0.41 
+0.35 
+0.29 
+0.25 

MMSE 
after MMSE(s) 

+0.17 
+0.26 
+0.32 
+0.34 
+0.25 
+0.07 
+0.50 
+0.21 
+0.30 
+0.34 
+0.34 
+0.19 
+0.00 
+0.49 
+0.22 
+0.34 
+0.41 
+0.42 
+0.25 
+0.00 
+0.45 
+0.23 
+0.34 
+0.41 
+0.39 
+0.28 
+0.19 
+0.46 
+0.23 
+0.34 
+0.39 
+0.38 
+0.30 
+0.25 
+0.42 

SE with 
Wiener 

filter 
+0.22 

+0.28 

+0.32 

+0.31 

+0.28 

Table 3.7: Evaluation of recursive speech enhancement approaches: PESQ (Female Speech 
2) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
PESQ 
1.25 

1.60 

1.96 

2.33 

2.70 

PESQ Improvement 
SEin[118] 

ML 
after ML(s) 

+0.34 
+0.47 
+0.48 
+0.35 
+0.16 
+0.06 
+0.37 
+0.39 
+0.53 
+0.47 
+0.27 
+0.10 
-0.02 
+0.41 
+0.40 
+0.54 
+0.51 
+0.32 
+0.17 
+0.11 
+0.48 
+0.43 
+0.52 
+0.55 
+0.54 
+0.51 
+0.49 
+0.63 
+0.39 
+0.49 
+0.51 
+0.51 
+0.50 
+0.48 
+0.58 

MMSE 
after ML(s) 

+0.44 
+0.54 
+0.58 
+0.49 
+0.27 

+0.49 
+0.57 
+0.56 
+0.40 
+0.19 

+0.49 
+0.55 
+0.52 
+0.45 
+0.33 

+0.47 
+0.53 
+0.55 
+0.55 
+0.53 

+0.40 
+0.46 
+0.46 
+0.45 
+0.44 

MMSE 
after MMSE(s) 

+0.26 
+0.41 
+0.52 
+0.59 
+0.53 
+0.33 
+0.64 
+0.30 
+0.46 
+0.54 
+0.57 
+0.51 
+0.25 
+0.70 
+0.29 
+0.46 
+0.54 
+0.54 
+0.49 
+0.39 
+0.69 
+0.33 
+0.44 
+0.51 
+0.54 
+0.54 
+0.54 
+0.70 
+0.30 
+0.38 
+0.43 
+0.44 
+0.44 
+0.43 
+0.62 

SE with 
Wiener 

filter 
+0.35 

+0.41 

+0.41 

+0.43 

+0.38 

Table 3.8: Evaluation of recursive speech enhancement approaches: PESQ (Female Speech 
3) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
PESQ 
1.39 

1.57 

1.83 

2.15 

2.49 

PESQ Improvement 
SEin[118] 

ML 
after ML(s) 

+0.12 
+0.25 
+0.32 
+0.23 
+0.14 
+0.00 
+0.27 
+0.26 
+0.43 
+0.47 
+0.36 
+0.24 
+0.17 
+0.38 
+0.36 
+0.52 
+0.49 
+0.36 
+0.22 
+0.14 
+0.47 
+0.37 
+0.49 
+0.47 
+0.39 
+0.29 
+0.25 
+0.50 
+0.38 
+0.50 
+0.48 
+0.44 
+0.38 
+0.32 
+0.46 

MMSE 
after ML(s) 

+0.20 
+0.32 
+0.41 
+0.35 
+0.24 

+0.35 
+0.48 
+0.54 
+0.51 
+0.42 

+0.45 
+0.56 
+0.56 
+0.43 
+0.32 

+0.46 
+0.52 
+0.51 
+0.46 
+0.40 

+0.48 
+0.52 
+0.51 
+0.48 
+0.42 

MMSE 
after MMSE(s) 

+0.08 
+0.17 
+0.28 
+0.40 
+0.39 
+0.27 
+0.70 
+0.16 
+0.31 
+0.44 
+0.52 
+0.52 
+0.46 
+0.71 
+0.25 
+0.42 
+0.53 
+0.57 
+0.49 
+0.35 
+0.68 
+0.30 
+0.43 
+0.51 
+0.53 
+0.50 
+0.42 
+0.63 
+0.31 
+0.45 
+0.52 
+0.52 
+0.49 
+0.46 
+0.53 

SE with 
Wiener 

filter 
+0.14 

+0.27 

+0.37 

+0.39 

+0.39 

Table 3.9: Evaluation of recursive speech enhancement approaches: PESQ (Male Speech 

1) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
PESQ 
1.63 

1.95 

2.29 

2.68 

3.11 

PESQ Improvement 
SEin[118 

ML 
after ML(s) 

+0.23 
+0.34 
+0.42 
+0.32 
+0.15 
+0.09 
+0.33 
+0.28 
+0.37 
+0.32 
+0.27 
+0.07 
+0.06 
+0.29 
+0.35 
+0.42 
+0.36 
+0.28 
+0.14 
-0.00 
+0.41 
+0.36 
+0.39 
+0.36 
+0.27 
+0.19 
+0.14 
+0.37 
+0.21 
+0.27 
+0.19 
+0.13 
+0.10 
+0.07 
+0.17 

MMSE 
after ML(s) 

+0.29 
+0.41 
+0.49 
+0.43 
+0.34 

+0.36 
+0.45 
+0.41 
+0.33 
+0.18 

+0.41 
+0.44 
+0.43 
+0.35 
+0.25 

+0.40 
+0.42 
+0.41 
+0.35 
+0.30 

+0.25 
+0.25 
+0.23 
+0.12 
+0.10 

MMSE 
after MMSE(s) 

+0.17 
+0.27 
+0.37 
+0.47 
+0.46 
+0.42 
+0.75 
+0.21 
+0.33 
+0.41 
+0.41 
+0.37 
+0.24 
+0.68 
+0.28 
+0.39 
+0.43 
+0.45 
+0.40 
+0.29 
+0.63 
+0.32 
+0.40 
+0.41 
+0.41 
+0.38 
+0.33 
+0.57 
+0.22 
+0.24 
+0.25 
+0.24 
+0.22 
+0.11 
+0.36 

SE with 
Wiener 

filter 
+0.24 

+0.28 

+0.37 

+0.38 

+0.18 

Table 3.10: Evaluation of recursive speech enhancement approaches: PESQ (Male Speech 
2) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
PESQ 
1.35 

1.70 

2.06 

2.47 

2.84 

PESQ Improvement 
SEin[118 

ML 
after ML(s) 

+0.32 
+0.45 
+0.46 
+0.22 
+0.14 
+0.08 
+0.47 
+0.36 
+0.50 
+0.47 
+0.36 
+0.25 
+0.12 
+0.50 
+0.40 
+0.50 
+0.42 
+0.26 
+0.10 
+0.06 
+0.52 
+0.44 
+0.52 
+0.52 
+0.44 
+0.34 
+0.30 
+0.49 
+0.37 
+0.41 
+0.40 
+0.37 
+0.35 
+0.32 
+0.41 

MMSE 
after ML(s) 

+0.42 
+0.55 
+0.59 
+0.49 
+0.31 

+0.47 
+0.59 
+0.56 
+0.46 
+0.28 

+0.49 
+0.54 
+0.48 
+0.36 
+0.24 

+0.48 
+0.53 
+0.52 
+0.44 
+0.38 

+0.40 
+0.41 
+0.39 
+0.38 
+0.36 

MMSE 
after MMSE(s) 

+0.240 
+0.39 
+0.49 
+0.56 
+0.46 
+0.36 
+0.92 
+0.28 
+0.43 
+0.56 
+0.59 
+0.52 
+0.30 
+0.81 
+0.31 
+0.44 
+0.53 
+0.52 
+0.40 
+0.27 
+0.71 
+0.34 
+0.46 
+0.51 
+0.52 
+0.48 
+0.41 
+0.60 
+0.29 
+0.38 
+0.40 
+0.40 
+0.38 
+0.37 
+0.47 

SE with 
Wiener 

filter 
+0.34 

+0.38 

+0.42 

+0.42 

+0.34 

Table 3.11: Evaluation of recursive speech enhancement approaches: PESQ (Male Speech 
3) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 

SegSNR 
-6.56 

-1.56 

3.44 

8.44 

13.44 

Segmental SNR 
SEin[118] 

ML 
after ML(s) 

-1.97 
-0.01 
1.08 
1.69 
2.11 
2.32 
2.85 
2.36 
3.81 
4.51 
4.92 
5.18 
5.32 
6.09 
6.61 
7.48 
7.88 
8.07 
8.21 
8.28 
9.15 
10.86 
11.33 
11.49 
11.58 
11.62 
11.64 
12.46 
15.07 
15.25 
15.30 
15.27 
15.25 
15.27 
15.67 

MMSE 
after ML(s) 

-0.72 
0.76 
1.61 
2.15 
2.44 

3.38 
4.41 
4.99 
5.33 
5.51 

7.35 
7.97 
8.27 
8.47 
8.56 

11.39 
11.71 
11.86 
11.92 
11.95 

15.44 
15.58 
15.62 
15.62 
15.63 

MMSE 
after MMSE(s) 

-2.98 
-1.48 
-0.60 
-0.02 
0.46 
0.80 
1.53 
1.61 
2.83 
3.49 
3.90 
4.22 
4.45 
5.24 
6.14 
7.01 
7.43 
7.68 
7.86 
7.99 
8.77 
10.61 
11.19 
11.43 
11.57 
11.66 
11.71 
12.36 
15.03 
15.35 
15.47 
15.53 
15.56 
15.60 
15.74 

SE with 
Wiener 

filter 
-1.73 

2.56 

6.78 

10.97 

15.17 

Table 3.12: Evaluation of recursive speech enhancement approaches: Segmental SNR (Fe­
male Speech 1) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 

SegSNR 
-11.78 

-6.78 

-1.78 

3.22 

8.22 

Segmental SNR 
SEin [118] 

ML 
after ML(s) 

-7.24 
-5.10 
-3.71 
-2.59 
-1.74 
-1.15 
-1.57 
-2.77 
-1.01 
0.11 
0.92 
1.58 
2.00 
1.69 
1.73 
2.90 
3.58 
4.09 
4.43 
4.76 
5.07 
6.02 
6.87 
7.35 
7.72 
7.93 
8.08 
8.54 
10.35 
10.83 
11.09 
11.28 
11.39 
11.47 
11.69 

MMSE 
after ML(s) 

-5.93 
-4.25 
-2.97 
-2.01 
-1.42 

-1.60 
-0.25 
0.69 
1.43 
1.94 

2.58 
3.46 
4.05 
4.47 
4.81 

6.70 
7.35 
7.77 
8.02 
8.20 

10.82 
11.20 
11.46 
11.61 
11.70 

MMSE 
after MMSE(s) 

-8.25 
-6.72 
-5.82 
-5.11 
-4.55 
-4.12 
-3.38 
-3.57 
-2.23 
-1.48 
-1.00 
-0.62 
-0.35 
0.43 
1.13 
2.12 
2.62 
2.99 
3.23 
3.43 
4.27 
5.63 
6.37 
6.74 
6.99 
7.18 
7.33 
7.95 
10.14 
10.59 
10.82 
10.98 
11.10 
11.18 
11.36 

SE with 
Wiener 

filter 
-7.01 

-2.57 

1.90 

6.15 

10.43 

Table 3.13: Evaluation of recursive speech enhancement approaches: Segmental SNR (Fe­
male Speech 2) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
10dB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 

SegSNR 
-6.76 

-1.76 

3.24 

8.24 

13.24 

Segmental SNR 
SEin[118] 

ML 
after ML(s) 

-2.58 
-0.88 
0.15 
0.82 
1.39 
1.68 
1.95 
1.93 
3.29 
3.99 
4.36 
4.67 
4.85 
5.40 
6.38 
7.29 
7.75 
8.05 
8.22 
8.32 
8.96 
10.63 
11.08 
11.27 
11.36 
11.47 
11.51 
12.22 
15.01 
15.26 
15.33 
15.33 
15.35 
15.35 
15.76 

MMSE 
after ML(s) 

-1.45 
-0.12 
0.72 
1.33 
1.74 

2.91 
3.88 
4.42 
4.77 
5.01 

7.09 
7.72 
8.10 
8.34 
8.45 

11.12 
11.45 
11.58 
11.69 
11.75 

15.34 
15.54 
15.58 
15.62 
15.63 

MMSE 
after MMSE(s) 

-3.41 
-2.09 
-1.32 
-0.83 
-0.46 
-0.17 
0.80 
1.28 
2.41 
2.97 
3.29 
3.55 
3.79 
4.68 
5.90 
6.73 
7.10 
7.33 
7.51 
7.59 
8.53 
10.39 
10.93 
11.15 
11.25 
11.34 
11.39 
12.09 
14.90 
15.23 
15.39 
15.42 
15.47 
15.49 
15.74 

SE with 
Wiener 

filter 
-2.36 

2.11 

6.51 

10.73 

15.05 

Table 3.14: Evaluation of recursive speech enhancement approaches: Segmental SNR (Fe­
male Speech 3) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 

SegSNR 
-6.30 

-1.30 

3.70 

8.70 

13.70 

Segmental SNR 
SEin[118] 

ML 
after ML(s) 

-1.74 
0.25 
1.44 
2.26 
2.83 
3.21 
3.37 
2.86 
4.59 
5.53 
6.14 
6.48 
6.71 
6.77 
7.23 
8.48 
9.17 
9.51 
9.70 
9.89 
9.98 
11.59 
12.36 
12.74 
12.93 
13.04 
13.11 
13.32 
15.92 
16.30 
16.43 
16.46 
16.48 
16.51 
16.67 

MMSE 
after ML(s) 

-0.48 
1.06 
2.10 
2.81 
3.25 

4.00 
5.28 
6.07 
6.55 
6.83 

8.13 
9.06 
9.55 
9.83 
10.03 

12.24 
12.82 
13.10 
13.26 
13.34 

16.38 
16.65 
16.74 
16.78 
16.82 

MMSE 
after MMSE(s) 

-2.75 
-1.26 
-0.36 
0.26 
0.77 
1.18 
1.87 
1.98 
3.32 
4.08 
4.61 
5.02 
5.34 
5.66 
6.59 
7.66 
8.24 
8.57 
8.82 
9.02 
9.06 
11.16 
11.92 
12.33 
12.53 
12.68 
12.80 
13.04 
15.70 
16.20 
16.41 
16.51 
16.59 
16.63 
16.61 

SE with 
Wiener 

filter 
-1.48 

3.10 

7.41 

11.73 

16.02 

Table 3.15: Evaluation of recursive speech enhancement approaches: Segmental SNR 
(Male Speech 1) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 

SegSNR 
-5.94 

-0.94 

4.06 

9.06 

14.06 

Segmental SNR 
SEin[118] 

ML 
after ML(s) 

-2.12 
-0.57 
0.23 
0.92 
1.55 
1.74 
1.67 
2.28 
3.26 
3.80 
4.05 
4.31 
4.49 
5.03 
6.67 
7.36 
7.75 
8.02 
8.04 
8.11 
8.79 
10.87 
11.18 
11.27 
11.40 
11.45 
11.41 
12.19 
15.27 
15.38 
15.35 
15.36 
15.39 
15.37 
15.89 

MMSE 
after ML(s) 

-1.04 
0.03 
0.77 
1.37 
1.71 

3.05 
3.78 
4.16 
4.43 
4.63 

7.31 
7.87 
8.21 
8.30 
8.39 

11.33 
11.50 
11.64 
11.71 
11.73 

15.57 
15.63 
15.66 
15.68 
15.68 

MMSE 
after MMSE(s) 

-2.80 
-1.60 
-1.01 
-0.56 
-0.30 
-0.06 
0.85 
1.78 
2.65 
3.09 
3.30 
3.50 
3.66 
4.60 
6.37 
7.04 
7.37 
7.55 
7.65 
7.76 
8.54 
10.81 
11.20 
11.32 
11.43 
11.48 
11.50 
12.22 
15.32 
15.52 
15.55 
15.59 
15.61 
15.61 
15.98 

SE with 
Wiener 

filter 
-1.94 

2.41 

6.79 

10.95 

15.31 

Table 3.16: Evaluation of recursive speech enhancement approaches: Segmental SNR 
(Male Speech 2) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 

SegSNR 
-7.87 

-2.87 

2.13 

7.13 

12.13 

Segmental SNR 
SEin[118] 

ML 
after ML(s) 

-3.61 
-1.85 
-0.79 
-0.05 
0.44 
0.67 
1.24 
0.80 
2.08 
2.75 
3.19 
3.51 
3.80 
4.30 
5.06 
5.87 
6.25 
6.49 
6.67 
6.76 
7.65 
9.37 
9.79 
9.97 
10.08 
10.14 
10.20 
11.11 
13.68 
13.81 
13.86 
13.90 
13.93 
13.92 
14.58 

MMSE 
after ML(s) 

-2.48 
-1.15 
-0.28 
0.32 
0.68 

1.76 
2.69 
3.23 
3.57 
3.90 

5.73 
6.31 
6.65 
6.86 
6.96 

9.84 
10.15 
10.32 
10.41 
10.47 

13.98 
14.13 
14.20 
14.24 
14.23 

MMSE 
after MMSE(s) 

-4.48 
-3.13 
-2.37 
-0.86 
-1.46 
-1.16 
-0.21 
0.17 
1.27 
1.85 
2.20 
2.47 
2.67 
3.56 
4.66 
5.42 
5.78 
6.00 
6.17 
6.28 
7.22 
9.15 
9.64 
9.84 
9.96 
10.04 
10.11 
10.91 
13.61 
13.88 
14.00 
14.07 
14.11 
14.11 
14.54 

SE with 
Wiener 

filter 
-3.41 

0.99 

5.19 

9.47 

13.76 

Table 3.17: Evaluation of recursive speech enhancement approaches: Segmental SNR 
(Male Speech 3) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
LLR 
2.02 

1.66 

1.29 

0.91 

0.60 

Log Likelihood Ratio 
SEin[118] 

ML 
after ML(s) 

1.71 
1.56 
1.62 
1.67 
1.77 
1.79 
1.35 
1.32 
1.22 
1.25 
1.27 
1.33 
1.42 

0.999 
1.02 
0.95 
1.07 
1.11 
1.16 
1.16 
0.76 
0.65 
0.60 
0.71 
0.80 
0.85 
0.86 
0.50 
0.42 
0.41 
0.46 
0.52 
0.57 
0.62 
0.35 

MMSE 
after ML(s) 

1.59 
1.48 
1.56 
1.54 
1.47 

1.23 
1.17 
1.19 
1.19 
1.19 

0.94 
0.92 
1.01 
1.11 
1.16 

0.59 
0.60 
0.69 
0.74 
0.77 

0.39 
0.40 
0.46 
0.53 
0.57 

MMSE 
after MMSE(s) 

1.80 
1.66 
1.58 
1.52 
1.47 
1.50 
1.33 
1.41 
1.29 
1.21 
1.17 
1.14 
1.13 
0.95 
1.07 
0.98 
0.94 
0.90 
0.90 
0.91 
0.69 
0.70 
0.62 
0.58 
0.56 
0.57 
0.59 
0.44 
0.45 
0.40 
0.39 
0.38 
0.39 
0.40 
0.30 

SE with 
Wiener 

filter 
1.68 

1.30 

1.00 

0.64 

0.41 

Table 3.18: Evaluation of recursive speech enhancement approaches: Log Likelihood Ratio 
(Female Speech 1) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
LLR 
1.61 

1.31 

1.06 

0.78 

0.56 

Log Likelihood Ratio 
SEin[118 

ML 
after ML(s) 

1.48 
1.42 
1.61 
1.66 
1.77 
1.74 
1.41 
1.15 
1.18 
1.33 
1.48 
1.48 
1.43 
1.11 
0.87 
0.86 
0.97 
1.10 
1.17 
1.19 
0.77 
0.62 
0.64 
0.74 
0.86 
0.87 
0.81 
0.61 
0.43 
0.45 
0.50 
0.55 
0.63 
0.63 
0.44 

MMSE 
after ML(s) 

1.45 
1.44 
1.48 
1.51 
1.59 

1.10 
1.17 
1.26 
1.41 
1.40 

0.81 
0.82 
0.92 
1.02 
1.08 

0.58 
0.61 
0.70 
0.74 
0.76 

0.42 
0.43 
0.49 
0.54 
0.59 

MMSE 
after MMSE(s) 

1.51 
1.46 
1.43 
1.40 
1.40 
1.42 
1.18 
1.18 
1.11 
1.09 
1.09 
1.12 
1.16 
0.90 
0.90 
0.83 
0.80 
0.78 
0.79 
0.81 
0.65 
0.65 
0.59 
0.57 
0.57 
0.56 
0.56 
0.46 
0.45 
0.42 
0.41 
0.40 
0.42 
0.43 
0.32 

SE with 
Wiener 

filter 
1.47 

1.14 

0.85 

0.60 

0.43 

Table 3.19: Evaluation of recursive speech enhancement approaches: Log Likelihood Ratio 
(Female Speech 2) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
LLR 
2.12 

1.72 

1.31 

0.96 

0.64 

Log Likelihood Ratio 
SEin[118 

ML 
after ML(s) 

1.80 
1.51 
1.58 
1.64 
1.71 
1.74 
1.32 
1.40 
1.21 
1.22 
1.30 
1.37 
1.44 
0.96 
1.00 
0.90 
0.89 
0.94 
1.01 
1.08 
0.75 
0.70 
0.66 
0.73 
0.79 
0.84 
0.85 
0.50 
0.46 
0.47 
0.50 
0.57 
0.58 
0.60 
0.39 

MMSE 
after ML(s) 

1.66 
1.51 
1.46 
1.47 
1.51 

1.26 
1.15 
1.19 
1.20 
1.21 

0.91 
0.85 
0.86 
0.88 
0.90 

0.64 
0.66 
0.71 
0.78 
0.84 

0.43 
0.46 
0.51 
0.55 
0.56 

MMSE 
after MMSE(s) 

1.90 
1.75 
1.64 
1.56 
1.59 
1.67 
1.35 
1.48 
1.33 
1.23 
1.18 
1.19 
1.25 
1.02 
1.06 
0.95 
0.90 
0.86 
0.87 
0.87 
0.70 
0.75 
0.67 
0.64 
0.62 
0.63 
0.65 
0.48 
0.49 
0.44 
0.43 
0.43 
0.43 
0.44 
0.32 

SE with 
Wiener 

filter 
1.77 

1.37 

0.97 

0.67 

0.44 

Table 3.20: Evaluation of recursive speech enhancement approaches: Log Likelihood Ratio 
(Female Speech 3) 
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Noise 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
LLR 
2.49 

2.01 

1.58 

1.17 

0.81 

Log Likelihood Ratio 
SEin[118] 

ML 
after ML(s) 

2.09 
1.93 
1.91 
1.96 
2.06 
2.11 
1.57 
1.57 
1.42 
1.47 
1.46 
1.47 
1.50 
1.19 
1.20 
1.11 
1.13 
1.17 
1.20 
1.22 
0.82 
0.85 
0.79 
0.86 
0.92 
0.95 
1.00 
0.62 
0.57 
0.55 
0.63 
0.69 
0.72 
0.72 
0.45 

MMSE 
after ML(s) 

1.96 
1.84 
1.79 
1.72 
1.63 

1.46 
1.35 
1.35 
1.35 
1.37 

1.11 
1.04 
1.06 
1.12 
1.16 

0.78 
0.77 
0.80 
0.87 
0.89 

0.52 
0.52 
0.57 
0.63 
0.65 

MMSE 
after MMSE(s) 

2.20 
2.05 
1.94 
1.89 
1.92 
1.98 
1.60 
1.70 
1.54 
1.44 
1.33 
1.38 
1.40 
1.17 
1.29 
1.17 
1.10 
1.06 
1.07 
1.08 
0.85 
0.92 
0.82 
0.77 
0.74 
0.75 
0.75 
0.58 
0.62 
0.54 
0.51 
0.51 
0.50 
0.51 
0.42 

SE with 
Wiener 

filter 
2.06 

1.55 

1.18 

0.83 

0.56 

Table 3.21: Evaluation of recursive speech enhancement approaches: Log Likelihood Ratio 
(Male Speech 1) 
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Input 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
LLR 
1.38 

1.08 

0.78 

0.53 

0.36 

Log Likelihood Ratio 
SEin[118] 

ML 
after ML(s) 

1.19 
1.16 
1.22 
1.32 
1.42 
1.44 
0.98 
0.86 
0.81 
0.94 
0.95 
1.05 
1.11 
0.69 
0.59 
0.57 
0.61 
0.75 
0.78 
0.78 
0.48 
0.40 
0.42 
0.50 
0.53 
0.62 
0.60 
0.39 
0.30 
0.31 
0.37 
0.43 
0.45 
0.46 
0.29 

MMSE 
after ML(s) 

1.12 
1.16 
1.24 
1.20 
1.17 

0.79 
0.78 
0.85 
0.95 
1.01 

0.54 
0.55 
0.61 
0.70 
0.77 

0.38 
0.42 
0.47 
0.51 
0.55 

0.27 
0.31 
0.35 
0.40 
0.43 

MMSE 
after MMSE(s) 

1.23 
1.15 
1.13 
1.09 
1.10 
1.12 
0.90 
0.90 
0.83 
0.78 
0.75 
0.76 
0.76 
0.63 
0.63 
0.55 
0.53 
0.53 
0.53 
0.54 
0.43 
0.41 
0.39 
0.38 
0.38 
0.39 
0.41 
0.31 
0.29 
0.27 
0.27 
0.27 
0.28 
0.29 
0.21 

SE with 
Wiener 

filter 
1.19 

0.84 

0.58 

0.40 

0.28 

Table 3.22: Evaluation of recursive speech enhancement approaches: Log Likelihood Ratio 
(Male Speech 2) 
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Noise 
SNR 

OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

1 
2 
3 
4 
5 
6 

Input 
Signal 
LLR 
1.67 

1.35 

1.08 

0.79 

0.55 

Log Likelihood Ratio 
SEin[118] 

ML 
after ML(s) 

1.52 
1.51 
1.67 
1.73 
1.83 
1.92 
1.25 
1.13 
1.06 
1.21 
1.23 
1.32 
1.39 
0.96 
0.89 
0.86 
0.95 
1.07 
1.11 
1.10 
0.81 
0.63 
0.63 
0.66 
0.76 
0.78 
0.78 
0.54 
0.42 
0.42 
0.45 
0.54 
0.56 
0.59 
0.39 

MMSE 
after ML(s) 

1.46 
1.47 
1.59 
1.65 
1.76 

1.06 
1.08 
1.15 
1.21 
1.31 

0.83 
0.82 
0.90 
1.02 
1.06 

0.60 
0.61 
0.67 
0.70 
0.71 

0.39 
0.39 
0.46 
0.49 
0.51 

MMSE 
after MMSE(s) 

1.55 
1.49 
1.45 
1.44 
1.52 
1.63 
1.16 
1.19 
1.10 
1.05 
1.04 
1.06 
1.08 
0.86 
0.91 
0.85 
0.82 
0.82 
0.81 
0.83 
0.65 
0.65 
0.61 
0.59 
0.59 
0.59 
0.59 
0.46 
0.44 
0.40 
0.38 
0.38 
0.39 
0.40 
0.31 

SE with 
Wiener 

filter 
1.50 

1.12 

0.87 

0.62 

0.42 

Table 3.23: Evaluation of recursive speech enhancement approaches: Log Likelihood Ratio 
(Male Speech 3) 
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Noise 
SNR 
OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

0 
1 
2 
3 
4 
5 
6 

0 
1 
2 
3 
4 
5 
6 

0 
1 
2 
3 
4 
5 
6 

0 
1 
2 
3 
4 
5 
6 

0 
1 
2 
3 
4 
5 
6 

Remaining 
Energy (%) 

199.7 
119.6 
102.6 
96.5 
93.8 
92.1 
90.9 
95.3 
131.7 
104.7 
100.0 
98.2 
97.1 
96.3 
95.5 
97.2 
110.1 
100.8 
99.4 
98.6 
98.4 
98.3 
98.0 
98.4 
103.5 
100.0 
99.7 
99.5 
99.4 
99.4 
99.3 
99.4 
101.1 
99.9 
99.8 
99.7 
99.7 
99.7 
99.7 
99.6 

PESQ 

1.25 
+0.34 
+0.47 
+0.48 
+0.35 
+0.16 
+0.06 
+0.37 
1.60 

+0.39 
+0.53 
+0.47 
+0.27 
+0.10 
-0.02 
+0.41 
1.96 

+0.40 
+0.54 
+0.51 
+0.32 
+0.17 
+0.11 
+0.48 
2.33 

+0.43 
+0.52 
+0.55 
+0.54 
+0.51 
+0.49 
+0.63 
2.70 

+0.39 
+0.49 
+0.51 
+0.51 
+0.50 
+0.48 
+0.58 

Segmental 
SNR 
-6.76 
-2.58 
-0.88 
0.15 
0.82 
1.39 
1.68 
1.95 

-1.76 
1.93 
3.29 
3.99 
4.36 
4.67 
4.85 
5.40 
3.24 
6.38 
7.29 
7.75 
8.05 
8.22 
8.32 
8.96 
8.24 
10.63 
11.08 
11.27 
11.36 
11.47 
11.51 
12.22 
13.24 
15.01 
15.26 
15.33 
15.33 
15.35 
15.35 
15.76 

LLR 

2.12 
1.80 
1.51 
1.58 
1.64 
1.71 
1.84 
1.32 
1.72 
1.40 
1.21 
1.22 
1.30 
1.37 
1.44 
0.96 
1.31 
1.00 
0.90 
0.89 
0.94 
1.01 
1.08 
0.75 
0.96 
0.70 
0.66 
0.73 
0.79 
0.84 
0.85 
0.70 
0.64 
0.46 
0.47 
0.50 
0.57 
0.58 
0.60 
0.39 

Table 3.24: Evaluation of recursive speech enhancement after each iteration with ML ap­
proach (Female Speech 3). Iteration 0 means the input noisy signal, PESQ scores for 
interation 1 to 6 are the PESQ score improvement comparing to input noisy signal. 
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Noise 
SNR 
OdB 

Ideal SE 
5dB 

Ideal SE 
lOdB 

Ideal SE 
15dB 

Ideal SE 
20dB 

Ideal SE 

Iteration 

0 
1 
2 
3 
4 
5 
6 

0 
1 
2 
3 
4 
5 
6 

0 
1 
2 
3 
4 
5 
6 

0 
1 
2 
3 
4 
5 
6 

0 
1 
2 
3 
4 
5 
6 

Remaining 
Energy (%) 

199.7 
130.5 
114.9 
108.5 
105.8 
103.1 
101.5 
101.3 
131.7 
108.2 
103.8 
102.2 
100.9 
100.0 
99.2 
99.3 
110.1 
101.9 
100.6 
99.9 
99.6 
99.5 
99.2 
99.1 
103.5 
100.5 
100.0 
99.9 
99.9 
99.8 
99.7 
99.7 
101.1 
99.9 
99.9 
99.9 
99.8 
99.8 
99.8 
99.7 

PESQ 

1.25 
+0.26 
+0.41 
+0.52 
+0.59 
+0.53 
+0.33 
+0.64 
1.60 

+0.30 
+0.46 
+0.54 
+0.57 
+0.51 
+0.25 
+0.70 
1.96 

+0.29 
+0.46 
+0.54 
+0.54 
+0.49 
+0.39 
+0.69 
2.33 

+0.33 
+0.44 
+0.51 
+0.54 
+0.54 
+0.54 
+0.70 
2.70 

+0.30 
+0.38 
+0.43 
+0.44 
+0.44 
+0.43 
+0.62 

Segmental 
SNR 
-6.76 
-3.41 
-2.09 
-1.32 
-0.83 
-0.46 
-0.17 
0.80 
-1.76 
1.28 
2.41 
2.97 
3.29 
3.55 
3.79 
4.68 
3.24 
5.90 
6.73 
7.10 
7.33 
7.51 
7.59 
8.53 
8.24 
10.39 
10.93 
11.15 
11.25 
11.34 
11.39 
12.09 
13.24 
14.90 
15.23 
15.39 
15.42 
15.47 
15.49 
15.74 

LLR 

2.12 
1.90 
1.75 
1.64 
1.56 
1.59 
1.67 
1.35 
1.72 
1.48 
1.33 
1.23 
1.18 
1.19 
1.25 
1.02 
1.31 
1.06 
0.95 
0.90 
0.86 
0.85 
0.85 
0.70 
0.96 
0.75 
0.67 
0.64 
0.62 
0.63 
0.65 
0.48 
0.64 
0.49 
0.44 
0.43 
0.43 
0.43 
0.44 
0.32 

Table 3.25: Evaluation of recursive speech enhancement after each iteration with MMSE 
approach (Female Speech 3). Iteration 0 means the input noisy signal, PESQ scores for 
interation 1 to 6 are the PESQ score improvement comparing to input noisy signal. 
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Based on the results in Tables 3.6 to 3.23, comparing the performance using PESQ, 

Segmental SNR and Log Likelihood Ratio, we can see that: 

• If we use ML results as the reference for the next ML estimation, the PESQ score will 

reach its maximum value after the second or third iteration. This is due to the fact that with 

each iteration, the remaining energy of enhanced speech is reduced as shown in Table 3.24. 

This leads to smaller estimate of a compared to the previous iteration. The new estimate 

of a tends to remove more noise, which is confirmed by the segmental SNR improvement. 

After the second or third iteration, the enhanced speech has significantly lower energy than 

the original clean speech. This means that the under-estimation of a results in removing 

more noise than necessary and hence higher distortion (larger LLR values). Even though 

the noise is further reduced after each iteration, the increased distortion will overshadow 

the effect of noise removal after the second or third iteration. The results after the second 

iteration usually outperform the Wiener filter approach. 

• When the MMSE estimation approach is used to follow an ML enhanced signal, 

there is slightly lower PESQ improvement than for the ML on ML approach. Similarly, 

this approach will reach the maximum performance after the 3rd iteration. This is also due 

to the compromise of noise removal and distortion. In most cases, especially the low SNR 

cases, this approach will outperform the ML on ML approach. 

• When the MMSE estimation follows an MMSE enhanced signal, the PESQ score 

improves after each of the first four iterations. The scores usually outperform the Wiener 

filter approach after the second iteration. Overall the MMSE estimation has the best possi­

ble performance after around 4 iterations. From the Table 3.25, the remaining energy of the 

enhanced signal decreases significantly in the first three iterations. We already concluded 
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that smaller a leads to more aggressive noise removal. Thus for the low SNR case, even 

though the overall energy may still be higher than 100%, the energy at lower SNR frames 

are lower than others. For these frames, the a is considerably under-estimated. This effect 

leads to increasing distortion and lower PESQ scores after the 4th iteration. 

• Comparing the three approaches, we can conclude that the ML approach removes 

more noise than the MMSE approach. This leads to higher distortion for some low SNR 

frames. As shown in the previous section, the overall energy at each frame will be reduced 

at each iteration. Hence the estimation of a tends to decrease and the overall energy will 

be further reduced at the next iteration. Comparing to MMSE approach, ML leads to more 

under-estimation and higher chance of distortion. Thus in the first 2 iterations, ML provides 

better quality due to its quick removal of the noise, but MMSE preserves the overall speech 

better. MMSE does not remove the noise as fast as the ML approach, but it keeps the 

distortion lower. After the first 2 iterations, MMSE outperforms ML in the overall quality 

and distortion measures. On the other hand, ML generally provides higher segmental SNRs 

than MMSE. 

• Overall, the MMSE on MMSE approach achieves the best quality. It reaches the best 

performance after the 4th iteration. The MMSE on ML results are comparable with the 

MMSE on MMSE approach. This means ML approach can be used first for fast removal of 

noise, and MMSE approach can be used later to minimize error and achieve better perfor­

mance. It will increase the computational complexity compared to the other approaches. 

Alternative approaches for the proposed algorithm can be: ML estimation with 2 iteration 

to achieve low cost and good performance, MMSE on the ML estimation with 3 iterations 

overall (MMSE on ML on ML) to achieve higher performance with higher cost. 
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In Tables 3.26 to 3.31, the composite quality measures are used to evaluate the perfor­

mance of the speech enhancement. The composite quality measures used to evaluate the 

performance are: 

Moveran = 1.594 - 0.512 • LLR + 0.805 • PESQ (3.19) 

M^k = 1.634 + 0.063 • segSNR + 0.478 • PESQ (3.20) 

Msig = 3.093 - 1.029 • LLR + 0.603 • PESQ (3.21) 

where a higher value implies better quality. MoveraU, M^ck and Msig are the evaluations of 

the overall quality, the background noise and the speech signal, respectively. 

We choose to compare the results of three recursive approaches: ML on ML after 2nd 

iteration, MMSE on ML after 3rd iteration and MMSE on MMSE after 4th iteration. The 

results confirms that our proposed recursive approach outperforms the Wiener filter ap­

proach. The MMSE on ML and MMSE on MMSE approaches achieve similar improve­

ments overall. MMSE on ML leads to better background noise reduction and MMSE on 

MMSE leads to better signal preservation. All proposed approaches significantly improve 

over the Wiener filter approach. Next, we will evaluate the proposed algorithms with non-

white noises. 
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Female Speech 1 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 

^overall 

1.65 
2.07 
2.51 
3.00 
3.43 

**•*• overall 

SEin[118 
ML 

after ML(s) 
2.12 
2.63 
3.03 
3.53 
3.90 

MMSE 
after ML(s) 

2.21 
2.69 
3.07 
3.55 
3.91 

MMSE 
after MMSE(s) 

2.22 
2.70 
3.09 
3.56 
3.92 

SE with 
Wiener 

filter 
2.00 
2.50 
2.93 
3.43 
3.81 

Female Speech 2 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 

M overall 

2.07 
2.41 
2.81 
3.15 
3.50 

M overall 

SEin[118 
ML 

after ML(s) 
2.37 
2.74 
3.22 
3.55 
3.90 

MMSE 
after ML(s) 

2.42 
2.78 
3.27 
3.59 
3.90 

MMSE 
after MMSE(s) 

2.44 
2.82 
3.28 
3.58 
3.90 

SE with 
Wiener 

filter 
2.31 
2.74 
3.16 
3.50 
3.80 

Female Speech 3 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 

^overall 

1.53 
2.01 
2.50 
2.99 
3.42 

**•* overall 

SEin[118 
ML 

after ML(s) 
2.21 
2.69 
3.15 
3.55 
3.92 

MMSE 
after ML(s) 

2.26 
2.75 
3.18 
3.56 
3.90 

MMSE 
after MMSE(s) 

2.28 
2.75 
3.17 
3.59 
3.90 

SE with 
Wiener 

filter 
1.98 
2.51 
3.01 
3.47 
3.85 

Table 3.26: Evaluation of recursive speech enhancement approaches: Moverau (Female 
Speech) 
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Male Speech 1 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 

^overall 

1.44 
1.82 
2.27 
2.72 
3.17 

M overall 

SEin[118 
ML 

after ML(s) 
1.93 
2.48 
2.92 
3.31 
3.72 

MMSE 
after ML(s) 

2.03 
2.55 
2.98 
3.35 
3.75 

MMSE 
after MMSE(s) 

2.07 
2.60 
2.98 
3.37 
3.76 

SE with 
Wiener 

filter 
1.77 
2.28 
2.78 
3.21 
3.63 

Male Speech 2 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 

^overall 

2.19 
2.62 
3.02 
3.48 
3.92 

^overall 

SEin[118 
ML 

after ML(s) 
2.59 
3.05 
3.48 
3.85 
4.15 

MMSE 
after ML(s) 

2.64 
3.13 
3.51 
3.87 
4.14 

MMSE 
after MMSE(s) 

2.73 
3.11 
3.53 
3.89 
4.16 

SE with 
Wiener 

filter 
2.49 
2.96 
3.44 
3.85 
4.10 

Male Speech 3 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 

^overall 

1.83 
2.25 
2.71 
3.18 
3.60 

^overall 

SEin[118 
ML 

after ML(s) 
2.27 
2.82 
3.21 
3.68 
4.00 

MMSE 
after ML(s) 

2.37 
2.88 
3.26 
3.70 
4.01 

MMSE 
after MMSE(s) 

2.39 
2.91 
3.25 
3.70 
4.01 

SE with 
Wiener 

filter 
2.19 
2.70 
3.15 
3.60 
3.94 

Table 3.27: Evaluation of recursive speech enhancement approaches: Moverau (Male 
Speech) 
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Female Speech 1 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Mback 

1.87 
2.32 
2.77 
3.27 
3.76 

MbaCk 

SEin[118; 
ML 

after ML(s) 
2.51 
2.86 
3.25 
3.68 
4.09 

MMSE 
after ML(s) 

2.58 
2.92 
3.29 
3.71 
4.11 

MMSE 
after MMSE(s) 

2.47 
2.89 
3.28 
3.70 
4.11 

SE with 
Wiener 

filter 
2.28 
2.73 
3.16 
3.61 
4.03 

Female Speech 2 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Mback 

1.66 
2.10 
2.56 
3.00 
3.46 

Mback 

SEin[118 
ML 

after ML(s) 
2.21 
2,61 
3.05 
3.42 
3.82 

MMSE 
after ML(s) 

2.29 
2.68 
3.09 
3.47 
3.84 

MMSE 
after MMSE(s) 

2.24 
2.63 
3.06 
3.43 
3.81 

SE with 
Wiener 

filter 
2.06 
2.50 
2.94 
3.34 
3.73 

Female Speech 3 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Mback 

1.81 
2.29 
2.78 
3.27 
3.76 

Mback 

SEin[118; 
ML 

after ML(s) 
2.40 
2.86 
3.29 
3.69 
4.12 

MMSE 
after ML(s) 

2.48 
2.92 
3.32 
3.72 
4.12 

MMSE 
after MMSE(s) 

2.46 
2.88 
3.29 
3.71 
4.10 

SE with 
Wiener 

filter 
2.25 
2.73 
3.18 
3.63 
4.05 

Table 3.28: Evaluation of recursive speech enhancement approaches: Mback (Female 
Speech) 
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Male Speech 1 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Mback 

1.90 
2.30 
2.74 
3.21 
3.69 

Mback 

SEin[118 
ML 

after ML(s) 
2.43 
2.88 
3.29 
3.67 
4.09 

MMSE 
after ML(s) 

2.52 
2.95 
3.34 
3.72 
4.12 

MMSE 
after MMSE(s) 

2.51 
2.92 
3.32 
3.70 
4.11 

SE with 
Wiener 

filter 
2.27 
2.71 
3.16 
3.59 
4.02 

Male Speech 2 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Mback 

2.04 
2.51 
2.98 
3.49 
4.01 

Mback 

SEin[118 
ML 

after ML(s) 
2.54 
2.95 
3.39 
3.81 
4.22 

MMSE 
after ML(s) 

2.61 
3.02 
3.43 
3.84 
4.22 

MMSE 
after MMSE(s) 

2.61 
2.97 
3.42 
3.83 
4.22 

SE with 
Wiener 

filter 
2.41 
2.85 
3.33 
3.79 
4.17 

Male Speech 3 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Mback 

1.78 
2.27 
2.75 
3.26 
3.75 

Mback 

SEin[118 
ML 

after ML(s) 
2.38 
2.82 
3.23 
3.68 
4.06 

MMSE 
after ML(s) 

2.47 
2.90 
3.27 
3.71 
4.08 

MMSE 
after MMSE(s) 

2.49 
2.87 
3.25 
3.70 
4.07 

SE with 
Wiener 

filter 
2.23 
2.69 
3.15 
3.62 
4.02 

Table 3.29: Evaluation of recursive speech enhancement approaches: Mback (Male Speech) 
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Female Speech 1 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Msig 

1.83 
2.38 
2.98 
3.57 
4.07 

Msig 

SEin[118" 
ML 

after ML(s) 
2.44 
3.09 
3.56 
4.16 
4.55 

MMSE 
after ML(s) 

2.55 
3.16 
3.61 
4.17 
4.57 

MMSE 
after MMSE(s) 

2.58 
3.17 
3.63 
4.21 
4.59 

SE with 
Wiener 

filter 
2.31 
2.93 
3.45 
4.06 
4.49 

Female Speech 2 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Msig 

2.42 
2.83 
3.34 
3.74 
4.15 

M^ 
SEin[118 

ML 
after ML(s) 

2.76 
3.19 
3.76 
4.15 
4.53 

MMSE 
after ML(s) 

2.78 
3.23 
3.82 
4.20 
4.54 

MMSE 
after MMSE(s) 

2.82 
3.30 
3.85 
4.21 
4.56 

SE with 
Wiener 

filter 
2.68 
3.22 
3.72 
4.13 
4.47 

Female Speech 3 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Msig 

1.70 
2.30 
2.93 
3.54 
4.03 

Msig 

SEin[118 
ML 

after ML(s) 
2.58 
3.13 
3.67 
4.13 
4.53 

MMSE 
after ML(s) 

2.62 
3.22 
3.73 
4.14 
4.53 

MMSE 
after MMSE(s) 

2.60 
3.19 
3.73 
4.19 
4.54 

SE with 
Wiener 

filter 
2.24 
2.90 
3.52 
4.07 
4.50 

Table 3.30: Evaluation of recursive speech enhancement approaches: Msig (Female 
Speech) 
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Male Speech 1 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Msig 
1.37 
1.95 
2.59 
3.16 
3.74 

M^ 
SEin[118 

ML 
after ML(s) 

2.10 
2.83 
3.37 
3.87 
4.33 

MMSE 
after ML(s) 

2.23 
2.94 
3.45 
3.91 
4.37 

MMSE 
after MMSE(s) 

2.23 
2.98 
3.45 
3.95 
4.38 

SE with 
Wiener 

filter 
1.90 
2.61 
3.21 
3.77 
4.35 

Male Speech 2 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
Msig 

2.65 
3.17 
3.63 
4.16 
4.61 

Msig 

SEin[118 
ML 

after ML(s) 
3.09 
3.66 
4.14 
4.51 
4.81 

MMSE 
after ML(s) 

3.13 
3.74 
4.17 
4.53 
4.80 

MMSE 
after MMSE(s) 

3.24 
3.74 
4.20 
4.57 
4.84 

SE with 
Wiener 

filter 
3.00 
3.57 
4.10 
4.52 
4.79 

Male Speech 3 

Noise 
SNR 

OdB 
5dB 
10dB 
15dB 
20dB 

Input 
Signal 
Msig 

2.19 
2.69 
3.24 
3.78 
4.24 

Msig 

SEin[118 
ML 

after ML(s) 
2.62 
3.33 
3.75 
4.25 
4.62 

MMSE 
after ML(s) 

2.73 
3.36 
3.81 
4.27 
4.65 

MMSE 
after MMSE(s) 

2.76 
3.40 
3.81 
4.29 
4.66 

SE with 
Wiener 

filter 
2.57 
3.19 
3.69 
4.20 
4.58 

Table 3.31: Evaluation of recursive speech enhancement approaches: Msig (Male Speech) 
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Tables 3.32 to 3.35 shows the performances of the recursive enhancement algorithms 

based on Laplacian-Gaussian model under non-white noises. Two types of noises are used, 

the F16 noise and the babble noise. Both noise samples are chosen from the NOISEX-

92 database (NOISE-ROM-0 signal Oil and 020) [16] . The NOISEX-92 database was 

originally sampled at 19.98 KHz. It is re-sampled with Matlab to 8 KHz to fit with our 

speech samples. 

For the F16 noise, the improvement is significant for PESQ and segmental SNR. For 

the LLR measure, the MMSE after MMSE approach achieves better results than the Wiener 

filter approach, while the MMSE after ML approach is comparable with the Wiener filter 

approach. 

For the Babble noise, the improvement is not as significant comparing to the noisy 

speech for the PESQ measure. The segmental SNR results show that the noise reduction is 

still significant, but the LLR results show slightly higher distortion. This is due to the fact 

that additive babble noise has frequency characteristics similar to the speech itself. This 

makes it more difficult to separate them one from the other. Comparing to the Wiener filter 

approach, our proposed recursive approaches still outperform for PESQ and segmental 

SNR measures. The MMSE after MMSE approach can still lead to lower LLR than the 

Wiener filter approach, while the other two approaches (ML after ML and MMSE after 

ML) are comparable or slightly worse measured by the LLR. 

Overall, preliminary results shows that the proposed recursive algorithms outperform 

the Wiener filter method. 
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Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
PESQ 
1.47 
1.90 
2.30 
2.70 
3.06 

PESQ improvement 
SEin[118 

ML 
after ML(s) 

+0.07 
+0.13 
+0.14 
+0.14 
+0.18 

MMSE 
after ML(s) 

+0.11 
+0.14 
+0.17 
+0.15 
+0.19 

MMSE 
after MMSE(s) 

+0.14 
+0.15 
+0.17 
+0.16 
+0.20 

SE with 
Wiener 

filter 
+0.10 
+0.14 
+0.14 
+0.14 
+0.15 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Seg­

mental 
SNR 
-6.58 
-1.58 
3.42 
8.42 
13.42 

Segmental SNR 
SEin[118 

ML 
after ML(s) 

-2.53 
1.37 
5.25 
9.48 
13.98 

MMSE 
after ML(s) 

-2.11 
1.76 
5.66 
9.83 
14.24 

MMSE 
after MMSE(s) 

-2.50 
1.50 
5.52 
9.75 
14.21 

SE with 
Wiener 

filter 
-3.09 
1.13 
5.32 
9.63 
14.11 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
LLR 
0.95 
0.74 
0.53 
0.36 
0.23 

Log Likelihood Ratio 
SEin[118 

ML 
after ML(s) 

1.05 
0.76 
0.53 
0.37 
0.26 

MMSE 
after ML(s) 

1.05 
0.74 
0.52 
0.37 
0.24 

MMSE 
after MMSE(s) 

0.99 
0.70 
0.51 
0.35 
0.23 

SE with 
Wiener 

filter 
0.95 
0.70 
0.52 
0.36 
0.25 

Table 3.32: Comaprison of objective quality measures for recursive speech enhancement 
approaches (Female Speech 3, Babble noise) 
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Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
PESQ 
1.66 
2.02 
2.37 
2.74 
3.13 

PESQ improvement 
SEin[118 

ML 
after ML(s) 

+0.14 
+0.17 
+0.20 
+0.26 
+0.22 

MMSE 
after ML(s) 

+0.16 
+0.20 
+0.23 
+0.29 
+0.23 

MMSE 
after MMSE(s) 

+0.16 
+0.20 
+0.23 
+0.30 
+0.22 

SE with 
Wiener 

filter 
+0.14 
+0.15 
+0.18 
+0.22 
+0.17 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Seg­

mental 
SNR 
-7.84 
-2.84 
2.16 
7.16 
12.16 

Segmental SNR 
SEin[118 

ML 
after ML(s) 

-3.50 
0.51 
4.60 
8.95 
13.44 

MMSE 
after ML(s) 

-3.01 
1.00 
5.04 
9.27 
13.69 

MMSE 
after MMSE(s) 

-3.47 
0.66 
4.82 
9.13 
13.57 

SE with 
Wiener 

filter 
-4.39 
-0.07 
4.29 
8.76 
13.32 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
LLR 
1.07 
0.82 
0.60 
0.42 
0.28 

Log Likelihood Ratio 
SEin[118j 

ML 
after ML(s) 

1.10 
0.80 
0.56 
0.37 
0.24 

MMSE 
after ML(s) 

1.09 
0.78 
0.53 
0.34 
0.22 

MMSE 
after MMSE(s) 

1.05 
0.76 
0.51 
0.34 
0.22 

SE with 
Wiener 

filter 
1.05 
0.76 
0.54 
0.36 
0.24 

Table 3.33: Comaprison of objective quality measures for recursive speech enhancement 
approaches (Male Speech 3, Babble noise) 
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Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
PESQ 
1.45 
1.87 
2.28 
2.67 
3.03 

PESQ improvement 
SEin[118 

ML 
after ML(s) 

+0.22 
+0.30 
+0.29 
+0.32 
+0.30 

MMSE 
after ML(s) 

+0.26 
+0.33 
+0.31 
+0.32 
+0.33 

MMSE 
after MMSE(s) 

+0.30 
+0.35 
+0.34 
+0.35 
+0.34 

SE with 
Wiener 

filter 
+0.17 
+0.26 
+0.24 
+0.25 
+0.21 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Seg­

mental 
SNR 
-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR 
SEin[118 

ML 
after ML(s) 

-0.42 
3.27 
6.98 
10.92 
15.16 

MMSE 
after ML(s) 

0.08 
3.70 
7.33 
11.24 
15.43 

MMSE 
after MMSE(s) 

-0.65 
3.18 
7.01 
11.05 
15.31 

SE with 
Wiener 

filter 
-1.83 
2.42 
6.56 
10.78 
15.11 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
LLR 
1.24 
0.97 
0.70 
0.48 
0.30 

Log Likelihood Ratio 
SEin[118 

ML 
after ML(s) 

1.10 
0.82 
0.58 
0.41 
0.27 

MMSE 
after ML(s) 

1.09 
0.81 
0.58 
0.40 
0.26 

MMSE 
after MMSE(s) 

1.03 
0.76 
0.54 
0.38 
0.25 

SE with 
Wiener 

filter 
1.08 
0.80 
0.57 
0.39 
0.25 

Table 3.34: Comaprison of objective quality measures for recursive speech enhancement 
approaches (Female Speech 3, F16 noise) 



3.5 Proposed Recursive Laplacian Factor Estimation and Speech Enhancement 88 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
PESQ 
1.66 
1.99 
2.37 
2.75 
3.12 

PESQ improvement 
SEin[118 

ML 
after ML(s) 

+0.30 
+0.31 
+0.32 
+0.32 
+0.30 

MMSE 
after ML(s) 

+0.33 
+0.32 
+0.34 
+0.33 
+0.30 

MMSE 
after MMSE(s) 

+0.36 
+0.35 
+0.34 
+0.33 
+0.31 

SE with 
Wiener 

filter 
+0.23 
+0.23 
+0.25 
+0.24 
+0.22 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Seg­

mental 
SNR 
-7.10 
-2.10 
2.90 
7.90 
12.90 

Segmental SNR 
SEin[118 

ML 
after ML(s) 

-1.58 
2.19 
5.98 
9.95 
14.22 

MMSE 
after ML(s) 

-0.99 
2.67 
6.39 
10.30 
14.50 

MMSE 
after MMSE(s) 

-1.51 
2.35 
6.22 
10.23 
14.47 

SE with 
Wiener 

filter 
-2.86 
1.36 
5.55 
9.78 
14.18 

Noise 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Signal 
LLR 
1.14 
0.89 
0.67 
0.49 
0.33 

Log Likelihood Ratio 
SEin[118 

ML 
after ML(s) 

1.16 
0.87 
0.61 
0.40 
0.27 

MMSE 
after ML(s) 

1.13 
0.83 
0.59 
0.40 
0.26 

MMSE 
after MMSE(s) 

1.09 
0.80 
0.57 
0.39 
0.26 

SE with 
Wiener 

filter 
1.12 
0.83 
0.60 
0.41 
0.27 

Table 3.35: Comaprison of objective quality measures for recursive speech enhancement 
approaches (Male Speech 3, F16 noise) 
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3.6 Chapter Summary 

In this chapter, a speech enhancement algorithm based on Laplacian-Gaussian model (for 

the speech and noise, respectively) was reviewed. Unlike other classical speech enhance­

ment algorithms, the speech signal was assumed to follow Laplacian distribution instead of 

Gaussian. The speech enhancement is achieved by estimating the Laplacian components 

from a Gaussian plus Laplacian mixture. The speech Laplacian factor and the variance 

of the noise variance were estimated adaptively using the noisy signal and the noise only 

signal. The speech enhancement has been designed based on the MMSE or ML approach. 

The estimation of the speech Laplacian factor is very critical for the performance of 

the algorithm. This factor was estimated from the noisy speech in [118]. Noting that the 

speech Laplacian factor estimation can be improved by using the enhanced speech signal 

which has less noise, instead of the noisy speech itself, a recursive speech enhancement 

algorithm was proposed. The enhanced speech signal was used as a reference signal to 

estimate the Laplacian factor, recursively. The updated Laplacian factors is then used to 

re-enhance the original noisy speech signal. This provides better estimation and leads to 

better speech enhancement in the next iteration. The simulation results proved that this 

recursive approach can lead to further improved performance of enhancing the speech. 

The performance of the algorithm is assessed using PESQ, segmental SNR and LLR 

quality measures. With each iteration, more noise is removed from the noisy signal. This 

effect results in an increasing segmental SNR. At the same time, it begins to distort the 

speech signal itself (shown by the increase in the distortion measure: LLR), usually af­

ter the 2nd iteration for ML and the 4th or 5th iteration for MMSE. The overall perfor­

mance (indicated by PESQ measure) compromises between the previous two measures and 

achieves the best quality after the second iteration for ML estimation and after the 4th 
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iteration for MMSE. Another alternative is to apply MMSE after 2 iterations of ML esti­

mation. The algorithms tend to perform worse because the loss of energy at each iterations 

eventually led to under-estimation of a and higher distortion of the speech. 

Overall, the PESQ score and the informal listening tests both confirm that the quality 

of the enhanced speech can be improved with the proposed recursive approach clearly 

outperforming the Wiener filter approach. 



Chapter 4 

Speech Enhancement based on 

Adaptive-a Subtraction Model 

4.1 Introduction 

In most classical speech enhancement algorithms, the focus is on removal of the additive 

noise [32] [34] [80]. Spectral subtraction has been used as an efficient method for speech 

enhancement [26] [80]. This approach estimates the power spectral density of the clean 

speech signal by subtracting the power spectral density (PSD) of the noise estimate from 

the PSD of the noisy signal. It is also known that the absolute value of the spectral compo­

nent can be used instead of the power for subtraction [25] [26] [80]. The envelope of the 

spectrum [106] has been used as a substitute for PSD in the subtraction. The main draw­

back of the spectral subtraction methods is the high residual noise level in the enhanced 

speech, especially when the SNR is low. 

In [81] [99], the spectral subtraction approach is generalized by estimating the short 
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time power spectrum X as [\Y\2a - |JV|2a]1/o. The value of a is chosen to control the 

amount of subtraction of the algorithm. The value of a is generally selected as 1 for power 

spectral subtraction and 0.5 for magnitude spectral subtraction [26] [99]. However, the best 

value of a depends on the SNR, the type of the signal and the listeners. In this Chapter, we 

focus on the relationship between a and the SNR. 

In [10], the relation between the specific loudness and the excitation (as such a) was 

studied. It was shown that with higher SNR, a tends to increase, suggesting that a should be 

a function of the SNR. In this chapter, different a values will be tested in the loudness model 

used for speech enhancement. This is the basis of the Adaptive-a Loudness subtraction 

approach proposed here. 

As the objective quality of speech is highly correlated with the loudness of speech, 

the lower a value in the range of 0.23 to 0.3, which is suggested by the commonly used 

loudness measure [82] [10], will be specially considered. We expect these lower a values 

can be beneficial for spectral subtraction type speech enhancement. 

In this Chapter, we will investigate the effect of the various choices of a. values. First, 

results for a fixed a will be examined and then an adaptive-a subtraction algorithm will be 

proposed for speech enhancement. 

4.2 Fixed-a Subtraction Speech Enhancement Algorithm 

4.2.1 Fixed-a Subtraction 

In this section, the quality of speech enhancement through subtraction with different fixed 

values of a will be tested. X, Y and N are the magnitude values of the FFT for clean 

speech, noisy speech and noise only signals, respectively. For each component Y and TV, a 
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clean speech estimate X will be calculated as 

X = ((Y)2a-(N)2a)1/2a, (4.1) 

where the value of a is fixed for all the frames within one test. N is estimated using the 

noise only intervals within the noisy speech signal. A set of values for a = 1, 0.5, 0.33, 

0.27 and 0.2 will be tested. The first two values of 1 and 0.5 correspond to the power and 

magnitude spectral subtraction, respectively. 

4.2.2 Simulation Results 

In this section, we simulate the classical spectral subtraction, fixed-cn subtraction and Wiener 

filter approaches of speech enhancement. 

All the simulations are done in the FFT domain with the same noise estimation process. 

The speech is sampled at 8 kHz and processed on a frame-by-frame basis. The frame 

length used here is 128 samples, which corresponds to approximately 16 ms of speech. 

The speech can be assumed to be stationary for such a frame length. The overlap between 

successive frames is 64 samples. 

In order to understand the performance of speech enhancement algorithms, indepen­

dent of the performance of noise estimation, a noise reference signal is used instead of 

estimating the noise from the noisy speech itself. A noise signal that has the same energy 

level and frequency response as the original noise in the noisy speech is used. The noise is 

transformed to the FFT domain on the same frame-by-frame basis. The noise variance An 

is derived with a low-pass filter: 

Tn(m) = (3nTn(m - 1) + (1 - pn)\N(m)\2. (4.2) 
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/3JV is chosen to provide a time constant of 0.5 s, assuming slower variation with time for 

the noise than that of the speech. 

The variance of the noisy speech component (used in Wiener filter approach) is also 

estimated with a low-pass filter. 

Xy(m) = (3n\y(m - 1) + (1 - (3y)\Y{m)\2. (4.3) 

The time constant here is chosen to be 10 ms since speech can be assumed to be stationary 

within 10-20 ms [8]. 

The test samples are clean male or female speech corrupted with different levels of 

white noise. Based on the range of values used in previous works, we choose a — 1, 0.5, 

0.33, 0.27 and 0.2, respectively. 

Three measures are used for the evaluation: ITU p.862 (PESQ), Segmental SNR and 

Log Likelihood Ratio (LLR) [61]. The details of these measures were discussed in Section 

2.4. PESQ is the measure for overall quality, Segmental SNR for noise reduction and LLR 

for distortion. Results are shown in the following tables. 

Tables 4.1 to 4.2 show the PESQ score improvements of the enhanced speech using 

(4.1). The results show a consistent pattern for different speech files. When the input SNR 

is low, smaller a values tend to perform better and vice versa. When the SNR is high, 

a = 0.5 leads to the best PESQ improvements. The results suggest that a single a value is 

not suitable for the full range of input SNRs. To achieve the best performance of the speech 

enhancement algorithm based on the PESQ assessment, different a's need to be used for 

different input SNRs. 

Tables 4.3 and 4.4 show the segmental SNRs of the enhanced speech for different a 

values. Again, when the input SNR is low, the three smaller a values provide higher 

segmental SNRs. When the input SNR is high, the segmental SNR results are better for a 
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equal to 0.5 and 1. 

When the input SNR is low, the larger a values can still improve the quality of speech 

but the noise removal is not sufficient. The smaller a values removes more noise but the 

segmental SNR decreases for a = 0.20 because the noise removal is overdone. On the 

other hand, when the input SNR is high, more noise removal leads to deterioration of the 

speech quality by removing a portion of the clean speech signal. Under such circumstances, 

larger a values are more suitable because they limit the noise to be removed. 

In Tables 4.5 and 4.6, the LLR is used to measure the quality of the enhanced speech. 

Results show that the performance measured by LLR is consistent with that measured by 

PESQ or segmental SNR. When the input SNR is low, smaller a values result in better 

LLR. For some of the speech samples, the impact of changing a is not significant. When 

the input SNR is high (20 dB), a=0.5 shows the best performance overall. 

When the SNR is 0 dB, all tested values reduce the LLR, which means lower distortion. 

The a values of 0.2,0.27 and 0.33 lead to similar distortion. When the input SNR increases, 

the best choice of a value also increases. At 10 dB SNR, a = 0.33 performs best while 

a=0.5 is more suitable for SNRs above 10 dB. When the input SNR is above 10 dB, the 

smaller a values of 0.2, 0.27 and 0.33 may even lead to higher distortion than the noisy 

speech. 

From Tables 4.1 to 4.6, we can see that the fixed-a subtraction method with smaller 

a values outperforms the spectral subtraction methods in the low input SNR cases using 

all three performance measures. On the other hand, higher SNR requires larger a values. 

Among different chosen a, there is always at least one a that can provide clear improve­

ment over the traditional spectral subtraction (where a = 1). 

The three objective quality measures used, PESQ, segmental SNR, and LLR all provide 
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Female Speech 1 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 
1.36 
1.64 
1.95 
2.30 
2.69 

PESQ score improvements 
Fixed a Subtraction 

Q = l 

+0.14 
+0.17 
+0.20 
+0.20 
+0.20 

a=0.50 
+0.24 
+0.31 
+0.36 
+0.36 
+0.36 

a=0.33 
+0.27 
+0.38 
+0.44 
+0.37 
+0.31 

a=0.27 
+0.28 
+0.40 
+0.44 
+0.32 
+0.21 

a=0.20 
+0.37 
+0.42 
+0.38 
+0.19 
-0.02 

Female Speech 2 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 
1.57 
1.85 
2.17 
2.47 
2.75 

PESQ score improvements 
Fixed a Subtraction 

a=\ 
+0.08 
+0.11 
+0.13 
+0.15 
+0.15 

a=0.50 
+0.15 
+0.19 
+0.21 
+0.24 
+0.25 

a=0.33 
+0.16 
+0.20 
+0.21 
+0.21 
+0.23 

a=0.27 
+0.17 
+0.19 
+0.17 
+0.13 
+0.16 

a=0.20 
+0.17 
+0.16 
+0.02 
-0.08 
-0.13 

Female Speech 3 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 
1.22 
1.61 
1.96 
2.34 
2.71 

PESQ score improvements 
Fixed a Subtraction 

a=l 
+0.18 
+0.22 
+0.21 
+0.22 
+0.19 

a=0.50 
+0.35 
+0.39 
+0.38 
+0.40 
+0.35 

a=0.33 
+0.46 
+0.48 
+0.45 
+0.44 
+0.33 

a=0.27 
+0.51 
+0.49 
+0.44 
+0.36 
+0.22 

a=0.20 
+0.55 
+0.51 
+0.32 
+0.14 
-0.06 

Table 4.1: Comparison of PESQ improvements for subtraction model with different a (Fe­
male speech) 



4.2 Fixed-a Subtraction Speech Enhancement Algorithm 97 

Male Speech 1 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 
1.39 
1.59 
1.82 
2.14 
2.51 

PESQ score improvements 
Fixed a Subtraction 

a-\ 
+0.04 
+0.13 
+0.19 
+0.19 
+0.17 

a=0.50 
+0.06 
+0.23 
+0.33 
+0.32 
+0.27 

a=0.33 
+0.09 
+0.30 
+0.38 
+0.33 
+0.20 

a=0.27 
+0.11 
+0.33 
+0.38 
+0.28 
+0.10 

a=0.20 
+0.15 
+0.35 
+0.30 
+0.08 
-0.16 

Male Speech 2 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 
1.58 
1.93 
2.31 
2.70 
3.18 

PESQ score improvements 
Fixed a Subtraction 

a=l 
+0.13 
+0.16 
+0.21 
+0.25 
+0.15 

a=0.50 
+0.22 
+0.31 
+0.40 
+0.37 
+0.25 

a=0.33 
+0.26 
+0.38 
+0.44 
+0.31 
+0.12 

a=0.27 
+0.27 
+0.38 
+0.41 
+0.23 
-0.03 

a=0.20 
+0.29 
+0.37 
+0.28 
+0.02 
-0.30 

Male Speech 3 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 
1.36 
1.69 
2.06 
2.43 
2.83 

PESQ score improvements 
Fixed a Subtraction 

Q = l 

+0.17 
+0.23 
+0.24 
+0.26 
+0.21 

a=0.50 
+0.32 
+0.41 
+0.43 
+0.43 
+0.37 

a=0.33 
+0.40 
+0.55 
+0.49 
+0.45 
+0.37 

a=0.27 
+0.44 
+0.59 
+0.51 
+0.40 
+0.26 

a=0.20 
+0.52 
+0.60 
+0.39 
+0.27 
-0.01 

Table 4.2: Comparison of PESQ improvements for subtraction model with different a 
(Male speech) 
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Female Speech 1 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 

SegSNR 
-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR 
Fixed a Subtraction 

a=l 
-3.20 
1.42 
5.81 
10.24 
14.61 

a=0.50 
0.34 
4.04 
7.53 
11.03 
14.41 

a=0.33 
1.51 
3.62 
5.65 
7.97 
10.27 

a=0.27 
1.34 
2.68 
4.05 
5.80 
7.57 

a=0.20 
0.69 
1.27 
1.95 
2.94 
4.02 

Female Speech 2 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 

SegSNR 
-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR 
Fixed a Subtraction 

a=\ 
-8.49 
-3.67 
0.91 
5.25 
9.78 

a=0.50 
-4.67 
-0.53 
3.21 
6.76 
10.37 

a=0.33 
-2.21 
0.59 
2.93 
5.31 
7.56 

a=0.27 
-1.28 
0.68 
2.36 
4.07 
5.67 

a=0.20 
-0.25 
0.62 
1.42 
2.23 
3.04 

Female Speech 3 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 

SegSNR 
-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR 
Fixed a Subtraction 

Q = l 

-3.57 
1.12 
5.55 
10.02 
14.42 

a=0.50 
-0.28 
3.59 
7.08 
10.77 
14.44 

a=0.33 
0.77 
3.09 
5.32 
7.78 
10.36 

a=0.27 
0.71 
2.28 
3.89 
5.70 
7.66 

a=0.20 
0.43 
1.16 
1.95 
2.93 
4.07 

Table 4.3: Comparison of Segmental SNRs for subtraction model with different a (Female 
speech) 
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Male Speech 1 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 

SegSNR 
-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR 
Fixed a Subtraction 

Q = l 

-2.91 
1.70 
6.21 
10.59 
15.02 

a=0.50 
0.59 
4.35 
8.03 
11.64 
15.18 

a=0.33 
1.55 
3.82 
6.12 
8.58 
10.93 

a=0.27 
1.37 
2.86 
4.46 
6.29 
8.08 

a=0.20 
0.76 
1.37 
2.17 
3.22 
4.28 

Male Speech 2 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 

SegSNR 
-5.95 
-0.95 
4.05 
9.05 
14.05 

Segmental SNR 
Fixed a Subtraction 

Q = l 

-3.03 
1.57 
6.09 
10.48 
14.93 

a=0.50 
-0.01 
3.74 
7.41 
10.90 
14.51 

a=0.33 
0.95 
3.30 
5.68 
7.89 
10.34 

a=0.27 
0.92 
2.52 
4.25 
5.84 
7.70 

a=0.20 
0.62 
1.31 
2.22 
3.04 
4.15 

Male Speech 3 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 

SegSNR 
-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR 
Fixed a Subtraction 

a=l 
-4.60 
-0.01 
4.41 
8.77 
13.23 

a=0.50 
-1.07 
2.67 
6.13 
9.51 
13.18 

a=0.33 
0.41 
2.71 
4.82 
7.00 
9.45 

a=0.27 
0.59 
2.13 
3.60 
5.19 
7.03 

a=0.20 
0.47 
1.15 
1.88 
2.74 
3.78 

Table 4.4: Comparison of Segmental SNRs for subtraction model with different a (Male 
speech) 
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Female Speech 1 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
LLR 
2.03 
1.67 
1.26 
0.89 
0.60 

Log Likelihood Ratio (LLR) 
Fixed a Subtraction 

a=l 
1.82 
1.41 
1.06 
0.71 
0.47 

a=0.50 
1.68 
1.27 
0.92 
0.61 
0.42 

a=0.33 
1.62 
1.21 
0.89 
0.63 
0.47 

a=0.27 
1.61 
1.21 
0.91 
0.68 
0.53 

a=0.20 
1.61 
1.24 
0.98 
0.79 
0.67 

Female Speech 2 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
LLR 
1.59 
1.33 
1.05 
0.80 
0.55 

Log Likelihood Ratio (LLR) 
Fixed a Subtraction 

a=l 
1.52 
1.23 
0.94 
0.70 
0.49 

a=0.50 
1.44 
1.15 
0.89 
0.68 
0.47 

a=0.33 
1.41 
1.15 
0.90 
0.74 
0.53 

a=0.27 
1.42 
1.18 
0.93 
0.80 
0.59 

a=0.20 
1.46 
1.23 
0.98 
0.88 
0.71 

Female Speech 3 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
LLR 
2.12 
1.72 
1.31 
0.96 
0.64 

Log Likelihood Ratio (LLR) 
Fixed a Subtraction 

a=\ 
1.87 
1.46 
1.12 
0.78 
0.55 

a=0.50 
1.70 
1.27 
1.00 
0.68 
0.49 

a=0.33 
1.61 
1.18 
0.98 
0.70 
0.55 

a=0.27 
1.57 
1.17 
1.00 
0.76 
0.61 

a=0.20 
1.53 
1.19 
1.05 
0.86 
0.71 

Table 4.5: Comparison of Log Likelihood Ratios for subtraction model with different a 
(Female speech) 
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Male Speech 1 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
LLR 
2.49 
2.01 
1.58 
1.17 
0.81 

Log Likelihood Ratio (LLR) 
Fixed a Subtraction 

a=\ 
2.15 
1.73 
1.32 
0.98 
0.68 

a=0.50 
1.91 
1.53 
1.15 
0.86 
0.61 

a=0.33 
1.76 
1.42 
1.11 
0.85 
0.64 

a=0.27 
1.70 
1.39 
1.12 
0.88 
0.69 

a=0.20 
1.64 
1.38 
1.17 
0.95 
0.80 

Male Speech 2 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
LLR 
1.38 
1.08 
0.78 
0.53 
0.36 

Log Likelihood Ratio (LLR) 
Fixed a Subtraction 

a-\ 
1.27 
0.91 
0.65 
0.44 
0.30 

a=0.50 
1.19 
0.83 
0.60 
0.42 
0.30 

a=0.33 
1.17 
0.83 
0.64 
0.50 
0.39 

a=0.27 
1.18 
0.86 
0.68 
0.56 
0.46 

a=0.20 
1.23 
0.91 
0.77 
0.66 
0.60 

Male Speech 3 
Input 
SNR 
(dB) 

0 
5 
10 
15 
20 

Input 
Signal 
LLR 
1.67 
1.35 
1.08 
0.79 
0.55 

Log Likelihood Ratio (LLR) 
Fixed a Subtraction 

a=l 
1.55 
1.18 
0.91 
0.68 
0.47 

a=0.50 
1.47 
1.09 
0.92 
0.65 
0.43 

a=0.33 
1.46 
1.08 
0.83 
0.71 
0.49 

a=0.27 
1.47 
1.11 
0.87 
0.77 
0.55 

a=0.20 
1.50 
1.19 
0.97 
0.90 
0.68 

Table 4.6: Comparison of Log Likelihood Ratios for subtraction model with different a 
(Male speech) 
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consistent results. These test results lead us to propose an adaptive-a approach for speech 

enhancement where a is adapted on a frame-by-frame basis. When the SNR of the frame 

is low, a smaller a will be assigned to remove more noise. When the SNR of the frame is 

high, a larger a will be assigned to better preserve the speech. Note that the SNR changes 

rapidly from one frame to another under the noisy condition. Also the clean speech variance 

is not available. This leads us to consider an adaptive choice of a based on the estimated 

Noisy Signal to Noise Ratio (NSNR) estimated using the variance estimates Xy and A„ in 

equations (4.3) and (4.2). 

4.3 Adaptive-a Subtraction Speech Enhancement Algo­

rithm 

In the previous section, we noted that the performance of speech enhancement depends on 

the choice of a. With higher input SNR, the value of a needs to be increased and vice 

versa. In this section, we will present a statistical approach for determining the value of a 

based on the loudness measure of speech. 

4.3.1 Selection of a based on Statistical Modelling 

First, we will try to determine the value of a based on minimizing the error in the loudness 

domain. As previously suggested, the Laplacian model is preferable over Gaussian model 

for speech signals [47]. Hence, stationary Laplacian and Gaussian sources are used for 

speech and noise, respectively. 

In the simulation, a Gaussian source N (Noise) and a Laplacian source X (clean speech 

signal) with a certain ratio of SNR are used. The noisy signal is simulated as Y = X + N. 



4.3 Adaptive-o Subtraction Speech Enhancement Algorithm 103 

The loudness model of (2.60) is used here due to its simplicity. The problem is to find 

the best estimate X so that the error in loudness domain: 

EL = ( (XT° - I * 2 ) " ) 2 (4-4) 

is minimized with ao chosen as 0.27 as given in [58]. 

It should be noted that we are not discussing adapting a0- Rather, the objective of the 

simulation is to find the value of a that produces the best estimate X to minimize EL in 

(4.4): 

(X2J = (Y2)a - (N2)a . (4.5) 

The simulation is done using SNR from -10 dB to 30 dB and a is tested for values 

varying from 0 to 1 with 0.05 increment. The value of a that results in X that minimizes 

EL in (4.4) is recorded and results are given in Figure 4.1. The SNR is transferred to the 

corresponding NSNR values for the X-axis. 

From Figure 4.1, we can clearly see that the best value of a increases as NSNR in­

creases. We can also see that the best value of a starts from 0.3 at -10 dB (0.4 dB NSNR) 

and approaches 1 around 12 dB. This is partly in agreement with the results obtained in 

the previous section. It shows that the best choice of a does increase with the input SNR. 

However, due to the fact that the actual SNR in a noisy speech signal varies in a much larger 

range than in this simple statistical model, the actual selection of the suitable a values is 

more complex. 

4.3.2 Adaptive-a Subtraction Speech Enhancement 

In the following simulation, different samples of male and female speech are used for 

testing. Speech signals are mixed with uncorrelated white noise and the overall SNR varies 
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Figure 4.1: The best value of a for different NSNRs 

from 0 dB to 20 dB with 5 dB increments. The noisy speech sample is preprocessed and 

transformed with FFT of length 128 with 50% overlap. The adaptive-a subtraction is then 

applied. Similar to the simulations in the previous chapter, the noise variance is estimated 

with a noise memory. The block diagram of such system is shown in Figure 4.2. 

An simplified relationship between a and NSNR is given in Figure 4.3. The low end of 

a is selected as 0.3 below 0 dB NSNR and the high end of a stays at 1 for NSNR> 12 dB. 

a changes linearly with the SNR between 0 and 12 dB. In the following Tables 4.7 and 4.8, 

this relationship is referred to as [0.3 1][0 12 dB]. 

Results for a set of choices for a are shown in Tables 4.7 to 4.8. The lower end of the 

a value is selected as 0.2 or 0.3 and the high end of the a is 0.5, 0.7, or 1. The value of a 

is changing linearly with the input NSNR for simplicity. The choice of the lower end and 
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Figure 4.2: The block diagram of the adaptive a speech enhancement system 

higher end values was chosen based on results from the simulations with fixed-a and the 

statistical modelling. 

The PESQ, segmental SNR and LLR measures are evaluated separately. The first set 

of Tables 4.7 and 4.8 summarize the improvement in PESQ using different ranges for a 

for both male and females speech. [0.2 1][0 20dB] and [0.2 0.7][0 15dB] are the best two 

sets based on the overall performance. Especially, the set of [0.2 0.7][0 15dB] outperforms 

the best PESQ value achieved with fixed a's consistently. And the set of [0.2 1][0 20dB] 

performs better in 27 of 30 tests and just slightly worse in the others. 

Tables 4.9 and 4.10 show the segmental SNRs of the algorithm. Similarly, the sets of 
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Figure 4.3: The relationship between SNR and power factor a 

[0.2 1][0 20dB] and [0.2 0.7][0 15dB] provide the most consistent improvements. The set 

of [0.2 0.7][0 15dB] outperforms the best with fixed-a in all but one case. 

The set of [0.3 1][0 12dB], which is suggested by the statistical modelling as in Figure 

4.1, shows least SNR improvement when the input SNR is low. The residual noise is still 

high after enhancement. By further reducing the lower end of a to 0.2, the performance 

improves at lower input SNR cases. 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
Adaptive [amin amin] [SNRmin SNRmin] 

[0.3 1] 
[0 12dB] 

+0.29 
+0.35 
+0.42 
+0.41 
+0.41 

[0.2 1] 
[0 20dB] 

+0.38 
+0.44 
+0.51 
+0.51 
+0.51 

[0.2 0.7] 
[0 15dB] 

+0.39 
+0.46 
+0.52 
+0.51 
+0.51 

[0.2 0.7] 
[0 20dB] 

+0.40 
+0.47 
+0.52 
+0.50 
+0.48 

[0.2 0.5] 
[0 20dB] 

+0.42 
+0.47 
+0.49 
+0.43 
+0.37 

Best with 
fixed factor a 

+0.37 
+0.42 
+0.44 
+0.37 
+0.36 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
Ada 

[0.3 1] 
[0 12dB] 

+0.17 
+0.24 
+0.28 
+0.30 
+0.34 

ptive [amin 
amin\ [ ^ " m i n •J-" Rminl [0.2 1] 

[0 20dB] 
+0.20 
+0.29 
+0.31 
+0.34 
+0.38 

[0.2 0.7] 
[0 15dB] 

+0.20 
+0.30 
+0.31 
+0.34 
+0.38 

[0.2 0.7] 
[0 20dB] 

+0.19 
+0.31 
+0.29 
+0.34 
+0.37 

[0.2 0.5] 
[0 20dB] 

+0.18 
+0.28 
+0.21 
+0.27 
+0.30 

Best with 
fixed factor a 

+0.17 
+0.20 
+0.21 
+0.24 
+0.25 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
Ada 

[0.3 1] 
[0 12dB] 

+0.42 
+0.45 
+0.43 
+0.42 
+0.44 

ptive [amin amin] [SNRmin SNRmin] 
[0.2 1] 

[0 20dB] 
+0.55 
+0.54 
+0.54 
+0.53 
+0.52 

[0.2 0.7] 
[0 15dB] 

+0.57 
+0.55 
+0.55 
+0.54 
+0.52 

[0.2 0.7] 
[0 20dB] 

+0.60 
+0.56 
+0.55 
+0.53 
+0.50 

[0.2 0.5] 
[0 20dB] 

+0.62 
+0.56 
+0.50 
+0.47 
+0.38 

Best with 
fixed factor a 

+0.55 
+0.51 
+0.45 
+0.44 
+0.35 

Table 4.7: Comparison of PESQ scores with adaptive-a subtraction and different set of 
factors (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
Adaptive [amin Ol-mini [o.N ttmin & N Rmin\ 

[0.3 1] 
[0 12dB] 

+0.22 
+0.31 
+0.40 
+0.36 
+0.31 

[0.2 1] 
[0 20dB] 

+0.30 
+0.41 
+0.48 
+0.41 
+0.32 

[0.2 0.7] 
[0 15dB] 

+0.31 
+0.42 
+0.49 
+0.41 
+0.31 

[0.2 0.7] 
[0 20dB] 

+0.32 
+0.43 
+0.48 
+0.39 
+0.27 

[0.2 0.5] 
[0 20dB] 

+0.32 
+0.43 
+0.43 
+0.31 
+0.18 

Best with 
fixed factor a= 

+0.15 
+0.35 
+0.38 
+0.33 
+0.27 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
Ada 

[0.3 1] 
[0 12dB] 

+0.22 
+0.39 
+0.39 
+0.38 
+0.22 

ptive [amin SNRmin] 
[0.2 1] 

[0 20dB] 
+0.29 
+0.46 
+0.50 
+0.44 
+0.30 

[0.2 0.7] 
[0 15dB] 

+0.29 
+0.47 
+0.50 
+0.44 
+0.31 

[0.2 0.7] 
[0 20dB] 

+0.31 
+0.48 
+0.50 
+0.43 
+0.29 

[0.2 0.5] 
[0 20dB] 

+0.31 
+0.48 
+0.45 
+0.35 
+0.20 

Best with 
fixed factor a= 

+0.29 
+0.38 
+0.44 
+0.37 
+0.25 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
Ada 

[0.3 1] 
[0 12dB] 

+0.39 
+0.49 
+0.52 
+0.46 
+0.38 

ptive [amin SNRmin] 
[0.2 1] 

[0 20dB] 
+0.51 
+0.62 
+0.61 
+0.55 
+0.50 

[0.2 0.7] 
[0 15dB] 

+0.53 
+0.63 
+0.61 
+0.55 
+0.51 

[0.2 0.7] 
[0 20dB] 

+0.55 
+0.66 
+0.60 
+0.54 
+0.51 

[0.2 0.5] 
[0 20dB] 

+0.56 
+0.67 
+0.56 
+0.46 
+0.42 

Best with 
fixed factor a= 

+0.52 
+0.60 
+0.51 
+0.45 
+0.37 

Table 4.8: Comparison of PESQ scores with adaptive-a subtraction and different set of 
factors (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR 
Adaptive [amin SNRmin] 

[0.3 1] 
[0 12dB] 

0.19 
4.04 
7.65 
11.37 
15.22 

[0.2 1] 
[0 20dB] 

2.08 
5.25 
8.25 
11.60 
15.13 

[0.2 0.7] 
[0 15dB] 

2.36 
5.36 
8.23 
11.49 
14.94 

[0.2 0.7] 
[0 20dB] 

2.60 
5.37 
8.06 
11.20 
14.53 

[0.2 0.5] 
[0 20dB] 

2.49 
4.81 
7.22 
10.10 
13.17 

Best with 
fixed factor a 

1.51 
4.04 
7.53 
11.03 
14.41 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR 
Adaptive [amin amin] [SNRmin Oiv rimini 

[0.3 1] 
[0 12dB] 

-4.79 
-0.80 
3.10 
6.90 
10.76 

[0.2 1] 
[0 20dB] 

-2.36 
1.10 
4.38 
7.68 
11.21 

[0.2 0.7] 
[0 15dB] 

-1.83 
1.46 
4.58 
7.74 
11.19 

[0.2 0.7] 
[0 20dB] 

-1.15 
1.89 
4.76 
7.73 
11.04 

[0.2 0.5] 
[0 20dB] 

-0.38 
2.16 
4.59 
7.15 
10.13 

Best with 
fixed factor a 

-0.25 
0.68 
3.21 
6.76 
10.37 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR 
Ada 

[0.3 1] 
[0 12dB] 

-0.44 
3.48 
7.47 
11.11 
15.13 

ptive [amin 

[0.2 1] 
[0 20dB] 

1.27 
4.59 
8.20 
11.53 
15.17 

[0.2 0.7] 
[0 15dB] 

1.55 
4.72 
8.23 
11.51 
15.03 

[0.2 0.7] 
[0 20dB] 

1.83 
4.75 
8.12 
11.34 
14.72 

[0.2 0.5] 
[0 20dB] 

1.82 
4.30 
7.32 
10.38 
13.45 

Best with 
fixed factor a 

0.77 
3.59 
7.08 
10.77 
14.44 

Table 4.9: Comparison of Segmental SNR with adaptive-a subtraction and different set of 
factors (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR 
Adaptive [amin 

[0.3 1] 
[0 12dB] 

0.39 
4.43 
8.31 
11.92 
15.74 

[0.2 1] 
[0 20dB] 

2.26 
5.86 
9.19 
12.40 
15.79 

[0.2 0.7] 
[0 15dB] 

2.55 
6.04 
9.24 
12.35 
15.65 

[0.2 0.7] 
[0 20dB] 

2.80 
6.12 
9.15 
12.16 
15.37 

[0.2 0.5] 
[0 20dB] 

2.69 
5.58 
8.33 
11.15 
14.14 

Best with 
fixed factor a 

1.55 
4.35 
8.03 
11.64 
15.18 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

-5.95 
-0.95 
4.05 
9.05 
14.05 

Segmental SNR 
Ada 

[0.3 1] 
[0 12dB] 

-0.28 
3.64 
7.27 
11.23 
15.29 

ptive [amin amin] [SNRmin SNRmin] 
[0.2 1] 

[0 20dB] 
1.26 
4.66 
7.84 
11.39 
15.30 

[0.2 0.7] 
[0 15dB] 

1.56 
4.81 
7.88 
11.31 
15.17 

[0.2 0.7] 
[0 20dB] 

1.85 
4.88 
7.81 
11.04 
14.84 

[0.2 0.5] 
[0 20dB] 

1.93 
4.56 
7.19 
10.00 
13.53 

Best with 
fixed factor a 

0.95 
3.74 
7.41 
10.90 
14.51 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR 
Adaptive [amin amm] [SNRmin 

[0.3 1] 
[0 12dB] 

-1.39 
2.49 
6.08 
9.85 
13.83 

[0.2 1] 
[0 20dB] 

0.54 
3.78 
6.88 
10.20 
13.90 

[0.2 0.7] 
[0 15dB] 

0.90 
3.96 
6.95 
10.14 
13.77 

[0.2 0.7] 
[0 20dB] 

1.31 
4.12 
6.91 
9.90 
13.45 

[0.2 0.5] 
[0 20dB] 

1.58 
3.87 
6.34 
8.95 
12.22 

Best with 
fixed factor a 

0.59 
2.71 
6.13 
9.51 
13.18 

Table 4.10: Comparison of Segmental SNR with adaptive-a subtraction and different set 
of factors (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

2.02 
1.66 
1.29 
0.91 
0.60 

LLR 
Adaptive [amin amin] [SNRmin SNRmin] 

[0.3 1] 
[0 12dB] 

1.58 
1.27 
0.90 
0.62 
0.42 

[0.2 1] 
[0 20dB] 

1.55 
1.25 
0.90 
0.64 
0.46 

[0.2 0.7] 
[0 15dB] 

1.55 
1.25 
0.91 
0.65 
0.48 

[0.2 0.7] 
[0 20dB] 

1.55 
1.26 
0.93 
0.67 
0.50 

[0.2 0.5] 
[0 20dB] 

1.56 
1.28 
0.95 
0.71 
0.56 

Best with 
fixed factor a 

1.68 
1.29 
1.00 
0.76 
0.52 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

1.61 
1.31 
1.06 
0.78 
0.56 

LLR 
Adaptive [amin amin\ [SNRmin SNRmin] 

[0.3 1] 
[0 12dB] 

1.46 
1.16 
0.86 
0.70 
0.46 

[0.2 1] 
[0 20dB] 

1.47 
1.19 
0.92 
0.77 
0.52 

[0.2 0.7] 
[0 15dB] 

1.47 
1.19 
0.92 
0.79 
0.53 

[0.2 0.7] 
[0 20dB] 

1.47 
1.19 
0.93 
0.81 
0.56 

[0.2 0.5] 
[0 20dB] 

1.47 
1.20 
0.95 
0.84 
0.61 

Best with 
fixed factor a 

1.68 
1.29 
1.00 
0.76 
0.52 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

2.12 
1.72 
1.31 
0.96 
0.64 

LLR 
Ada 

[0.3 1] 
[0 12dB] 

1.61 
1.18 
0.89 
0.64 
0.46 

ptive [amin 

[0.2 1] 
[0 20dB] 

1.51 
1.15 
0.88 
0.65 
0.47 

[0.2 0.7] 
[0 15dB] 

1.50 
1.14 
0.88 
0.66 
0.49 

[0.2 0.7] 
[0 20dB] 

1.48 
1.14 
0.90 
0.69 
0.52 

[0.2 0.5] 
[0 20dB] 

1.46 
1.13 
0.94 
0.74 
0.59 

Best with 
fixed factor a 

1.53 
1.17 
0.98 
0.68 
0.49 

Table 4.11: Comparison of Log Likelihood Ratio with adaptive-a subtraction and different 
set of factors (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

2.49 
2.01 
1.58 
1.17 
0.81 

LLR 
Adaptive [amin amin] [SNRmin SNRmin] 

[0.3 1] 
[0 12dB] 

1.79 
1.44 
1.09 
0.83 
0.59 

[0.2 1] 
[0 20dB] 

1.64 
1.34 
1.06 
0.82 
0.59 

[0.2 0.7] 
[0 15dB] 

1.63 
1.33 
1.06 
0.82 
0.60 

[0.2 0.7] 
[0 20dB] 

1.63 
1.29 
1.07 
0.83 
0.61 

[0.2 0.5] 
[0 20dB] 

1.61 
1.27 
1.08 
0.86 
0.65 

Best with 
fixed factor a 

1.64 
1.38 
1.11 
0.85 
0.61 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

1.38 
1.08 
0.78 
0.53 
0.36 

LLR 
Adaptive [amin 

amin\ L"->A/timin "jAr rCminJ [0.3 1] 
[0 12dB] 

1.14 
0.82 
0.59 
0.41 
0.28 

[0.2 1] 
[0 20dB] 

1.14 
0.83 
0.63 
0.44 
0.30 

[0.2 0.7] 
[0 15dB] 

1.14 
0.83 
0.65 
0.47 
0.35 

[0.2 0.7] 
[0 20dB] 

1.14 
0.85 
0.70 
0.51 
0.38 

[0.2 0.5] 
[0 20dB] 

1.15 
0.86 
0.75 
0.55 
0.44 

Best with 
fixed factor a 

1.17 
0.83 
0.64 
0.42 
0.30 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
PESQ 

1.67 
1.35 
1.08 
0.79 
0.55 

LLR 
Ada 

[0.3 1] 
[0 12dB] 

1.45 
1.08 
0.81 
0.64 
0.42 

ptive [amin 
" m i n i L*-̂  * **"min ' - '• ' '• '^mmJ [0.2 1] 

[0 20dB] 
1.47 
1.10 
0.84 
0.65 
0.43 

[0.2 0.7] 
[0 15dB] 

1.48 
1.13 
0.86 
0.68 
0.44 

[0.2 0.7] 
[0 20dB] 

1.48 
1.15 
0.88 
0.74 
0.47 

[0.2 0.5] 
[0 20dB] 

1.49 
1.17 
0.92 
0.80 
0.53 

Best with 
fixed factor a 

1.46 
1.08 
0.83 
0.65 
0.43 

Table 4.12: Comparison of Log Likelihood Ratio with adaptive-a subtraction and different 
set of factors (Male speech) 
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Tables 4.11 and 4.12 show the log likelihood ratio (LLR) measure of the enhanced 

speech. The results show that the two sets of [0.2 1][0 20dB] and [0.2 0.7][0 15dB] provide 

comparable LLR results with the best achieved with fixed-a. 

Next, we examine the enhanced signal energy in Table 4.13. This table shows the 

energy of the enhanced signal for the adaptive-a subtraction, fixed-a subtraction compared 

with original signal. 

Input 
SNR 

0 
5 
10 
15 
20 

Input 
Speech 

Variance 
0.14 
0.14 
0.14 
0.14 
0.14 

Enhanced Signal Variances 
Adaptive 

[0.2 0.7][0 15dB] 
0.13 
0.14 
0.14 
0.14 
0.14 

Fixed factor 
0.20 
0.02 
0.04 
0.05 
0.06 
0.08 

0.27 
0.06 
0.07 
0.09 
0.10 
0.11 

0.33 
0.08 
0.09 
0.10 
0.11 
0.12 

0.50 
0.12 
0.12 
0.13 
0.13 
0.14 

Table 4.13: Comparison of enhanced signal variance with adaptive-a subtraction and dif­
ferent set of factors 

It is clear that the fixed-a approach reduces the energy of the enhanced signal signif­

icantly when the a value is low, or when the input SNR is low. On the other hand, the 

adaptive-a subtraction can preserve the speech signal much better than the fixed-a case. 

Overall, we expected to improve performance while adapting a to the best value for the 

frame-by-frame SNR. This has been confirmed by the simulations. Based on the results, 

the adaptive-a subtraction has the following advantages: 

• The adaptive a will improve the performance of the speech enhancement over a fixed 

a. The set of [0.3 0.7][0 15dB] can provide better PESQ and segmental SNR improvements 

than the fixed a. With adaptive a, the choice of a is on a frame-by-frame basis. Unlike the 

fixed-a, no estimation of the overall SNR is required for the selection of the proper value of 

a. The algorithm adjusts the value adaptively using the information from the most recent 
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frame. 

• The best set of adaptive a values is [0.2 0.7][0 15dB]. It provides consistent results 

for all the tests. It shows further improvements in the PESQ and segmental SNR measures 

and no serious distortion is introduced. 

• With the fixed a, the energy will be significantly reduced for low SNR or smaller a 

cases. This is due to the severe over-subtraction for these conditions. The adaptive a will 

preserve the energy of the original speech as shown in Table 4.13 compared to the fixed a 

case which attenuated the signal at low SNR or smaller a cases. 

4.4 Conclusions 

In this Chapter, we presented an adaptive-a subtraction speech enhancement approach. 

This approach was originally based on the generalized spectral subtraction method. The 

value of a used in the generalized spectral subtraction field has been relatively subjective. 

We first tested the performance of speech enhancement with fixed a for all frames in a 

speech file. We tested for various values of a and evaluate the performance based on three 

objective quality measures: PESQ, segmental SNR and log likelihood ratio. It was shown 

that the best a depends on the SNR. This leads us to propose the adaptation of a based on 

frame-by-frame SNRs. 

We also proposed a statistical method to choose the range of the values of a as a func­

tion of the SNR. We used a stationary Gaussian source for noise and a Laplacian source 

for speech in the simulation. The a value selected minimizes the error in the loudness do­

main. The results confirmed that the performance improves when the value of a is chosen 

adaptively based on the frame-by-frame SNR, with a increasing for higher SNR. 
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Next, we used the results of the statistical test to enhance speech with the adaptive-

a. We used several sets of different a values for testing, which were chosen based on 

the results of the fixed-a and the statistical modelling. We showed that the adaptive-a 

subtraction speech enhancement algorithm can improve the performance consistently over 

fixed a. The adaptive approach was shown to be superior as assessed by the PESQ and 

segmental SNR measures. The LLR measure confirmed that the adaptive approach does 

not lead to further distortion. We also noted that adaptive-a can preserve the energy of the 

speech in the original noisy signals. All simulation results confirm that the adaptation of 

a in a loudness-based speech enhancement algorithm is an efficient method that improves 

the performance of the generalized spectral subtraction speech enhancement algorithm. 



Chapter 5 

Speech Enhancement based on Loudness 

Subtraction Model 

5.1 Introduction 

Spectral subtraction has been used as an computationally effective method for speech en­

hancement [26] [80]. This approach estimates the power spectral density of the clean 

speech signal by subtracting the power spectral density (PSD) of the noise estimate from 

the PSD of the noisy signal. Also the magnitude estimates [26] and the envelope of the 

spectrum [106] have been used as substitutes for PSD in the subtraction . 

Even though the additive noise is usually assumed to be stationary, it still has its peaks 

and valleys for a particular frame. Simple spectral subtraction may lead to unpleasant 

residue in the enhanced speech signals. In [25], an over-subtraction approach was proposed. 

The over-subtraction subtracts an over-estimate by adding a multiplication factor before the 

noise estimate in the subtraction process. It eliminates the noise peaks better compared to 

the normal subtraction. The overall performance can be improved by carefully selecting the 
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parameters for the over-subtraction. The parameters are selected based on the estimation of 

the instantaneous SNR. When the instantaneous SNR is low, the parameters will be selected 

to remove more noise, and vice versa. This over-subtraction approach has also been used 

in the substitutional algorithms for magnitude [26] or spectrum envelope [106]. 

The spectra] subtraction has been further improved with the consideration of the mask­

ing property of the human ear [109]. The noise masking threshold, below which the noise 

is inaudible to the human ear, is calculated. The subtraction adjusts the level of the sub­

traction based on the noise masking threshold. When the threshold is low, more noise is 

removed from the noisy speech, and vice versa. Thus, the subtraction factor is controlled 

by the noise masking threshold. 

In searching for a speech enhancement algorithm with better performance, we note that 

the perceived quality of the enhanced speech is eventually measured by Mean Opinion 

Score (MOS). It was shown in [95] that MOS can be measured with reasonable accuracy 

by the ITU-T Recommendation R862 (PESQ). As such, PESQ has been used to estimate 

the performance of a speech enhancement algorithm. The PESQ uses the loudness model 

to compare a (distorted) speech signal to a reference (clean) speech signal. The loudness 

density differences between the distorted and clean signals are considered as the distur­

bance. This disturbance is the main measure of the speech quality by PESQ. This leads 

us to try developing speech enhancement algorithms to minimize the loudness disturbance. 

As mentioned before, the loudness model is a more accurate model for the human hear­

ing system and as such, we expect a loudness-based subtraction-type speech enhancement 

algorithm can outperform the corresponding algorithms in the spectral domain. 

In this chapter, the loudness subtraction and over-subtraction algorithms are proposed. 
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5.2 Direct Loudness Substraction 

The speech enhancement algorithm using direct loudness subtraction was originally pro­

posed by Petersen [93]. The loudness of a signal with intensity I is: 

Lx = C • {{X2 + M)a - (M)a) . (5.1) 

The clean speech signal spectrum is X, C is a constant and M is the internal masking 

intensity, which is 4 dB above the absolute threshold [93]. The absolute threshold is the 

minimum sound level of a pure tone that an average ear with normal hearing can hear in a 

noiseless environment [10]. We assume the added noise energy is N2. When the external 

noise is added to the speech, the human ear combines it with the internal masking noise as 

the new masking noise [82]. The loudness of the resulting signal perceived by the ear can 

be formulated as 

Lx = C-{(X2 + N2 + M)a-(N2 + M)a). (5.2) 

Assume the enhanced signal with energy X2 has the same loudness as the above perceived 

loudness and has only the internal masking effect. Then, 

C • ((x2 + MY - (M) a ) = C • ((X2 + N2 + M)a - (TV2 + M)a) . (5.3) 

Thus, the energy of the enhanced signal, with the same loudness as the noisy signal, is 

given by; 

X2 = ((Y2 + M)° - (TV2 + M)a + MaY - M. (5.4) 

where Y2 = X2 + N2 is the energy of the noisy signal. 

Overall, this method is based on the loudness subtraction approach in the frequency 

domain. This approach was shown to provide smoother and less-distorted speech than 

spectral subtraction [93]. 
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5.3 Statistical Loudness Subtraction Model 

In this section, the loudness subtraction model of speech enhancement is considered. The 

human hearing system assesses the relative quality of a speech signal based on the dif­

ference in the loudness domain between the given signal and the reference (clean) speech 

signal. This suggests a subtraction-based speech enhancement in the loudness domain. 

In [93], a speech enhancement algorithm based on the loudness subtraction with con­

siderations of the internal masking intensity. This internal masking intensity represents the 

level of a tone to be just audible. When the signal loudness is high, the effect of the internal 

masking is negligible. Thus, we can rewrite (5.4) as: 

X=((Y)2a-(N)2a)1/2a- (5-5) 

In general, for a ^ 1, and even if X and iV are assumed to be independent, the following 

equation holds: 

E{Y2a} ^E{X2a} + E{N2a}. (5.6) 

Considering both (5.5) and (5.6), the average loudness of the enhanced signal will not be 

automatically equal to the average loudness of original signal: E \ X2a \ ^ E {X2"}, even 

if the noise signal is accurately estimated and subtracted out. 

A more generalized loudness subtraction algorithm is proposed as follows: 

X2 = {{Y2Y-a{N2)aY (5.7) 

where a is defined as the subtraction factor. To maintain the loudness of the reconstructed 

speech at the same levels as the original clean speech, we require 

E lx2a\ = E {Y2a} - E {aN2a} ^ E {X2a} (5.8) 
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where 
„ E{Y2a-X2a) 

E{N2<*} ( 5"9) 

Defining the Noisy-Signal-to-Noise Ratio (NSNR) as: 

E{Y2} 
NSNR^EJ]4' (5-10) 

we now proceed to determine a in terms of measurable signals. 

In the frequency domain, the clean speech X is assumed to have Laplacian distribution, 

while the noise N is assumed to be Gaussian. To simulate this, two stationary sources 

(Laplacian and Gaussian) are used as samples for X and N in the above equations. A 

Laplacian source can be obtained using a function of a uniform distributed source U in 

[0,1] with the following transform: 

X = \og{l-U). (5.11) 

Random selected phases with uniform distribution between 0 and 2ir are added to X and N, 

respectively. Both sources are zero mean and with variances determined by the specified 

NSNR. 

Figure 5.1 shows the parameter a as a function of the NSNR calculated as in (5.9). The 

NSNR is estimated on a frame-by-frame basis to adjust the value of a with the variance of 

the speech signals. This will be needed later in the speech enhancement algorithms. 

5.3.1 Simulation Setup 

In the next section, several proposed speech enhancement approaches will be evaluated 

using the ITU P.862 (PESQ) [15]. 

White noise is added to the clean speech signal with different SNRs from 0 dB to 20 

dB. The noisy speech goes through a serial to parallel converter to be separated into frames 
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0.4 
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NSNR(dB) 

Figure 5.1: Statistical estimation of the subtraction factor a for loudness subtraction (Eq. 
(5.9)) 

of 128 samples each. Then the FFT of each frame is obtained resulting in the noisy speech 

spectral magnitude vector Y. The phase of the FFT is saved separately. 

The loudness of the noise is estimated separately using a noise memory [46] [48] [118]. 

In practical systems, the noise memory can be derived from the noisy-only intervals from 

the noisy speech, which is detected by a voice activity detector (VAD). The noise loudness 

is estimated from the most recent noise samples, which have the same statistical property as 

the noise added to the speech. The use of noise memory can provide an excellent estimate 

of the noise loudness. 

The FFT amplitude components for the enhanced signal are estimated using the differ­

ent speech enhancement algorithms to be presented. The phase of the FFT of noisy speech 

is maintained for the enhanced speech. The Inverse FFT is applied to derive the enhanced 

speech in the corresponding frame. Finally, the frame-by-frame speech signals is passed 

through a parallel to serial converter and the enhanced speech signal is reconstructed. 
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5.3.2 Proposed Loudness Subtraction with Fixed Subtraction Factor 

a 

Here, we consider the algorithm proposed in Eq. (5.7) where a is estimated as in Figure 

5.1. Speech signals are mixed with uncorrelated white noise and the overall SNR varies 

from 0 dB to 20 dB with 5 dB increments. Different samples of male and female speech 

are used for testing. These speech files will be used through the remainder of this chapter. 

The noisy speech sample is preprocessed and transformed with FFT of length 128 with 

50% overlap. Loudness subtraction is then applied using a fixed a for all frames for the 

whole speech within each test. A noise reference is used to generate the estimate of noise 

loudness. In this thesis, a white noise memory with the same variance as the additive noise 

is used for testing the speech enhancement algorithm. More complicated noise estimation 

methods for non-stationary noise have been used in speech enhancement. In this thesis, we 

only test with stationary noise and the reference memory can provide a good estimation for 

the noise loudness. Under such situation, the result can reflect the performance of speech 

enhancement algorithm itself. It leads to easier comparison with other algorithms. 

The block diagram of such system is shown in Figure 5.2. 

The objective of this test is to identify the optimal value of a for different overall SNRs 

based on the PESQ quality measure. Eight different values of a from 0.2 to 2 are tested 

with speech signals. The results are given in Tables 5.1 to 5.2. 

The results from the Tables 5.1 to 5.2 show that the best choice of a decreases as the 

SNR increases. This is consistent with the statistical estimation (Figure 5.1) in the previous 

section. But the optimal value of a is much higher than the value as in Figure 5.1. The 

optimal value ranges from 0.6 to 1.2, compared to the range of 0.05 to 0.5 in the statistical 

model as shown in Figure 5.1. 
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Female Speech 1 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
a=2 

+0.01 
-0.01 
-0.16 
-0.38 
-0.53 

a=1.5 
+0.41 
+0.22 
+0.10 
-0.10 
-0.16 

a=1.2 
+0.42 
+0.42 
+0.39 
+0.30 
+0.07 

a=\ 
+0.31 
+0.38 
+0.44 
+0.32 
+0.23 

a=0.8 
+0.25 
+0.32 
+0.39 
+0.33 
+0.28 

a=0.6 
+0.20 
+0.23 
+0.30 
+0.28 
+0.27 

a=0.4 
+0.14 
+0.14 
+0.20 
+0.20 
+0.20 

a=0.2 
+0.08 
+0.07 
+0.10 
+0.10 
+0.11 

Female Speech 2 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
a=2 

-0.55 
-0.60 
-0.66 
-0.81 
-0.84 

o=1.5 
-0.01 
-0.18 
-0.37 
-0.38 
-0.36 

a=\2 
+0.19 
+0.21 
+0.03 
-0.04 
-0.02 

a=\ 
+0.18 
+0.21 
+0.14 
+0.12 
+0.17 

a=0.8 
+0.16 
+0.20 
+0.16 
+0.19 
+0.19 

a=0.6 
+0.12 
+0.17 
+0.14 
+0.19 
+0.17 

a=0.4 
+0.10 
+0.12 
+0.12 
+0.11 
+0.12 

a=0.2 
+0.05 
+0.07 
+0.07 
+0.06 
+0.06 

Female Speech 3 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
a=2 
-0.19 
-0.35 
-0.36 
-0.50 
-0.59 

a=1.5 
+0.24 
+0.12 
+0.05 
-0.10 
-0.21 

a=1.2 
+0.53 
+0.45 
+0.33 
+0.25 
+0.07 

a=l 
+0.49 
+0.46 
+0.44 
+0.35 
+0.24 

a=0.8 
+0.40 
+0.42 
+0.42 
+0.38 
+0.30 

a=0.6 
0.31 

+0.33 
+0.35 
+0.34 
+0.28 

a=0.4 
+0.18 
+0.23 
+0.25 
+0.23 
+0.24 

a=0.2 
+0.07 
+0.11 
+0.14 
+0.11 
+0.14 

Table 5.1: PESQ scores with fixed a loudness subtraction (Female speech) 
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Male Speech 1 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
a=2 

-0.02 
-0.07 
-0.29 
-0.55 
-0.68 

a=1.5 
+0.18 
+0.11 
-0.02 
-0.28 
-0.42 

a=1.2 
+0.28 
+0.37 
+0.31 
+0.12 
-0.10 

a=\ 
+0.18 
+0.32 
+0.38 
+0.27 
+0.09 

a=0.8 
+0.12 
+0.24 
+0.34 
+0.30 
+0.20 

a=0.6 
+0.08 
+0.17 
+0.25 
+0.26 
+0.23 

a=0.4 
+0.08 
+0.10 
+0.16 
+0.20 
+0.18 

o=0.2 
+0.05 
+0.05 
+0.08 
+0.10 
+0.10 

Male Speech 2 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
a-2 

-0.41 
-0.23 
-0.48 
-0.65 
-0.80 

o=1.5 
+0.10 
+0.12 
-0.07 
-0.22 
-0.44 

o=1.2 
+0.29 
+0.37 
+0.30 
+0.18 
-0.13 

a=\ 
+0.27 
+0.36 
+0.37 
+0.32 
+0.07 

a=0.8 
+0.23 
+0.34 
+0.35 
+0.38 
+0.27 

a=0.6 
+0.17 
+0.29 
+0.29 
+0.36 
+0.27 

a=0.4 
+0.11 
+0.15 
+0.25 
+0.25 
+0.22 

a=0.2 
+0.04 
+0.07 
+0.14 
+0.12 
+0.08 

Male Speech 3 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
a=2 

-0.01 
-0.12 
-0.26 
-0.45 
-0.58 

a=1.5 
+0.40 
+0.28 
+0.13 
-0.12 
-0.19 

a=1.2 
+0.52 
+0.58 
+0.41 
+0.28 
+0.067 

a=l 
+0.44 
+0.53 
+0.52 
+0.39 
+0.25 

a=0.8 
+0.37 
+0.43 
+0.46 
+0.41 
+0.32 

a=0.6 
+0.28 
+0.31 
+0.36 
+0.36 
+0.30 

a=0.4 
+0.18 
+0.20 
+0.22 
+0.21 
+0.23 

a=0.2 
+0.10 
+0.08 
+0.11 
+0.10 
+0.11 

Table 5.2: PESQ scores with fixed a loudness subtraction (Male speech) 
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Figure 5.2: The block diagram of the loudness subtraction type speech enhancement system 

The approach in the previous direct loudness subtraction in Eq. (5.5) subtracts the 

average loudness of the noise from the noisy speech signal. Given that the noise follows 

a Gaussian distribution, the actual loudness of the noise will differ from the average value 

for different frames. When the noise in a particular frame is large, there will be strong 

noise residue in the enhanced signal. When the noise is low, the fixed subtraction will lead 

to distortions to the speech. 

Based on the above results, the effect of the value of a can be explained based on Eq. 
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(5.7). When a increases, the algorithm removes more noise with the associated higher 

chances of distortion of the speech itself. Such trade-off between distortion and noise 

deduction exists in many speech enhancement algorithms. If a is selected carefully, large 

noise residues can be removed only when necessary. 

These conclusions lead us to the over-subtraction model that will be discussed next. 

5.4 Proposed Loudness Over-Subtraction Model 

5.4.1 Spectral Over-Subtraction 

A spectral over-subtraction method has been proposed in [25] [107]. The main objective 

of the over-subtraction is to remove the peaks of the noise spectrum by removing an over­

estimate of the noise. Especially when the SNR is low, a larger subtraction scaling factor 

was determined to be beneficial. The subtraction scaling factor for spectral over-subtraction 

[25] is shown as in Figure 5.3, with the corresponding spectral over-subtraction given by: 

/ 

6 

5 

a4 

3 

2 

n 

-10 10 
SNR(dB) 

20 30 

Figure 5.3: The subtraction factor a for spectral over-subtraction 
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X2 = Y2 -E{aN2}. (5.12) 

The enhanced speech signals of the spectral subtraction and spectral over-subtraction 

are shown in Figure 5.4. 

Clearly, the spectral over-subtraction can remove more noise from the noisy speech 

signal, especially when the SNR is low. The speech portion is also lowered with over-

subtraction. But the overall SNR is improved. The spectral over-subtraction can remove 

the large noise residues which can't be removed by the spectral subtraction. This leads us 

to propose a similar over-subtraction speech enhancement approach in the loudness domain 

next. 

5.4.2 Loudness Over-Subtraction 

In this section, we focus on removing a carefully determined over-estimate of the noise 

from the noisy signal in the loudness domain while avoiding increased distortion. As a 

is increased, more noise will be deducted but the enhanced speech will likely be more 

distorted. If a is chosen carefully, the improvement of the NSNR could compensate for the 

larger distortion of the speech. One natural way to modify the values in statistical loudness 

subtraction is through a scaling factor to a. 

Two types of over-subtraction will be considered here: 

• multiplying the values in statistical loudness subtraction by a fixed scaling factor. 

• multiplying the values in statistical loudness subtraction by a linear scaling factor 

that has the shape as in Figure 5.3 (loudness over-subtraction). 
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Clean Speech 

1 2 3 
Noisy Speech 

Spectral Subtraction 

1 2 3 
Spectral Over-Subtraction 

1 2 
Time(s) 

Figure 5.4: Comparison of the spectral over-subtraction with spectral subtraction, the ver­
tical axis is the amplitude of speech signals 
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5.4.3 Fixed Multiplier Over-Subtraction 

In this section, the a parameter in the statistical loudness subtraction model in Figure 5.1 

will be multiplied by a factor c to generate a new amuiti — ca value for speech enhancement. 

The term "scaling factor" will be used for this variable c. The constant c is tested with 

values of 2, 3, 4, 5, 6 and 7. These values are chosen based on the discussions in Section 

5.3.2. The results are shown in Tables 5.3 to 5.4. 

Female Speech 1 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
c=2 

+0.26 
+0.32 
+0.39 
+0.35 
+0.39 

c=3 
+0.29 
+0.40 
+0.45 
+0.42 
+0.43 

c=4 
+0.34 

+0.466 
+0.48 
+0.43 
+0.41 

c=5 
+0.39 
+0.51 
+0.48 
+0.37 
+0.32 

c=6 
+0.38 
+0.44 
+0.43 
+0.30 
+0.28 

c=7 
+0.35 
+0.35 
+0.31 
+0.19 
+0.19 

Female Speech 2 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
c=2 

+0.09 
+0.17 
+0.22 
+0.25 
+0.25 

c=3 
+0.19 
+0.22 
+0.22 
+0.27 
+0.30 

c=4 
+0.22 
+0.24 
+0.22 
+0.22 
+0.32 

c=5 
+0.23 
+0.22 
+0.18 
+0.15 
+0.29 

c=6 
+0.11 
+0.01 
+0.04 
+0.14 
+0.17 

c=7 
+0.02 
-0.08 
-0.10 
+0.01 
+0.03 

Female Speech 3 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
c=2 

+0.32 
+0.41 
+0.39 
+0.38 
+0.44 

c=3 
+0.40 
+0.50 
+0.53 
+0.46 
+0.43 

c=4 
+0.44 
+0.54 
+0.55 
+0.49 
+0.40 

c=5 
+0.44 
+0.52 
+0.50 
+0.43 
+0.32 

c=6 
+0.48 
+0.48 
+0.41 
+0.34 
+0.30 

c=7 
+0.42 
+0.38 
+0.30 
+0.23 
+0.19 

Table 5.3: PESQ scores with fixed multiplier loudness over-subtraction (Female speeches) 

From Tables 5.3 to 5.4, the quality of enhanced speech can be further improved with 
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Male Speech 1 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
c=2 

+0.13 
+0.27 
+0.35 
+0.32 
+0.27 

c=3 
+0.14 
+0.27 
+0.40 
+0.38 
+0.29 

c=4 
+0.19 
+0.32 
+0.44 
+0.36 
+0.26 

c=5 
+0.22 
+0.33 
+0.41 
+0.29 
+0.19 

c=6 
+0.27 
+0.41 
+0.36 
+0.19 
+0.05 

c=l 
+0.27 
+0.35 
+0.18 
+0.04 
-0.08 

Male Speech 2 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
c=2 

+0.25 
+0.27 
+0.41 
+0.40 
+0.31 

c=3 
+0.28 
+0.39 
+0.45 
+0.44 
+0.22 

c=4 
+0.30 
+0.42 
+0.43 
+0.43 
+0.15 

c=5 
+0.31 
+0.41 
+0.37 
+0.33 
+0.09 

c=6 
+0.29 
+0.29 
+0.33 
+0.17 
+0.08 

c=7 
+0.27 
+0.25 
+0.22 
+0.06 
-0.04 

Male Speech 3 
Input 

SNR (dB) 
0 
5 
10 
15 
20 

Input 
PESQ 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
c=2 

+0.24 
+0.41 
+0.43 
+0.37 
+0.36 

c=3 
+0.41 
+0.45 
+0.54 
+0.46 
+0.43 

c=4 
+0.49 
+0.51 
+0.58 
+0.46 
+0.41 

c=5 
+0.53 
+0.53 
+0.55 
+0.42 
+0.32 

c=6 
+0.49 
+0.51 
+0.46 
+0.35 
+0.23 

c=7 
+0.49 
+0.43 
+0.36 
+0.25 
+0.14 

Table 5.4: PESQ scores with fixed multiplier loudness over-subtraction (Male speeches) 
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adding a multiply factor c to the statistical estimation of a. The best choice of the scale 

factor, c, varies with the input signal SNR. Overall, the best quality of enhanced signal is 

achieved at a scale factor of 2 or 3 for 20 dB SNR and 5 or 6 for 0 dB SNR. 

5.4.4 Scaling Multiplier Loudness Over-Subtraction 

In this section, the scaling factor will be determined based on the SNR of the speech frames. 

For simplicity, the scaling factor is assumed to be a linear function of the value of NSNR 

(in dB). Then the statistical loudness subtraction factor a is multiplied by the scaling factor 

to give the new over-subtraction factor. 

Figure 5.5 shows one scaling factor choice as a function of NSNR. This over-subtraction 

scaling factor is chosen to be 4 below 0 dB NSNR, 1 beyond 20 dB NSNR and changing 

linearly between 0 and 20 dB. This set of scaling factors will be noted as [5,1]@[0,20]dB. 

5 
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f 2 
o 
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-5 1) 5 10 ~15 ' 20 25 
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Figure 5.5: The scaling factor c for loudness over-subtraction 

In this section, several sets of scaling factor are chosen for testing. The reason for 
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choosing these sets is based on the simulation results in the fixed multiplier loudness over-

subtraction. 

Female Speech 1 

Input 
SNR (dB) 

0 
5 
10 
15 
20 

Input 
PESQ 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
[7,1] 

@[0,20]dB 
+0.44 
+0.46 
+0.38 
+0.32 
+0.36 

[6,1] 
@[0,20]dB 

+0.47 
+0.54 
+0.44 
+0.36 
+0.39 

[6,2] 
@[0,20]dB 

+0.48 
+0.52 
+0.42 
+0.33 
+0.36 

[5,1] 
@[0,20]dB 

+0.43 
+0.55 
+0.51 
+0.43 
+0.46 

[5,2] 
@[0,20]dB 

+0.42 
+0.47 
+0.50 
+0.44 
+0.44 

[4,1] 
@[0,20]dB 

+0.40 
+0.50 
+0.54 
+0.50 
+0.51 

Female Speech 2 

Input 
SNR (dB) 

0 
5 
10 
15 
20 

Input 
PESQ 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
[7,1] 

@[0,20]dB 
+0.09 
+0.05 
+0.09 
+0.14 
+0.25 

[6,1] 
@[0,20]dB 

+0.26 
+0.17 
+0.05 
+0.27 
+0.28 

[6,2] 
@[0,20] dB 

+0.24 
+0.15 
+0.02 
+0.24 
+0.28 

[5,1] 
@[0,20]dB 

+0.28 
+0.25 
+0.17 
+0.35 
+0.35 

[5,2] 
@[0,20]dB 

+0.16 
+0.18 
+0.23 
+0.30 
+0.34 

[4,1] 
@[0,20]dB 

+0.33 
+0.30 
+0.32 
+0.37 
+0.39 

Female Speech 3 

Input 
SNR (dB) 

0 
5 
10 
15 
20 

Input 
PESQ 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
[7,1] 

@[0,20]dB 
+0.56 
+0.46 
+0.41 
+0.33 
+0.33 

[6,1] 
@[0,20]dB 

+0.53 
+0.53 
+0.49 
+0.46 
+0.40 

[6,2] 
@[0,20]dB 

+0.53 
+0.50 
+0.47 
+0.44 
+0.38 

[5,1] 
@[0,20]dB 

+0.53 
+0.60 
+0.53 
+0.52 
+0.45 

[5,2] 
@[0,20]dB 

+0.57 
+0.57 
+0.51 
+0.47 
+0.42 

[4,1] 
@[0,20]dB 

+0.53 
+0.61 
+0.56 
+0.53 
+0.53 

Table 5.5: PESQ scores with scaling multiplier type loudness over-subtraction (Female 
speech) 

This scaling factor c is multiplied by a selected in the last section using (5.9) before 

being used in (5.7). With this scaling factor, the over-subtraction approach removes more 

noise when the NSNR is low and keeps the distortion low when the NSNR is high. The 

results are shown in Tables 5.5 to 5.6. 

The results of Tables 5.5 to 5.6 are compared with Tables 5.3 to 5.4. The scaling 
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Male Speech 1 

Input 
SNR (dB) 

0 
5 
10 
15 
20 

Input 
PESQ 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
[7,1] 

@[0,20]dB 
+0.29 
+0.32 
+0.32 
+0.20 
+0.15 

[6,1] 
@[0,20]dB 

+0.28 
+0.38 
+0.39 
+0.26 
+0.24 

[6,2] 
@[0,20]dB 

+0.26 
+0.35 
+0.35 
+0.23 
+0.21 

[5,1] 
@[0,20]dB 

+0.29 
+0.40 
+0.47 
+0.36 
+0.29 

[5,2] 
@[0,20]dB 

+0.31 
+0.38 
+0.41 
+0.36 
+0.26 

[4,1] 
@[0,20]dB 

+0.27 
+0.43 
+0.46 
+0.42 
+0.32 

Male Speech 2 

Input 
SNR (dB) 

0 
5 
10 
15 
20 

Input 
PESQ 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
[7,1] 

@[0,20]dB 
+0.32 
+0.48 
+0.38 
+0.30 
+0.18 

[6,1] 
@[0,20]dB 

+0.33 
+0.40 
+0.50 
+0.35 
+0.15 

[6,2] 
@[0,20] dB 

+0.32 
+0.39 
+0.48 
+0.33 
+0.13 

[5,1] 
@[0,20]dB 

+0.35 
+0.43 
+0.54 
+0.41 
+0.22 

[5,2] 
@[0,20]dB 

+0.38 
+0.55 
+0.48 
+0.39 
+0.27 

[4,1] 
@[0,20]dB 

+0.35 
+0.53 
+0.54 
+0.50 
+0.33 

Male Speech 3 

Input 
SNR (dB) 

0 
5 
10 
15 
20 

Input 
PESQ 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
[7,1] 

@[0,20]dB 
+0.56 
+0.53 
+0.49 
+0.39 
+0.30 

[6,1] 
@[0,20]dB 

+0.58 
+0.60 
+0.52 
+0.44 
+0.37 

[6,2] 
@[0,20] dB 

+0.60 
+0.58 
+0.49 
+0.42 
+0.35 

[5,1] 
@[0,20]dB 

+0.55 
+0.62 
+0.58 
+0.50 
+0.43 

[5,2] 
@[0,20]dB 

+0.61 
+0.55 
+0.58 
+0.47 
+0.38 

[4,1] 
@[0,20]dB 

+0.60 
+0.62 
+0.64 
+0.58 
+0.49 

Table 5.6: PESQ scores with scaling multiplier type loudness over-subtraction (Male 
speech) 
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multiplier over-subtraction with the scaling factor [4,1]@[0,20] dB is shown to outperform 

or be comparable to the best possible results with fixed multiplier over-subtraction. Thus, 

we will use this linear scaling factor for our loudness over-subtraction approach. 

With this approach, the scaling multiplier is variable as a function of the NSNR. The 

overall performance of speech enhancement is considerably better than any of the simple 

multiply type approach with one fixed multiply factor. Next, this approach will be com­

pared with classical subtraction-type speech enhancement algorithms. 

5.5 Comparison of the Subtraction-type Speech Enhance­

ment Algorithms 

5.5.1 Simulation results 
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Figure 5.6: The subtraction factor for the approaches in loudness domain 

In this section, the subtraction and over-subtraction approaches are compared in both 

—Loudness subtraction 
Loudness over-subtraction 

— Loudness subtraction, a=1 

v ^ _ 
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loudness and spectral domains. The results are evaluated using the ITU P.862 (PESQ) [15], 

segmental SNRs and LLR. The enhanced speech components are estimated using (5.7). For 

loudness subtraction, the value of a is selected according to Figure 5.1. For loudness over-

subtraction, a in Figure 5.1 is multiplied by a scaling factor as in Figure 5.5. The phase of 

the FFT of noisy speech is maintained for the estimated speech vector. The Inverse FFT 

is applied to derive the enhanced speech in the corresponding frame. Finally, the frame-

by-frame speech signals is passed through a parallel to serial converter and the enhanced 

speech signal is reconstructed. 

The noisy speech signal is enhanced with the spectral subtraction and over-subtraction, 

loudness subtraction (both the algorithm in [93] and the proposed algorithm) and over-

subtraction. The quality of the enhanced signal is summarized in Tables 5.7 and 5.8. The 

subtraction factor a of the spectral over-subtraction is given as in Figure 5.3. The subtrac­

tion factor of these approaches in loudness domain is shown in Figure 5.6. The approach 

in [93] is a loudness subtraction algorithm with a = 1 for all the SNRs. We also include 

the adaptive-a algorithm proposed in the previous chapter for comparison. 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 

1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
Spectral 

subtraction 
[80] 

+0.13 
+0.17 
+0.19 
+0.21 
+0.18 

Approach 
in 

[93] 
+0.26 
+0.41 
+0.42 
+0.32 
+0.21 

Loudness 
subtraction 

+0.17 
+0.21 
+0.25 
+0.26 
+0.24 

Spectral 
over-

subtraction [25] 
+0.28 
+0.41 
+0.43 
+0.42 
+0.42 

Loudness 
over-

subtraction 
+0.40 
+0.50 
+0.54 
+0.50 
+0.51 

adaptive 
Q 

subtraction 
+0.39 
+0.46 
+0.52 
+0.51 
+0.51 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 

1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
Spectral 

subtraction 
[80] 

+0.09 
+0.14 
+0.13 
+0.16 
+0.17 

Approach 
in 

[93] 
+0.29 
+0.21 
+0.16 
+0.14 
+0.18 

Loudness 
subtraction 

+0.14 
+0.19 
+0.18 
+0.19 
+0.20 

Spectral 
over-

subtraction [25] 
+0.20 
+0.17 
+0.23 
+0.28 
+0.35 

Loudness 
over-

subtraction 
+0.33 
+0.30 
+0.32 
+0.37 
+0.39 

adaptive 
a 

subtraction 
+0.20 
+0.30 
+0.31 
+0.34 
+0.38 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 

1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
Spectral 

subtraction 
[80] 

+0.18 
+0.21 
+0.23 
+0.22 
+0.21 

Approach 
in 

[93] 
+0.44 
+0.51 
+0.43 
+0.35 
+0.22 

Loudness 
subtraction 

+0.24 
+0.27 
+0.28 
+0.27 
+0.25 

Spectral 
over-

subtraction [25] 
+0.36 
+0.51 
+0.44 
+0.46 
+0.46 

Loudness 
over-

subtraction 
+0.53 
+0.61 
+0.57 
+0.53 
+0.53 

adaptive 
Q 

subtraction 
+0.57 
+0.55 
+0.55 
+0.54 
+0.52 

Table 5.7: Comparison of PESQ score improvements for subtraction-type speech enhance­
ment algorithms (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 

1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
Spectral 

subtraction 
[80] 

+0.08 
+0.13 
+0.18 
+0.18 
+0.16 

Approach 
in 

[93] 
+0.17 
+0.33 
+0.36 
+0.26 
+0.05 

Loudness 
subtraction 

+0.10 
+0.16 
+0.23 
+0.24 
+0.21 

Spectral 
over-

subtraction [25] 
+0.17 
+0.38 
+0.40 
+0.36 
+0.25 

Loudness 
over-

subtraction 
+0.27 
+0.43 
+0.46 
+0.42 
+0.32 

adaptive 
Q 

subtraction 
+0.31 
+0.42 
+0.49 
+0.41 
+0.31 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 

1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
Spectral 

subtraction 
[80] 

+0.12 
+0.21 
+0.25 
+0.26 
+0.19 

Approach 
in 

[93] 
+0.23 
+0.43 
+0.39 
+0.28 
+0.08 

Loudness 
subtraction 

+0.16 
+0.27 
+0.30 
+0.32 
+0.22 

Spectral 
over-

subtraction [25] 
+0.23 
+0.37 
+0.46 
+0.44 
+0.25 

Loudness 
over-

subtraction 
+0.35 
+0.53 
+0.55 
+0.50 
+0.33 

adaptive 
Q 

subtraction 
+0.29 
+0.47 
+0.50 
+0.44 
+0.31 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 

1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
Spectral 

subtraction 
[80] 

+0.22 
+0.22 
+0.24 
+0.26 
+0.20 

Approach 
in 

[93] 
+0.49 
+0.52 
+0.50 
+0.40 
+0.26 

Loudness 
subtraction 

+0.27 
+0.27 
+0.30 
+0.33 
+0.25 

Spectral 
over-

subtraction [25] 
+0.47 
+0.52 
+0.54 
+0.52 
+0.42 

Loudness 
over-

subtraction 
+0.60 
+0.62 
+0.64 
+0.58 
+0.49 

adaptive 
Q 

subtraction 
+0.53 
+0.63 
+0.61 
+0.55 
+0.51 

Table 5.8: Comparison of PESQ score improvements for subtraction-type speech enhance­
ment algorithms (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Segmental 

SNR 

-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR 
Spectral 

subtraction 
[80] 
-3.14 
1.43 
5.81 
10.18 
14.61 

Approach 
in 

[93] 
1.48 
2.58 
4.05 
5.78 
7.58 

Loudness 
subtraction 

-2.03 
2.43 
6.69 
10.90 
15.10 

Spectral 
over-

subtraction [25] 
1.32 
4.52 
7.76 
11.13 
14.74 

Loudness 
over-

subtraction 
2.61 
5.31 
8.32 
11.52 
14.88 

adaptive 
a 

subtraction 
2.36 
5.36 
8.23 
11.49 
14.94 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Segmental 

SNR 

-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR 
Spectral 

subtraction 
[80] 
-8.26 
-3.77 
0.81 
5.31 
9.70 

Approach 
in 

[93] 
-0.97 
0.77 
2.37 
4.00 
5.57 

Loudness 
subtraction 

-7.12 
-2.74 
1.73 
6.08 
10.26 

Spectral 
over-

subtraction [25] 
-3.23 
0.28 
3.80 
7.13 
10.63 

Loudness 
over-

subtraction 
-1.47 
1.67 
4.79 
7.81 
11.09 

adaptive 
a 

subtraction 
-1.83 
1.46 
4.58 
7.74 
11.19 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Segmental 

SNR 

-6.75 
-1.75 
3.25 
8.25 
13.25 

Segmental SNR 
Spectral 

subtraction 
[80] 
-3.49 
1.08 
5.60 
10.07 
14.42 

Approach 
in 

[93] 
0.65 
2.38 
3.90 
5.66 
7.59 

Loudness 
subtraction 

-2.40 
2.05 
6.43 
10.74 
14.87 

Spectral 
over-

subtraction [25] 
0.47 
4.08 
7.60 
11.13 
14.73 

Loudness 
over-

subtraction 
1.70 
5.05 
8.15 
11.50 
14.99 

adaptive 
a 

subtraction 
1.55 
4.72 
8.23 
11.51 
15.03 

Table 5.9: Comparison of the Segmental SNR (in dB) of subtraction-type speech enhance­
ment algorithms (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Segmental 

SNR 

-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR 
Spectral 

subtraction 
[80] 

-2.88 
1.76 
6.32 
10.62 
15.05 

Approach 
in 

[93] 
1.29 
2.84 
4.38 
6.19 
8.06 

Loudness 
subtraction 

-1.19 
2.76 
7.19 
11.37 
15.59 

Spectral 
over-

subtraction [25] 
1.52 
5.21 
8.70 
12.00 
15.42 

Loudness 
over-

subtraction 
2.69 
6.03 
9.32 
12.46 
15.64 

adaptive 
Q 

subtraction 
2.55 
6.04 
9.24 
12.35 
15.65 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Segmental 

SNR 

-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR 
Spectral 

subtraction 
[80] 
-2.84 
1.50 
6.03 
10.49 
14.97 

Approach 
in 

[93] 
0.98 
2.43 
4.15 
5.87 
7.82 

Loudness 
subtraction 

-1.80 
2.41 
6.81 
11.08 
15.37 

Spectral 
over-

subtraction [25] 
0.43 
3.88 
7.46 
11.01 
14.99 

Loudness 
over-

subtraction 
1.70 
4.74 
8.01 
11.39 
15.16 

adaptive 
a 

subtraction 
1.56 
4.81 
7.88 
11.31 
15.17 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Segmental 

SNR 

-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR 
Spectral 

subtraction 
[80] 

-4.63 
0.01 
4.30 
8.73 
13.21 

Approach 
in 

[93] 
0.58 
2.05 
3.46 
5.16 
6.92 

Loudness 
subtraction 

-3.53 
1.01 
5.15 
9.65 
13.67 

Spectral 
over-

subtraction [25] 
-0.41 
2.98 
6.26 
9.63 
13.58 

Loudness 
over-

subtraction 
0.98 
3.95 
6.94 
10.12 
13.79 

adaptive 
a 

subtraction 
0.90 
3.96 
6.95 
10.14 
13.77 

Table 5.10: Comparison of the Segmental SNR (in dB) of subtraction-type speech enhance­
ment algorithms (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 

2.02 
1.65 
1.24 
0.90 
0.61 

Log-Likelihood Ratio (LLR) 
Spectral 

subtraction 
[80] 
1.81 
1.40 
1.00 
0.74 
0.48 

Approach 
in 

[93] 
1.60 
1.19 
0.91 
0.71 
0.54 

Loudness 
subtraction 

1.76 
1.35 
0.95 
0.68 
0.45 

Spectral 
over-

subtraction [25] 
1.85 
1.43 
1.04 
0.74 
0.50 

Loudness 
over-

subtraction 
1.62 
1.21 
0.91 
0.65 
0.46 

adaptive 
a 

subtraction 
1.55 
1.25 
0.90 
0.65 
0.48 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 

1.59 
1.35 
1.03 
0.80 
0.57 

Log-Likelihood Ratio (LLR) 
Spectral 

subtraction 
[80] 
1.52 
1.22 
0.91 
0.72 
0.50 

Approach 
in 

[93] 
1.45 
1.15 
0.91 
0.83 
0.62 

Loudness 
subtraction 

1.47 
1.16 
0.87 
0.68 
0.47 

Spectral 
over-

subtraction [25] 
1.74 
1.42 
1.21 
0.97 
0.65 

Loudness 
over-

subtraction 
1.52 
1.21 
0.99 
0.84 
0.57 

adaptive 
a 

subtraction 
1.47 
1.19 
0.92 
0.79 
0.53 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 

2.09 
1.71 
1.31 
0.93 
0.67 

Log-Likelihood Ratio (LLR) 
Spectral 

subtraction 
[80] 
1.88 
1.43 
1.08 
0.75 
0.54 

Approach 
in 

[93] 
1.57 
1.16 
0.99 
0.71 
0.61 

Loudness 
subtraction 

1.81 
1.37 
1.01 
0.70 
0.50 

Spectral 
over-

subtraction [25] 
1.69 
1.26 
1.12 
0.76 
0.55 

Loudness 
over-

subtraction 
1.56 
1.12 
1.03 
0.63 
0.48 

adaptive 
Q 

subtraction 
1.50 
1.14 
0.88 
0.66 
0.49 

Table 5.11: Comparison of the Log-Likelihood Ratio of subtraction-type speech enhance­
ment algorithms (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 

2.49 
2.03 
1.56 
1.19 
0.83 

Log-Likelihood Ratio (LLR) 
Spectral 

subtraction 
[80] 
2.19 
1.74 
1.29 
0.99 
0.69 

Approach 
in 

[93] 
1.81 
1.41 
1.07 
0.91 
0.70 

Loudness 
subtraction 

2.13 
1.67 
1.21 
0.93 
0.64 

Spectral 
over-

subtraction [25] 
1.90 
1.56 
1.22 
0.99 
0.67 

Loudness 
over-

subtraction 
1.74 
1.41 
1.05 
0.89 
0.61 

adaptive 
a 

subtraction 
1.63 
1.33 
1.06 
0.82 
0.60 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 

1.39 
1.07 
0.82 
0.53 
0.35 

Log-Likelihood Ratio (LLR) 
Spectral 

subtraction 
[80] 
1.19 
0.92 
0.66 
0.44 
0.31 

Approach 
in 

[93] 
1.06 
0.85 
0.67 
0.56 
0.45 

Loudness 
subtraction 

1.16 
0.88 
0.63 
0.40 
0.28 

Spectral 
over-

subtraction [25] 
1.17 
1.05 
0.82 
0.54 
0.36 

Loudness 
over-

subtraction 
1.06 
0.86 
0.70 
0.49 
0.34 

adaptive 
a 

subtraction 
1.14 
0.83 
0.65 
0.47 
0.35 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 

1.67 
1.39 
1.06 
0.78 
0.55 

Log-Likelihood Ratio (LLR) 
Spectral 

subtraction 
[80] 
1.53 
1.22 
0.91 
0.65 
0.49 

Approach 
in 

[93] 
1.45 
1.13 
0.89 
0.70 
0.58 

Loudness 
subtraction 

1.49 
1.18 
0.85 
0.61 
0.46 

Spectral 
over-

subtraction [25] 
1.69 
1.35 
1.02 
0.75 
0.55 

Loudness 
over-

subtraction 
1.48 
1.15 
0.88 
0.64 
0.48 

adaptive 
a 

subtraction 
1.48 
1.13 
0.86 
0.68 
0.44 

Table 5.12: Comparison of the Log-Likelihood Ratio of subtraction-type speech enhance­
ment algorithms (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
^overall 

1.65 
2.07 
2.51 
3.00 
3.43 

Movera.il 

Spectral 
subtraction 

[80] 
1.87 
2.33 
2.79 
3.25 
3.64 

Approach 
in 

[93] 
2.08 
2.64 
3.02 
3.36 
3.64 

Loudness 
subtraction 

1.92 
2.39 
2.86 
3.32 
3.71 

Spectral 
over-

subtraction [25] 
1.97 
2.51 
2.96 
3.42 
3.83 

Loudness 
over-

subtraction 
2.18 
2.70 
3.12 
3.53 
3.92 

adaptive 
a 

subtraction 
2.19 
2.64 
3.10 
3.54 
3.91 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
^overall 

2.07 
2.41 
2.81 
3.15 
3.50 

^overall 

Spectral 
subtraction 

[80] 
2.18 
2.59 
2.98 
3.32 
3.68 

Approach 
in 

[93] 
2.37 
2.68 
3.00 
3.25 
3.62 

Loudness 
subtraction 

2.24 
2.66 
3.04 
3.36 
3.71 

Spectral 
over-

subtraction [25] 
2.15 
2.51 
2.91 
3.29 
3.74 

Loudness 
over-

subtraction 
2.37 
2.72 
3.09 
3.43 
3.81 

adaptive 
Q 

subtraction 
2.29 
2.73 
3.12 
3.43 
3.83 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
^overall 

1.53 
2.01 
2.50 
2.99 
3.42 

^overall 

Spectral 
subtraction 

[80] 
1.78 
2.32 
2.80 
3.26 
3.66 

Approach 
in 

[93] 
2.15 
2.70 
3.01 
3.39 
3.63 

Loudness 
subtraction 

1.87 
2.39 
2.88 
3.33 
3.71 

Spectral 
over-

subtraction [25] 
2.02 
2.65 
2.95 
3.45 
3.85 

Loudness 
over-

subtraction 
2.23 
2.80 
3.10 
3.57 
3.95 

adaptive 
a 

subtraction 
2.29 
2.74 
3.16 
3.57 
3.85 

Table 5.13: Comparison of the composite measure Moverau of subtraction-type speech en­
hancement algorithms (Female speech) 

http://Movera.il
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Moverall 

1.44 
1.82 
2.27 
2.72 
3.17 

^overall 

Spectral 
subtraction 

[80] 
1.66 
2.07 
2.55 
2.96 
3.37 

Approach 
in 

[93] 
1.92 
2.40 
2.81 
3.07 
3.28 

Loudness 
subtraction 

1.70 
2.13 
2.63 
3.04 
3.44 

Spectral 
over-

subtraction [25] 
1.88 
2.37 
2.76 
3.11 
3.46 

Loudness 
over-

subtraction 
2.04 
2.48 
2.90 
3.21 
3.54 

adaptive 
a 

subtraction 
2.12 
2.51 
2.91 
3.23 
3.54 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
^overall 

2.19 
2.62 
3.02 
3.48 
3.92 

^overall 

Spectral 
subtraction 

[80] 
2.39 
2.86 
3.30 
3.74 
4.09 

Approach 
in 

[93] 
2.55 
3.07 
3.41 
3.69 
3.93 

Loudness 
subtraction 

2.44 
2.93 
3.36 
3.80 
4.13 

Spectral 
over-

subtraction [25] 
2.49 
2.92 
3.39 
3.83 
4.11 

Loudness 
over-

subtraction 
2.65 
3.15 
3.52 
3.90 
4.19 

adaptive 
a 

subtraction 
2.56 
3.12 
3.51 
3.87 
4.17 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Moverall 

1.83 
2.25 
2.71 
3.18 
3.60 

^overall 

Spectral 
subtraction 

[80] 
2.07 
2.52 
2.98 
3.46 
3.79 

Approach 
in 

[93] 
2.33 
2.80 
3.19 
3.55 
3.79 

Loudness 
subtraction 

2.14 
2.58 
3.06 
3.54 
3.86 

Spectral 
over-

subtraction [25] 
2.19 
2.69 
3.16 
3.62 
3.94 

Loudness 
over-

subtraction 
2.41 
2.87 
3.32 
3.72 
4.03 

adaptive 
a 

subtraction 
2.35 
2.89 
3.30 
3.68 
4.07 

Table 5.14: Comparison of the composite measure Moverau of subtraction-type speech en­
hancement algorithms (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Mback 

1.87 
2.32 
2.77 
3.27 
3.76 

Mback 
Spectral 

subtraction 
[80] 
2.15 
2.59 
3.01 
3.48 
3.92 

Approach 
in 

[93] 
2.50 
2.77 
3.01 
3.26 
3.48 

Loudness 
subtraction 

2.24 
2.67 
3.10 
3.55 
3.98 

Spectral 
over-

subtraction [25] 
2.50 
2.90 
3.25 
3.64 
4.04 

Loudness 
over-

subtraction 
2.64 
3.00 
3.34 
3.71 
4.09 

adaptive 
a 

subtraction 
2.61 
2.98 
3.32 
3.71 
4.10 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Mback 

1.66 
2.10 
2.56 
3.00 
3.46 

Mback 
Spectral 

subtraction 
[80] 
1.92 
2.36 
2.78 
3.21 
3.63 

Approach 
in 

[93] 
2.48 
2.68 
2.90 
3.12 
3.38 

Loudness 
subtraction 

2.01 
2.45 
2.87 
3.27 
3.68 

Spectral 
over-

subtraction [25] 
2.29 
2.63 
3.02 
3.38 
3.78 

Loudness 
over-

subtraction 
2.46 
2.78 
3.13 
3.47 
3.82 

adaptive 
a 

subtraction 
2.38 
2.76 
3.11 
3.45 
3.83 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Mback 

1.81 
2.29 
2.78 
3.27 
3.76 

Mback 

Spectral 
subtraction 

[80] 
2.10 
2.57 
3.03 
3.49 
3.93 

Approach 
in 

[93] 
2.48 
2.79 
3.02 
3.27 
3.51 

Loudness 
subtraction 

2.20 
2.66 
3.11 
3.55 
3.98 

Spectral 
over-

subtraction [25] 
2.43 
2.90 
3.26 
3.67 
4.07 

Loudness 
over-

subtraction 
2.59 
3.01 
3.36 
3.73 
4.12 

adaptive 
a 

subtraction 
2.60 
2.96 
3.35 
3.73 
4.07 

Table 5.15: Comparison of the composite measure MbaCk of subtraction-type speech en­
hancement algorithms (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Mback 

1.90 
2.30 
2.74 
3.21 
3.69 

Mback 

Spectral 
subtraction 

[80] 
2.16 
2.56 
2.99 
3.42 
3.85 

Approach 
in 

[93] 
2.46 
2.72 
2.96 
3.18 
3.36 

Loudness 
subtraction 

2.27 
2.63 
3.07 
3.49 
3.91 

Spectral 
over-

subtraction [25] 
2.48 
2.89 
3.25 
3.59 
3.92 

Loudness 
over-

subtraction 
2.60 
2.97 
3.32 
3.65 
3.96 

adaptive 
Q 

subtraction 
2.60 
2.96 
3.32 
3.63 
3.95 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Mback 

2.04 
2.51 
2.98 
3.49 
4.01 

Mback 

Spectral 
subtraction 

[80] 
2.29 
2.76 
3.23 
3.70 
4.15 

Approach 
in 

[93] 
2.58 
2.92 
3.18 
3.42 
3.65 

Loudness 
subtraction 

2.38 
2.85 
3.30 
3.77 
4.19 

Spectral 
over-

subtraction [25] 
2.55 
2.99 
3.42 
3.82 
4.18 

Loudness 
over-

subtraction 
2.69 
3.12 
3.50 
3.87 
4.23 

adaptive 
Q 

subtraction 
2.65 
3.09 
3.46 
3.84 
4.22 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Mback 

1.78 
2.27 
2.75 
3.26 
3.75 

Mback 

Spectral 
subtraction 

[80] 
2.09 
2.55 
3.00 
3.49 
3.92 

Approach 
in 

[93] 
2.55 
2.82 
3.08 
3.33 
3.55 

Loudness 
subtraction 

2.19 
2.64 
3.09 
3.58 
3.97 

Spectral 
over-

subtraction [25] 
2.48 
2.88 
3.27 
3.67 
4.05 

Loudness 
over-

subtraction 
2.63 
2.99 
3.36 
3.73 
4.09 

adaptive 
a 

subtraction 
2.59 
3.00 
3.35 
3.72 
4.10 

Table 5.16: Comparison of the composite measure M\,ack of subtraction-type speech en­
hancement algorithms (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Msig 

1.83 
2.38 
2.98 
3.57 
4.07 

Msig 

Spectral 
subtraction 

[80] 
2.13 
2.74 
3.34 
3.86 
4.32 

Approach 
in 

[93] 
2.42 
3.10 
3.57 
3.95 
4.27 

Loudness 
subtraction 

2.20 
2.82 
3.43 
3.95 
4.38 

Spectral 
over-

subtraction [25] 
2.18 
2.86 
3.45 
3.98 
4.44 

Loudness 
over-

subtraction 
2.49 
3.14 
3.65 
4.12 
4.54 

adaptive 
a 

subtraction 
2.54 
3.07 
3.63 
4.13 
4.52 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Msig 

2.42 
2.83 
3.34 
3.74 
4.15 

Msig 

Spectral 
subtraction 

[80] 
2.55 
3.05 
3.54 
3.92 
4.33 

Approach 
in 

[93] 
2.74 
3.16 
3.56 
3.79 
4.21 

Loudness 
subtraction 

2.63 
3.14 
3.61 
3.98 
4.38 

Spectral 
over-

subtraction [25] 
2.39 
2.86 
3.30 
3.74 
4.28 

Loudness 
over-

subtraction 
2.69 
3.16 
3.58 
3.92 
4.39 

adaptive 
Q 

subtraction 
2.67 
3.18 
3.64 
3.96 
4.42 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Msig 

1.70 
2.30 
2.93 
3.54 
4.03 

Msig 

Spectral 
subtraction 

[80] 
2.02 
2.71 
3.30 
3.86 
4.29 

Approach 
in 

[93] 
2.50 
3.17 
3.52 
3.98 
4.23 

Loudness 
subtraction 

2.13 
2.81 
3.40 
3.94 
4.36 

Spectral 
over-

subtraction [25] 
2.32 
3.07 
3.38 
3.99 
4.43 

Loudness 
over-

subtraction 
2.56 
3.27 
3.56 
4.17 
4.55 

adaptive 
Q 

subtraction 
2.65 
3.22 
3.70 
4.14 
4.47 

Table 5.17: Comparison of the composite measure Msig of subtraction-type speech en­
hancement algorithms (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Msig 

1.37 
1.95 
2.59 
3.16 
3.74 

Msig 

Spectral 
subtraction 

[80] 
1.73 
2.33 
2.98 
3.48 
3.98 

Approach 
in 

[93] 
2.17 
2.79 
3.31 
3.61 
3.90 

Loudness 
subtraction 

1.80 
2.42 
3.09 
3.58 
4.06 

Spectral 
over-

subtraction [25] 
2.08 
2.66 
3.18 
3.59 
4.06 

Loudness 
over-

subtraction 
2.30 
2.85 
3.39 
3.73 
4.16 

adaptive 
Q 

subtraction 
2.44 
2.92 
3.40 
3.79 
4.16 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Msig 

2.65 
3.17 
3.63 
4.16 
4.61 

Mstg 

Spectral 
subtraction 

[80] 
2.92 
3.45 
3.95 
4.41 
4.76 

Approach 
in 

[93] 
3.12 
3.65 
4.02 
4.30 
4.55 

Loudness 
subtraction 

2.98 
3.53 
4.01 
4.49 
4.81 

Spectral 
over-

subtraction [25] 
3.01 
3.41 
3.91 
4.42 
4.75 

Loudness 
over-

subtraction 
3.20 
3.70 
4.09 
4.51 
4.82 

adaptive 
a 

subtraction 
3.07 
3.70 
4.11 
4.49 
4.80 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
Msig 

2.19 
2.69 
3.24 
3.78 
4.24 

Msig 

Spectral 
subtraction 

[80] 
2.47 
3.00 
3.54 
4.07 
4.42 

Approach 
in 

[93] 
2.71 
3.27 
3.72 
4.10 
4.37 

Loudness 
subtraction 

2.54 
3.07 
3.64 
4.15 
4.48 

Spectral 
over-

subtraction [25] 
2.45 
3.04 
3.61 
4.12 
4.49 

Loudness 
over-

subtraction 
2.75 
3.31 
3.82 
4.27 
4.61 

adaptive 
a 

subtraction 
2.70 
3.34 
3.82 
4.21 
4.66 

Table 5.18: Comparison of the composite measure Msig of subtraction-type speech en­
hancement algorithms (Male speech) 
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As the loudness model is more suited for simulating human hearing systems and eval­

uating the speech quality, the loudness subtraction and over-subtraction outperform the 

corresponding methods in the spectral domain in the PESQ scores. The loudness subtrac­

tion provides 0.02-0.06 improvement over the spectral subtraction. The loudness over-

subtraction provides 0.04-0.17 improvement over the spectral over-subtraction. Compared 

to the previous loudness subtraction approach in [93], our proposed loudness over-subtraction 

method provides consistent improvement of 0.04-0.31. The adaptive-a approach provides 

0-0.21 improvement over the spectral over-subtraction approach. 

Again the quality of the enhancement speech is measured using the segmental SNR. As 

seen in Tables 5.9 and 5.10, the loudness over-subtraction has better segmental SNR results 

than the other approaches in all but one cases (female speech 2 at 0 dB, approach in [93]). 

Overall, the proposed loudness subtraction outperforms spectral subtraction by 0.40-1.69 

dB. The proposed loudness over-subtraction outperforms spectral over-subtraction by 0.14-

1.76 dB. Especially when the input SNR is low (0 dB), the difference exceeds ldB for both 

subtraction and over-subtraction. Again, the adaptive-a approach is better than the spectral 

over-subtraction by 0.18-1.40 dB. The loudness over-subtraction performs slightly better 

or comparable to adaptive-a approach. The differences are below 0.25 dB for the tested 

speeches. 

As the approach in [93] is also applied in the loudness domain, it can provide excel­

lent segmental SNR improvement when the input SNR is low. When the input SNR is 

high, the approach over-subtracts considerably and can even lead to segmental SNR losses. 

On the other hand, the proposed loudness subtraction and over-subtraction can provide 

consistent improvement over the unprocessed noisy signal. The loudness over-subtraction 

outperforms the approach in [93] in all but one case, even when the SNR is low. 
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Overall, we can conclude that the loudness subtraction and over-subtraction can provide 

better noise removal than the corresponding approaches in the spectral domain. The pro­

posed loudness over-subtraction approach also outperforms the previously proposed loud­

ness subtraction approach in [93]. Simulation results have shown the proposed loudness-

subtraction approach to be a better subtraction-type speech enhancement algorithm with 

regards to noise removal. 

To better assess the quality, we now consider the performance based on log likelihood 

ratio. In Table 5.11 and 5.12, the log likelihood ratio of the noisy and enhanced speech 

signals are compared. Usually the speech enhancement algorithms have to compromise 

between the noise removal and signal distortion. For example, spectral over-subtraction 

provides better noise removal and PESQ scores, but it does increase the signal distortion 

measured by the Log-likelihood ratio. 

The loudness subtraction approach provides better (i.e. smaller) LLRs compared to the 

spectral subtraction when the input SNR is high and comparable LLRs when the input SNR 

is low. At the same time, the loudness subtraction leads to better noise removal measured 

by segmental SNR and better overall quality measured by PESQ. 

For the loudness over-subtraction and adaptive-a, it outperforms the spectral over-

subtraction in all categories. It provides better noise removal, less distortion and improved 

overall quality over spectral over-subtraction. They can provide similar or even less dis­

tortion than the spectral subtraction, while significantly improving the segmental SNR and 

PESQ scores. 

The results confirm that using the loudness over-subtraction of noise ensures that as 

much noise as possible is removed while not resulting in increased distortion of the signal. 

The loudness over-subtraction has been shown to provide the best noise removal and overall 
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quality. It also has similar or less distortion compared to spectral subtraction approach. 

In the Tables 5.13 to 5.18, a set of composite quality measures are used to evaluate the 

performance: 

Mmerau = 1-594 - 0.512 • LLR + 0.805 • PESQ (5.13) 

Mback = 1.634 + 0.063 • segSNR + 0.478 • PESQ (5.14) 

Msig = 3.093-1.029 • LLR + 0.603 • PESQ (5.15) 

where a higher value implies better quality. Moverau, Mback and Msig are the evaluations 

of the overall quality, the background noise and the speech signal, respectively. The re­

sults confirms that the proposed loudness over-subtraction and adaptive-a algorithms do 

improve the overall quality, the background noise reduction and distortion over the com­

parable algorithms. Next, we evaluate the performance of our algorithms for non-white 

noises. 

Tables 5.19 to 5.22 shows the performances of subtraction-type speech enhancement 

algorithms under non-white noises. Two types of noises are used, the F16 noise and the 

babble noise [16]. 

Preliminary results shows that the proposed loudness over-subtraction and adaptive-a 

algorithms still outperform the spectral over-subtraction methods. The PESQ improve­

ments, Segmental SNR and LLR all improve with the proposed loudness over-subtraction 

and adaptive-a algorithms. The results from the two proposed algorithms are comparable. 

For the Fl 6 noise, the improvement is significant for PESQ and segmental SNR. For the 

Babble noise, the improvement is not as significant comparing to the noisy speech. This is 

due to the fact that additive babble noise has frequency characteristics similar to the speech 

itself, which makes it more difficult to separate them one from the other. 
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Input 
SNR 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 

1.47 
1.90 
2.30 
2.70 
3.06 

PESQ score improvements 
Spectral 

subtraction 
[80] 

+0.11 
+0.10 
+0.10 
+0.11 
+0.14 

Approach 
in 

[93] 
+0.26 
+0.20 
+0.13 
+0.03 
-0.05 

Loudness 
subtraction 

+0.19 
+0.16 
+0.15 
+0.17 
+0.17 

Spectral 
over-

subtraction [25] 
+0.09 
+0.10 
+0.07 
+0.10 
+0.15 

Loudness 
over-

subtraction 
+0.22 
+0.18 
+0.16 
+0.15 
+0.21 

adaptive 
a 

subtraction 
+0.21 
+0.17 
+0.14 
+0.14 
+0.21 

Input 
SNR 

0 
5 
10 
15 
20 

Input 
Seg­

mental 
SNR 
-6.58 
-1.58 
3.42 
8.42 
13.42 

Segmental SNR 
Spectral 

subtraction 
[80] 

-3.94 
0.54 
5.00 
9.51 
14.13 

Approach 
in 

[93] 
0.00 
1.47 
3.06 
4.80 
6.69 

Loudness 
subtraction 

-2.97 
1.35 
5.65 
9.99 
14.40 

Spectral 
over-

subtraction [25] 
-1.42 
2.01 
5.74 
9.73 
14.04 

Loudness 
over-

subtraction 
-0.27 
2.87 
6.27 
9.99 
14.10 

adaptive 
Q 

subtraction 
-0.40 
2.78 
6.24 
10.00 
14.16 

Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 

0.95 
0.74 
0.53 
0.36 
0.23 

Log-Likelihood Ratio (LLR) 
Spectral 

subtraction 
[80] 
0.96 
0.72 
0.51 
0.35 
0.23 

Approach 
in 

[93] 
1.15 
0.89 
0.66 
0.52 
0.40 

Loudness 
subtraction 

0.94 
0.70 
0.50 
0.34 
0.22 

Spectral 
over-

subtraction [25] 
1.33 
0.96 
0.65 
0.47 
0.33 

Loudness 
over-

subtraction 
1.19 
0.87 
0.61 
0.43 
0.31 

adaptive 
a 

subtraction 
1.19 
0.87 
0.61 
0.43 
0.31 

Table 5.19: Comparison of the objective quality measures of subtraction-type speech en­
hancement algorithms (Female speech 3, babble noise) 
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Input 
SNR 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 

1.66 
2.02 
2.37 
2.74 
3.13 

PESQ score improvements 
Spectral 

subtraction 
[80] 

+0.08 
+0.10 
+0.13 
+0.16 
+0.13 

Approach 
in 

[93] 
+0.19 
+0.22 
+0.26 
+0.21 
+0.09 

Loudness 
subtraction 

+0.14 
+0.16 
+0.17 
+0.22 
+0.17 

Spectral 
over-

subtraction [25] 
+0.11 
+0.14 
+0.20 
+0.23 
+0.21 

Loudness 
over-

subtraction 
+0.20 
+0.22 
+0.29 
+0.29 
+0.27 

adaptive 
a 

subtraction 
+0.19 
+0.21 
+0.28 
+0.28 
+0.27 

Input 
SNR 

0 
5 
10 
15 
20 

Input 
Seg­

mental 
SNR 
-7.84 
-2.84 
2.16 
7.16 
12.16 

Segmental SNR 
Spectral 

subtraction 
[80] 

-5.22 
-0.70 
3.82 
8.39 
13.06 

Approach 
in 

[93] 
-0.06 
1.52 
3.13 
4.83 
6.66 

Loudness 
subtraction 

-4.27 
0.14 
4.52 
8.94 
13.39 

Spectral 
over-

subtraction [25] 
-2.09 
1.45 
5.23 
9.23 
13.50 

Loudness 
over-

subtraction 
-0.80 
2.42 
5.88 
9.58 
13.58 

adaptive 
a 

subtraction 
-0.98 
2.29 
5.80 
9.57 
13.61 

Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 

1.07 
0.82 
0.60 
0.42 
0.28 

Log-Likelihood Ratio (LLR) 
Spectral 

subtraction 
[80] 
1.03 
0.77 
0.55 
0.41 
0.26 

Approach 
in 

[93] 
1.13 
0.86 
0.66 
0.53 
0.44 

Loudness 
subtraction 

1.01 
0.74 
0.53 
0.37 
0.25 

Spectral 
over-

subtraction [25] 
1.34 
1.04 
0.76 
0.53 
0.41 

Loudness 
over-

subtraction 
1.21 
0.91 
0.66 
0.47 
0.34 

adaptive 
a 

subtraction 
1.17 
0.87 
0.65 
0.47 
0.35 

Table 5.20: Comparison of the objective quality measures of subtraction-type speech en­
hancement algorithms (Male speech 3, babble noise) 
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Input 
SNR 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 

1.45 
1.87 
2.28 
2.67 
3.03 

PESQ score improvements 
Spectral 

subtraction 
[80] 

+0.17 
+0.19 
+0.17 
+0.16 
+0.16 

Approach 
in 

[93] 
+0.42 
+0.37 
+0.25 
+0.14 
+0.06 

Loudness 
subtraction 

+0.25 
+0.25 
+0.23 
+0.22 
+0.16 

Spectral 
over-

subtraction [25] 
+0.35 
+0.32 
+0.30 
+0.27 
+0.27 

Loudness 
over-

subtraction 
+0.47 
+0.43 
+0.36 
+0.33 
+0.31 

adaptive 
a 

subtraction 
+0.46 
+0.41 
+0.35 
+0.32 
+0.31 

Input 
SNR 

0 
5 
10 
15 
20 

Input 
Seg­

mental 
SNR 
-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR 
Spectral 

subtraction 
[80] 
-2.94 
1.49 
5.92 
10.39 
14.90 

Approach 
in 

[93] 
0.69 
2.10 
3.66 
5.39 
7.29 

Loudness 
subtraction 

-1.97 
2.40 
6.65 
10.91 
15.25 

Spectral 
over-

subtraction [25] 
0.42 
3.75 
7.20 
10.94 
14.98 

Loudness 
over-

subtraction 
1.53 
4.53 
7.72 
11.21 
15.03 

adaptive 
a 

subtraction 
1.37 
4.53 
7.67 
11.22 
15.09 

Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 

1.24 
0.97 
0.70 
0.48 
0.30 

Log-Likelihood Ratio (LLR) 
Spectral 

subtraction 
[80] 
1.14 
0.85 
0.61 
0.41 
0.27 

Approach 
in 

[93] 
1.10 
0.85 
0.68 
0.53 
0.41 

Loudness 
subtraction 

1.08 
0.81 
0.57 
0.40 
0.26 

Spectral 
over-

subtraction [25] 
1.36 
1.10 
0.83 
0.56 
0.38 

Loudness 
over-

subtraction 
1.14 
0.89 
0.67 
0.46 
0.31 

adaptive 
a 

subtraction 
1.11 
0.87 
0.66 
0.46 
0.31 

Table 5.21: Comparison of the objective quality measures of subtraction-type speech en­
hancement algorithms (Female speech 3, F16 noise) 
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Input 
SNR 

0 
5 
10 
15 
20 

Input 
Signal 
PESQ 

1.60 
1.99 
2.37 
2.75 
3.12 

PESQ score improvements 
Spectral 

subtraction 
[80] 

+0.17 
+0.17 
+0.18 
+0.17 
+0.15 

Approach 
in 

[93] 
+0.39 
+0.40 
+0.35 
+0.22 
+0.11 

Loudness 
subtraction 

+0.24 
+0.25 
+0.25 
+0.22 
+0.20 

Spectral 
over-

subtraction [25] 
+0.31 
+0.34 
+0.32 
+0.27 
+0.29 

Loudness 
over-

subtraction 
+0.48 
+0.46 
+0.41 
+0.35 
+0.34 

adaptive 
a 

subtraction 
+0.46 
+0.44 
+0.40 
+0.34 
+0.34 

Input 
SNR 

0 
5 
10 
15 
20 

Input 
Seg­

mental 
SNR 
-7.10 
-2.10 
2.90 
7.90 
12.90 

Segmental SNR 
Spectral 

subtraction 
[80] 
-3.96 
0.48 
4.89 
9.39 
13.92 

Approach 
in 

[93] 
0.52 
2.01 
3.57 
5.27 
7.14 

Loudness 
subtraction 

-2.95 
1.38 
5.66 
9.94 
14.28 

Spectral 
over-

subtraction [25] 
-0.11 
3.10 
6.47 
10.14 
14.20 

Loudness 
over-

subtraction 
1.06 
3.98 
7.08 
10.50 
14.30 

adaptive 
a 

subtraction 
0.89 
3.88 
7.02 
10.49 
14.36 

Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 

1.14 
0.89 
0.67 
0.49 
0.33 

Log-Likelihood Ratio (LLR) 
Spectral 

subtraction 
[80] 
1.10 
0.70 
0.55 
0.41 
0.26 

Approach 
in 

[93] 
1.20 
0.83 
0.66 
0.52 
0.44 

Loudness 
subtraction 

1.18 
0.73 
0.53 
0.37 
0.25 

Spectral 
over-

subtraction [25] 
1.41 
1.03 
0.72 
0.55 
0.41 

Loudness 
over-

subtraction 
1.28 
0.90 
0.63 
0.47 
0.32 

adaptive 
a 

subtraction 
1.25 
0.87 
0.62 
0.45 
0.31 

Table 5.22: Comparison of the objective quality measures of subtraction-type speech en­
hancement algorithms (Male speech 3, F16 noise) 
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5.5.2 Comparison of Subtraction Type Algorithms 

In this section, we rewrite the adaptive-a and loudness over-subtraction equations in the 

form X = GY, where the enhancement is achieved by multiplying the noisy speech by a 

gain G. The gain function G is given by: 

„_*_(!_.(£)•)*_(!_.(!)•)* (,16) 
where 7 = j ^ is the instantaneous noisy signal-to-noise ratio (NSNR). G is thus expressed 

as a function of the a priori SNR £ and the instantaneous SNR 7 — 1. £ is used to calculate 

the corresponding a in the adaptive-a approach and a in the loudness over-subtraction 

approach. We also compare the results with the spectral over-subtraction approach, which 

corresponds to fixed a = 1 and adaptive a with £. 

From the Figure 5.7, we can clearly see that the spectral over-subtraction approach did 

very little to enhance the noisy speech signal when the instantaneous SNR is high and 

complete eliminate the signal vice versa. On the other hand, our proposed approaches 

reduce the noise when the instantaneous SNR is high and preserve some of the signal when 

the instantaneous SNR is low. 

As expected, the proposed adaptive-a and loudness over-subtraction has similar gain 

functions. The two algorithms use different setups but achieve similar results. 

5.6 An Improved NSNR Estimation 

The NSNR is estimated using the estimated noisy signal variance and the estimated noise 

variance. Usually, the estimation of the noise variance is obtained using longer time con­

stants. However, due to the non-stationary nature of speech, the time constant used for 

noisy speech variance estimation is relatively short. 
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Spectral Over-subtraction 

0 10 20 30 
Instantaneous SNR y-1 (<JB) 

Loudness Over-subtraction 

0 10 20 30 
Instantaneous SNR y-1 (dB) 

Adaptive-a subtraction 

10 

O-10 

-20 

-30 

-40 

' ' jr 

i / 
i f 

—5=15 dB 

---^=10dB 

- - 5 = 5 dB 

+ 5 = 0 dB 

0 10 20 30 
Instantaneous SNR y-1 (dB) 

Figure 5.7: The gain functions of the subtraction type approaches 
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The regular update of the noisy speech signal variance is: 

a2
v(n) = (3al(n) + (l-P)\y2(n)\ (5.17) 

and the f3 is chosen to have a time constant of 10 ms. In this case j3 = 0.4493. 

For our proposed loudness subtraction method, the value chosen for a is more sensitive 

to the NSNR when the NSNR is low (as in Figure 5.1). Also when the NSNR is low, the 

scaling factor is large, which brings more variation to the determination of a in the loudness 

over-subtraction method. Thus, we need a more accurate estimation of the NSNR in this 

case. 

One such method is to estimate the noisy signal energy with a larger time constant 

when the NSNR is low. As the overall NSNR will change relatively slower from frame to 

frame when the NSNR is low, the larger time constant is acceptable without dramatically 

influencing the tracking ability of NSNR estimation. Then the update for the noisy signal 

energy can be made adaptive for different NSNRs. When the NSNR is low, a larger time 

constant is chosen (larger /?) to reduce the error of NSNR estimation. When the NSNR is 

high, the time constant will be chosen as stated before. 

A simple choice is used as shown in Figure 5.8 where j3 is chosen based on the value 

of the NSNR estimation from the previous frame. Results are obtained for a fixed (3 value 

and then repeated for the Adaptive-/? proposed above (the scaling multiplier type loudness 

over-subtraction with [4,1 ]@ [0,20] dB). The results are shown in Tables 5.23 and 5.24. 

From these tables, we can see that adaptive-/? SNR estimation can improve the PESQ 

scores when the SNR is 0 dB. The improvements are more than 0.1 for 5 out of 6 cases. 

For the other cases and SNRs, the PESQ scores are similar or slightly worse. 
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1 

0.8 

0.6 
P 

0.4 

0.2 

-10 0 10 20 30 40 
NSNR (dB) 

Figure 5.8: The chosen value of f3 with the NSNR 

SNR (dB) 
0 
5 
10 
15 
20 

PESQ score improvements 
Speech 1 

Fixed /? 
+0.40 
+0.50 
+0.54 
+0.50 
+0.51 

Adaptive-/? 
+0.58 
+0.56 
+0.54 
+0.44 
+0.49 

Speech 2 
Fixed P 
+0.33 
+0.30 
+0.32 
+0.37 
+0.39 

Adaptive-/? 
+0.34 
+0.25 
+0.27 
+0.36 
+0.39 

Speech 3 
Fixed /? 
+0.53 
+0.61 
+0.56 
+0.53 
+0.53 

Adaptive-/? 
+ 0.68 
+0.68 
+0.58 
+0.50 
+0.50 

Table 5.23: Comparison of PESQ score improvements with fixed (3 and adaptive-/? (Female 
speech) 

SNR (dB) 
0 
5 
10 
15 
20 

PESQ score improvements 
Speech 1 

Fixed /? 
+0.27 
+0.43 
+0.46 
+0.42 
+0.32 

Adaptive-/? 
+0.38 
+0.40 
+0.42 
+0.35 
+0.24 

Speech 2 
Fixed P 
+0.35 
+0.53 
+0.54 
+0.50 
+0.33 

Adaptive-/? 
+0.49 
+0.57 
+0.53 
+0.48 
+0.32 

Speech 3 
Fixed P 
+0.60 
+0.62 
+0.64 
+0.58 
+0.49 

Adaptive-/? 
+ 0.79 
+0.69 
+0.64 
+0.53 
+0.46 

Table 5.24: Comparison of PESQ score improvements with fixed (3 and adaptive-/? (Male 
speech) 
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5.7 Conclusions 

In this chapter, we presented speech enhancement approaches based on loudness subtrac­

tion and over-subtraction. Several speech enhancement algorithms based on spectral sub­

traction and over-subtraction have been reviewed. The fact that the loudness model was 

shown to be better matched to the human hearing system has motivated the research of 

the loudness subtraction for speech enhancement [93]. This loudness subtraction approach 

subtracts the loudness of the estimated noise directly from the loudness of the noisy speech 

signal. Based on simulations, the enhanced signal has a noticeable distortion when the SNR 

is high. 

On the average, the sum of the noise loudness and clean speech loudness is not equal 

to the noisy speech loudness. This is especially true when the SNR is high. In this chap­

ter, the relationship between the loudness of these three signals was developed with the 

assumption of the Gaussian model for noise and Laplacian model for speech and that both 

are stationary. We propose a new way to determine the subtraction factor a so that the three 

loudness parameters can be balanced statistically. 

Based on this determination of the subtraction factor, a new loudness subtraction method 

is proposed. The subtraction factor is selected adaptively for each frame based on the 

NSNR of the speech signal assuming Laplacian distribution of the speech signal and Gaus­

sian distribution for the additive noise. This new approach performs consistently for all 

input SNRs. 

An over-subtraction approach has been introduced in spectral subtraction [25]. The 

noise is usually assumed to be Gaussian. When we subtract the average spectrum (or 

loudness) of the noise, some large noise samples will still remain in the enhanced speech, 

which can be very disturbing. The over-subtraction approach eliminates the large noise 
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samples at low SNRs, while keep the regular subtraction at high SNRs. Experimentally, 

this approach leads to better performance of speech enhancement. 

In this chapter, we extended the spectral over-subtraction to the loudness over-subtraction 

approach. The results show that the chosen value of the multiplier may vary with different 

input SNRs. Like the spectral subtraction, a larger scaling factor should be assigned when 

the SNR is low and vice versa. This leads an adaptive loudness over-subtraction, which 

was shown to provide consistent improvements over a broad range of input SNRs. 

The proposed loudness subtraction is compared to an existing direct loudness subtrac­

tion models, which is equivalent to a loudness over-subtraction model with a larger scaling 

factor when the SNR is high and vice versa. This directly leads to good noise removal at 

low SNRs, but unsatisfactory performance at high SNRs. Our proposed over-subtraction 

better compensates for the noise and performs consistently over all SNRs. 

The proposed subtraction-type speech enhancement algorithms are compared to several 

existing ones using three objective measures: PESQ, segmental SNR and LLR. The results 

have shown that the loudness subtraction and over-subtraction outperform the correspond­

ing spectral domain methods in the PESQ and segmental SNR. The loudness subtraction 

and over-subtraction can lead to less or comparable distortion measured by LLR. Overall, 

the loudness over-subtraction has been shown to be the best method for subtraction-type 

speech enhancement. It removes the noise considerably without bringing further distortion 

to the enhanced signal. All the evaluations confirm that the research in the loudness domain 

can provide a better environment for speech enhancement rather than the spectral domain. 

Also, as the subtraction factor depends on the SNR or NSNR estimation of the noisy 

speech frames, the estimation of the SNR or NSNR is critical. Especially when the SNR is 

low, the subtraction factor or scaling factor can vary dramatically with small difference in 



5.7 Conclusions 161 

SNR. As the speech is non-stationary over longer periods, the time constant chosen for the 

estimation of the variance of noisy speech is usually comparable to the length of the frame. 

When the overall SNR is low, the SNR will change slower from frame to frame. This 

allows the use of a longer time constant when the SNR is low. Hence an improved version 

of NSNR estimation method was proposed to adapt the time constant to the SNRs. It was 

shown to achieve better performance when the SNR is low. Overall, these approaches in 

the loudness domain result in improved SNR as well as improved PESQ scores and less 

musical noise in the informal subjective listening. 



Chapter 6 

Speech Enhancement Based on 

Maximum Likelihood (ML) Estimation 

6.1 Introduction 

In the speech enhancement process, the speech and noise signals can be characterized with 

probability distribution functions (PDFs) and a set of parameters that define the PDFs. 

Then we can determine the estimated clean speech from the noisy speech signal. Bayesian 

parameter estimation [5] minimized the cost function that averaging over the conditional 

density function of the possible parameter (clean speech) given the observation sample 

(noisy speech). Minimum mean square error (MMSE) estimator uses the mean square 

error as the cost function and is applied in speech enhancement [36] [111] [114]. The 

main factors in the MMSE type algorithms are the designation of the cost function to be 

minimized and the statistical assumption of the variables. 

For the MMSE estimator, the definition of the error function is critical. Different error 
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functions or criteria have been used: the short time spectral amplitude (STSA) [41], the log-

STSA [42], /3-order spectral amplitude [114] and speech magnitude-squared spectra [36]. 

In most previous research, the speech is assumed to have a Gaussian distribution [41]. 

For the short speech frames that are used by the speech enhancement algorithms (usually 

around 10-40 ms), the Laplacian model has been shown to be superior to the Gaussian 

model [47]. 

A Laplacian-based MMSE speech enhancement algorithm has been proposed in [30]. 

The MMSE is applied to the magnitude spectrum of the speech signals in the DFT domain. 

The Laplacian distribution is assumed for the speech signals and Gaussian for the additive 

noise. The analytical solution of the MMSE estimation is given using the infinite sum­

mation of the hypergeometric functions. This approach provides significant improvement 

of quality over the Gaussian based MMSE approach. Even though the authors use finite 

approximations, the complexity of this algorithm is considerably higher than the previous 

Gaussian approach. 

Since the MMSE algorithm is usually computationally complex, Maximum Likelihood 

(ML) estimation [48] [86] [118] has been used as a lower complexity alternative. In [77], 

the speech signal is modeled as a sum of sinusoids, the likelihood functions of which were 

maximized. 

In this Chapter, we first review the MMSE-based speech enhancement algorithms. Then 

we will discuss the maximum likelihood-based speech enhancement, especially in the loud­

ness domain. We proposed ML speech enhancement based on Gaussian and Laplacian 

speech models. Also performance of the algorithms will be compared to the MMSE algo­

rithms. 
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6.2 Review of the MMSE-Based Speech Enhancement Al­

gorithms 

In [114], a generalized MMSE method is proposed. The cost function C is defined as: 

C = (s2a - s2a)2, (6.1) 

where s is the FFT magnitude of the clean speech signal, s is the FFT amplitude of the 

enhanced speech and a is a parameter that can be adjust to allow the algorithm to minimize 

the error in different domains. For example, a=\ minimizes the error in the power spectral 

domain, a=0.5 minimizes the error in the spectral domain and a=0.27 minimizes the error 

in the loudness domain. 

The MMSE solution for s2a is given by: 

s2a = E{s2a\Y} 

= f s2ap(s\Y)ds 

J P(Y) 
_ J s2ap(s, Y)ds 

~ W) 
_ J s2ap(Y\s)p{s)ds 

p(Y) 

_frCs2°p(Y\s,9)P(s,e)deds 
$?I?v{Y\s,9)p{s,0)dBds 

where Y is the FFT sample of the noisy speech signal and p(s, Y) is the joint PDF. p(Y\s) 

are the conditional probability functions of Y given s and p{s\Y) are the conditional prob­

ability functions of s given Y. This above solution will be discussed for different statistical 

assumptions for the speech signals: Gaussian and Laplacian. 
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6.2.1 MMSE-Based Speech Enhancement Algorithm with Gaussian 

Speech Model 

In this section, we propose a speech enhancement algorithm when the estimated speech 

is determined based on (6.2). The algorithm is presented for a Gaussian model for both 

speech and noise. 

The Gaussian model assumes that in the frequency domain, the noise N = ue^ and the 

clean speech signal X = seje both following the Gaussian distribution with the variances 

of AJV and \x, and Y = X + N. So that the terms in (6.2) can be written as: 

p(Y\S,6) = ̂ -exV\-±\Y-seie\2) (6.3) 

and 

p( s ,0 ) = -J?-exp { - - £ - ) . (6.4) 

We will now show how to practically calculate the estimated speech given in (6.2). 

Using (6.3) and (6.4), the numerator term in (6.2) can be written as: 

/*oo r27r 

/ / s2ap(Y\s,8)p(s,0)d9ds 
Jo Jo 

= f°° r s2a^-exp{-^-\Y-se^\2)^expi-^-)d9ds 
Jo Jo ™AN { A;v ' J 7rAx t Ax J 

= r's2a * e x p ( ~ ^ - | f\xp{-^-\Y-se^\2)deds. (6.5) 
J0 7r2AxAiv I Ax J Jo I AJV ' J 

The integral term with reference to 6 will be simplified first. Assume that Y = weJ7, 



6.2 Review of the MMSE-Based Speech Enhancement Algorithms 166 

we obtain [2, eq.9.215.1]: 

C2TT 

= / exp < — -—|vcos7 + it; sin 7 — scosd — jssm9\ > d6 
Jo I AJV J 

= / exp < — -—((vcosy — scos9) + (vsiw-f — ssinO) ) > d8 
Jo { ^N J 

= / exp < — -—(v2 + s2 — 2vs (cos 7 cos 0 + sin 7 sin ^)) > d6 
Jo { *N ) 

= / exp J - — (v2 + s2) I exp i — (2vs • cos (7 - 6)) I dd 

= expl—^-(v2 + s2)\ f exp j - ! - (2 i ; s -cos(0) ) jd0 

= 27rexp | - i - (t;2 + 5
2 ) } 70 0 ^ ) , (6.6) 

where 70 is the zero order modified Bessel function. 

Now, (6.5) can be simplified [2, eq. 6.631.1, 9.21.0.1] as: 

/ s2ap(Y\s,e)p(s,e)ddds 

[°° s2a+1 ( s2 1 , 2 2 , 1 r /2vs\ J 

= / 2 . . exp \ - — - — (v2 + s2)\ I0 — ds 

-^"{-Mf'M ,"p{-fe+ i ) ' ,W^1* 
7r2AjvAx I AJV I „ / , 1 \ "2 + 2 _ , , 1 . \ 2 2 

= C r ( a + l ' , a ( n + l ; l ^ ) (6.7) 

where Jo is the zero order Bessel function, C is: 

C= * e x p ( - - ^ , (6.8) 
TT^AivAx L AJV 
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T is the gamma function ( r (1) = 1): 

/ •oo 

T(z) = / t^e-'dt (6.9) 
Jo 

and $ is the confluent hypergeometric function: 

*(«;, r; z) = F ( r ) / ' ^ e * (1 - t ) ^ " 1 di, (6.10) 
r (r - w) r (w) 70 

and 

" = - (^)7( 4 ^ + ̂ ) ) - ^ ^ - <6'11) 
Similarly, the denominator term in (6.2) can be written as: 

pOO fl'K /•oo rZir 

/ / p(Y\s,e)p(s,0)d0ds 
Jo Jo 

r ( i ) , C , K > N $(1;1;/?). (6.12) 

Asin[2,eq. 9.215.1] 

*( l ; l ; /3) = e^. (6.13) 

Following [2, eq. 9.212.1] 

$ (a + 1; 1; /?) = e ^ (1 - (a + 1); 1; -/?) = e ^ ( - a ; 1; - / ? ) . (6.14) 

The $ function can be calculated [2, eq. 9.215.1] as: 

X. , N -. W Z W(W + 1 ) Z 2 ^ ( W ) . . ^ . . . . . 

^ (r) r! 

where 

(Lo)r = u-(u + l)...(to + r-l) (6.16) 

and (u>)0 = 1. 
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Based on the above calculations of the integrals in (6.2), we can now express the esti­

mated speech as: 

,*..., r(a + l) I > + 1) ^ (-a)„ (-/?)" 

In [9], it is suggested that the first 500 terms of the above infinite summation is needed for 

sufficient accuracy in the approximation. 

We simulated the proposed MMSE speech enhancement algorithm with speech signals. 

The block diagram of such system is given in Figure 6.1. All the simulations are done in 

the FFT domain with the same noise estimation process. The speech is sampled at 8 kHz 

and processed on frame-by-frame basis. The frame length used here is 128 samples, which 

corresponds to 16 ms of speech. The speech can be assumed to be stationary for such 

frame length. The overlap between successive frames are 64 samples, which represent 

a 50% overlap. The noise memory is also used here to provide the estimation of noise 

variance. The input SNR is chosen as 0, 5, 10, 15 and 20 dB. The algorithm is tested with 

a=0.2, 0.3, 0.5 and 1. a =0.5 is the regular MMSE in spectral domain [41] and a=0.2, 

0.3 are the proposed MMSE based on loudness measures. Results are given in Tables 6.1 

to 6.6, where the quality of the enhanced speech signal is measured with PESQ, segmental 

SNR and log-likelihood ratio. 
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Figure 6.1: The block diagram of the MMSE-based speech enhancement system 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
a=0.2 
+0.31 
+0.34 
+0.29 
-0.07 
-0.61 

a=03 
+0.30 
+0.33 
+0.27 
-0.08 
-0.62 

a=0.5 
+0.27 
+0.30 
+0.24 
-0.11 
-0.63 

a=\ 
+0.20 
+0.21 
+0.14 
-0.16 
-0.66 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
a=0.2 
+0.24 
+0.29 
+0.15 
-0.18 
-0.81 

a=03 
+0.23 
+0.28 
+0.14 
-0.19 
-0.82 

a=0.5 
+0.21 
+0.26 
+0.12 
-0.20 
-0.83 

a=l 
+0.15 
+0.19 
+0.06 
-0.24 
-0.85 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
a=0.2 
+0.43 
+0.47 
+0.42 
+0.04 
-0.64 

a=03 
+0.42 
+0.45 
+0.40 
+0.03 
-0.65 

a=0.5 
+0.38 
+0.41 
+0.36 
+0.00 
-0.68 

a=l 
+0.27 
+0.30 
+0.22 
-0.09 
-0.70 

Table 6.1: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation: PESQ improvements (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
a=0.2 
+0.16 
+0.33 
+0.38 
+0.38 
+0.06 

a=0.3 
+0.16 
+0.32 
+0.37 
+0.36 
+0.05 

a=0.5 
+0.15 
+0.29 
+0.33 
+0.33 
+0.03 

a=\ 
+0.10 
+0.21 
+0.23 
+0.24 
-0.02 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
a=0.2 
+0.32 
+0.38 
+0.38 
+0.10 
-0.68 

a=0.3 
+0.31 
+0.36 
+0.36 
+0.09 
-0.68 

a=0.5 
+0.29 
+0.34 
+0.33 
+0.08 
-0.69 

a=l 
+0.21 
+0.24 
+0.23 
+0.01 
-0.71 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
a=0.2 
+0.35 
+0.46 
+0.41 
+0.12 
-0.53 

a=0.3 
+0.34 
+0.44 
+0.39 
+0.11 
-0.54 

a=0.5 
+0.31 
+0.41 
+0.35 
+0.08 
-0.55 

a=l 
+0.22 
+0.30 
+0.23 
-0.02 
-0.63 

Table 6.2: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation: PESQ improvements (Male speech) 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR (dB) 
a=0.2 
2.89 
3.96 
6.27 
7.60 
7.45 

a=0.3 
0.04 
3.78 
6.14 
7.53 
7.41 

a=0.5 
-0.48 
3.37 
5.85 
7.35 
7.32 

a=\ 
-2.14 
2.05 
4.86 
6.70 
6.96 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR (dB) 
a=0.2 
-4.66 
-0.71 
1.85 
2.97 
3.78 

a=03 
-4.94 
-0.93 
1.68 
2.85 
3.69 

a=0.5 
-5.54 
-1.41 
1.29 
2.58 
3.49 

a=l 
-7.32 
-2.89 
0.09 
1.71 
2.88 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR (dB) 
a=0.2 
-0.16 
3.73 
6.88 
7.50 
6.56 

a=Q3 

-0.41 
3.55 
6.76 
7.43 
6.52 

a=0.5 
-0.93 
3.14 
6.47 
7.25 
6.41 

a=\ 
-2.54 
1.83 
5.48 
6.63 
6.05 

Table 6.3: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation: Segmental SNR (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR (dB) 
a=0.2 
5.50 
4.53 
8.06 
8.12 
5.65 

a=0.3 
3.08 
4.34 
7.92 
8.03 
5.60 

a=0.5 
-0.21 
3.91 
7.60 
7.82 
5.49 

a=\ 
-1.85 
2.51 
6.51 
7.10 
5.09 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR (dB) 
a=0.2 
0.29 
3.99 
6.89 
7.63 
5.19 

a=0.3 
0.07 
3.82 
6.77 
7.57 
5.15 

a=0.5 
-0.39 
3.45 
6.52 
7.41 
5.07 

a=l 
-1.89 
2.26 
5.67 
6.87 
4.79 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR (dB) 
a=0.2 
-1.35 
2.37 
4.81 
5.86 
5.71 

a=Q3 
-1.59 
2.19 
4.68 
5.78 
5.66 

a=0.5 
-2.10 
1.79 
4.40 
5.59 
5.53 

a=l 
-3.69 
0.50 
3.45 
4.95 
5.16 

Table 6.4: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation: Segmental SNR (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.02 
1.66 
1.29 
0.91 
0.60 

Log Likelihood Ratio 
a=0.2 
1.56 
1.19 
0.87 
0.63 
0.58 

a=0.3 
1.57 
1.20 
0.88 
0.63 
0.58 

a=0.5 
1.60 
1.22 
0.90 
0.65 
0.60 

a=l 
1.70 
1.32 
1.00 
0.74 
0.66 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.61 
1.31 
1.06 
0.78 
0.56 

Log Likelihood Ratio 
a=0.2 
1.31 
1.03 
0.84 
0.67 
0.63 

a=0.3 
1.32 
1.03 
0.84 
0.67 
0.63 

a=0.5 
1.33 
1.05 
0.85 
0.68 
0.64 

a=l 
1.39 
1.11 
0.89 
0.72 
0.68 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.12 
1.72 
1.31 
0.96 
0.64 

Log Likelihood Ratio 
a=0.2 
1.58 
1.16 
0.83 
0.70 
0.59 

a=03 
1.60 
1.17 
0.84 
0.70 
0.59 

a=0.5 
1.63 
1.20 
0.86 
0.73 
0.61 

a=l 
1.74 
1.32 
0.97 
0.81 
0.68 

Table 6.5: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation: Log Likelihood Ratio (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.49 
2.01 
1.58 
1.17 
0.81 

Log Likelihood Ratio 
a=0.2 
1.82 
1.43 
1.09 
0.83 
0.81 

a=0.3 
1.83 
1.45 
1.10 
0.84 
0.83 

a=0.5 
1.87 
1.48 
1.13 
0.86 
0.86 

a=l 
2.01 
1.60 
1.23 
0.95 
0.94 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.38 
1.08 
0.78 
0.53 
0.36 

Log Likelihood Ratio 
a=0.2 
1.05 
0.76 
0.56 
0.39 
0.38 

a=0.3 
1.06 
0.77 
0.56 
0.39 
0.39 

a=0.5 
1.08 
0.78 
0.57 
0.41 
0.40 

a=\ 
1.14 
0.85 
0.62 
0.45 
0.43 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.67 
1.35 
1.08 
0.79 
0.55 

Log Likelihood Ratio 
a=0.2 
1.38 
1.03 
0.81 
0.60 
0.55 

a=0.3 
1.38 
1.03 
0.81 
0.65 
0.55 

a=0.5 
1.39 
1.05 
0.83 
0.64 
0.57 

a=\ 
1.45 
1.12 
0.89 
0.67 
0.61 

Table 6.6: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation: Log Likelihood Ratio (Male speech) 
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From Tables 6.1 to 6.6, we can see that the MMSE speech enhancement algorithm 

improves the quality when the input SNR is lower than 10 dB. When the input SNR is 

high, the MMSE algorithm performs poorly. For all three objective quality measures, the 

quality is improved for all the a values when the input SNR is below 10 dB. 

We will now explain the reason for the degradation in performance for high input SNR 

cases. Define a gain function G such that the estimated clean signal s = Gv, where v is the 

amplitude of the noisy signal FFT. Equation (6.17) can be rewritten as: 

j = (F ( a + l)»(-q; !;-/?))* 

f-̂  + ^ Y \*x ^ \N) 

Let the a priori SNR be given by 

and the a posteriori SNR be given by 

Ax 

V2 

(6.19) 

then we can rewrite (3 as 

7 = — (6.20) 
AN 

Aw + AXAJV 1 + £ 

i 

1 , 1 V /Ax + XN f^ 7 
Also, 

VA^ + Vj = V AxAjy = / Zxx
 = ^ ' (6'22) 

Substituting for (6.21) and (6.22) in Equation (6.18), we can express the FFT magnitude of 

the estimated speech as: 

s = ( r ( a + 1 )$ ( - a ; 1 ; - / ? ) ) £ — v (6.23) 
7 

The gain function G is: 

GMMSE,Gaussian = (T (a + 1) $ ( -a ; 1; - / ? ) )£ — . (6.24) 
7 
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for the MMSE estimate and Gaussian assumptions for both speech and noise signals. 

Note that G is a gain function of 7 and £ (through the dependence of j3 on £). This re­

lationship is shown in Figure 6.2. £ is fixed at 15, 5, -5 and -15 dB, while the instantaneous 

SNR 7 — 1 varies from -15 to 15 dB with 1 dB increment. The gain function for Wiener 

filter is also depicted in the same figure for comparison. 

To understand why the performance of the above algorithm degraded for high input 

SNRs, we examine the dependence of G on 7 and £ in Figure 6.2. When the prior SNR 

is high (higher average signal to noise ratio for previous several frames) and 7 is low (the 

amplitude in current frame is low), the gain will be much higher than 0 dB. This means a 

weak spectral component in a particular frame will be amplified and leads to artifacts in the 

enhanced signal. This leads to the degradation for the high input SNR cases. 

6.2.2 MMSE-Based Speech Enhancement Algorithm with Gaussian 

Speech Model and Voice Activity Detector 

In this section, we address the above concern about the reduced performance for higher 

SNR. In [41 ] [114], the probability of speech presence is used to modify the gain function 

in (6.24). Its main effect is to adjust the gain function when we have weak speech frames 

within a generally high SNR signal, i.e., the £ value is high and 7 value is low. The MMSE 

estimation can be modified to: 

~ A ^ - i , (6.25) 
1 + A(Y) 

where s is the MMSE estimation as given in (6.18) and A(y) is the likelihood ratio of the 

speech is present to the speech is absent: 

AW - * * | £ | (6.26, 
p{y\Ho) 
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Figure 6.2: The gain function for MMSE as a function of 7 — 1 and £ for a 
a — 0.5, Gaussian speech model 

0.2 and 
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where Hi and H0 represents the two hypothesis that speech is present and absent. We 

consider the Equation (6.25) as attenuation with a factor of A(Y)/(1 + A(Y)). When the 

instantaneous SNR is low, the A(Y) tends to be low and the above factor is much less than 

1. Thus the enhanced signal will be attenuated to reduce the artifacts. 

As the speech and noise are assumed to be Gaussian with variances Xx and AJV, the 

probabilities in (6.26) can be written as: 

p(y\H1)= ^ \ e X p { - * y2) (6.27) 
7T (XX + XN) 

and 

Hence, 

p(y\H0) = —\— exp {-^-y2 } • (6.28) 
7T (XN) I AJV 

p(y\Hi) _ xN _ \ xx 2\ i 
A^ = ^BTT\ = iHnrexp

 x Q , x / = TT7 exp ^ > ' (6-29) 

p{y\H0) Xx + XN IXN(XX + XN) J l + £ 

The simulation results of the MMSE-based speech enhancement algorithm with VAD (Gaus­

sian assumption) is summarized in the following Tables 6.7 to 6.12, where again the speech 

quality is measured using PESQ, segmental SNR and log-likelihood ratio. 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
a=0.2 
+0.40 
+0.50 
+0.53 
+0.50 
+0.50 

a=0.3 
+0.39 
+0.50 
+0.53 
+0.50 
+0.50 

o=0.5 
+0.39 
+0.49 
+0.53 
+0.50 
+0.49 

a-\ 
+0.38 
+0.47 
+0.51 
+0.49 
+0.48 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
a=0.2 
+0.27 
+0.31 
+0.32 
+0.37 
+0.37 

a=0.3 
+0.27 
+0.31 
+0.32 
+0.37 
+0.37 

a=0.5 
+0.27 
+0.31 
+0.31 
+0.37 
+0.36 

a=\ 
+0.26 
+0.31 
+0.31 
+0.36 
+0.35 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
a=0.2 
+0.62 
+0.63 
+0.60 
+0.52 
+0.49 

a=0.3 
+0.61 
+0.63 
+0.60 
+0.52 
+0.49 

a=0.5 
+0.60 
+0.62 
+0.59 
+0.52 
+0.48 

a=l 
+0.58 
+0.60 
+0.58 
+0.51 
+0.46 

Table 6.7: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation (with VAD): PESQ improvements (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
a=0.2 
+0.25 
+0.43 
+0.49 
+0.47 
+0.31 

a=0.3 
+0.25 
+0.42 
+0.49 
+0.47 
+0.31 

a=0.5 
+0.25 
+0.42 
+0.48 
+0.47 
+0.31 

a=l 
+0.24 
+0.40 
+0.47 
+0.46 
+0.31 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
a=0.2 
+0.35 
+0.46 
+0.48 
+0.51 
+0.30 

a=0.3 
+0.34 
+0.46 
+0.48 
+0.51 
+0.31 

a=0.5 
+0.34 
+0.45 
+0.46 
+0.50 
+0.31 

a=\ 
+0.33 
+0.44 
+0.45 
+0.50 
+0.30 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
a=0.2 
+0.51 
+0.56 
+0.67 
+0.53 
+0.48 

a=0.3 
+0.51 
+0.56 
+0.66 
+0.53 
+0.48 

a=0.5 
+0.50 
+0.55 
+0.65 
+0.53 
+0.47 

a=l 
+0.49 
+0.53 
+0.63 
+0.52 
+0.46 

Table 6.8: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation (with VAD): PESQ improvements (Male speech) 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR (dB) 
a=0.2 
1.99 
5.40 
8.59 
11.86 
15.38 

a=0.3 
1.92 
5.37 
8.58 
11.87 
15.40 

a=0.5 
1.78 
5.29 
8.55 
11.89 
15.44 

a=\ 
1.45 
5.08 
8.49 
11.86 
15.48 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR (dB) 
a=0.2 
-2.36 
1.21 
4.45 
7.84 
11.36 

a=0.3 
-2.46 
1.14 
4.41 
7.82 
11.36 

a=0.5 
-2.66 
1.00 
4.32 
7.78 
11.35 

a=l 
-3.10 
0.68 
4.10 
7.68 
11.29 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR (dB) 
a=0.2 
1.51 
4.94 
8.31 
11.75 
15.42 

a=0.3 
1.41 
4.91 
8.30 
11.75 
15.44 

a=0.5 
1.31 
4.83 
8.26 
11.75 
15.46 

a=l 
0.98 
4.63 
8.16 
11.70 
15.48 

Table 6.9: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation (with VAD): Segmental SNR (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR (dB) 
a=0.2 
2.26 
5.99 
9.36 
12.61 
15.94 

a=0.3 
2.19 
5.94 
9.34 
12.62 
15.96 

a=0.5 
2.07 
5.83 
9.30 
12.61 
15.98 

Q;=l 

1.76 
5.58 
9.17 
12.57 
16.01 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR (dB) 
a=0.2 
1.68 
5.03 
8.14 
11.76 
15.49 

a=0.3 
1.62 
5.00 
8.14 
11.76 
15.52 

a=0.5 
1.51 
4.94 
8.12 
11.77 
15.56 

a=l 
1.23 
4.76 
8.06 
11.76 
15.56 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR (dB) 
a=0.2 
-0.78 
3.74 
6.98 
10.39 
14.09 

a=0.3 
-0.05 
3.71 
6.97 
10.39 
14.11 

a=0.5 
0.64 
3.63 
6.93 
10.39 
14.14 

a=l 
0.71 
3.45 
6.83 
10.36 
14.16 

Table 6.10: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation (with VAD): Segmental SNR (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.02 
1.66 
1.29 
0.91 
0.60 

Log Likelihood Ratio 
a=0.2 
1.49 
1.09 
0.79 
0.57 
0.40 

a=0.3 
1.49 
1.10 
0.79 
0.57 
0.40 

a=0.5 
1.49 
1.10 
0.79 
0.57 
0.40 

a=\ 
1.50 
1.10 
0.79 
0.56 
0.39 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.61 
1.31 
1.06 
0.78 
0.56 

Log Likelihood Ratio 
a=0.2 
1.28 
1.03 
0.84 
0.66 
0.46 

a=0.3 
1.28 
1.03 
0.83 
0.66 
0.45 

a=0.5 
1.28 
1.03 
0.83 
0.65 
0.45 

a=l 
1.28 
1.03 
0.82 
0.64 
0.44 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.12 
1.72 
1.31 
0.96 
0.64 

Log Likelihood Ratio 
a=0.2 
1.40 
1.07 
0.82 
0.62 
0.45 

a=0.3 
1.40 
1.07 
0.82 
0.61 
0.44 

a=0.5 
1.41 
1.07 
0.82 
0.61 
0.44 

a=l 
1.45 
1.08 
0.82 
0.61 
0.43 

Table 6.11: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation (with VAD): Log Likelihood Ratio (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.49 
2.01 
1.58 
1.17 
0.81 

Log Likelihood Ratio 
a=0.2 
1.71 
1.29 
1.07 
0.80 
0.60 

a=0.3 
1.71 
1.30 
1.07 
0.80 
0.60 

a=0.5 
1.72 
1.30 
1.07 
0.86 
0.60 

a=\ 
1.73 
1.32 
1.08 
0.79 
0.59 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.38 
1.08 
0.78 
0.53 
0.36 

Log Likelihood Ratio 
a=0.2 
0.98 
0.78 
0.61 
0.42 
0.32 

a=0.3 
0.98 
0.78 
0.61 
0.42 
0.31 

a=0.5 
0.99 
0.77 
0.61 
0.41 
0.31 

a=l 
0.99 
0.77 
0.60 
0.41 
0.31 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.67 
1.35 
1.08 
0.79 
0.55 

Log Likelihood Ratio 
a=0.2 
1.33 
1.06 
0.84 
0.59 
0.42 

a=0.3 
1.33 
1.06 
0.83 
0.59 
0.41 

a=0.5 
1.33 
1.06 
0.83 
0.59 
0.41 

a=l 
1.33 
1.05 
0.83 
0.57 
0.40 

Table 6.12: Quality evaluation of various a values for MMSE estimator based on Gaussian 
speech model estimation (with VAD): Log Likelihood Ratio (Male speech) 
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From Tables 6.7 to 6.12, we can see that the algorithm now provides consistent im­

provement over the full range of SNR of the original noisy speech. The voice activity 

detector is thus shown to have helped to further improve the speech quality. It reduces the 

enormously large amplification of the weak speech frames in high prior SNR cases. It is 

also clear that the performance is insensitive to the choice of a except for segmental SNR 

which shows a slight improvement for smaller as 

6.2.3 MMSE-Based Speech Enhancement Algorithm for Laplacian Speech 

Model 

In [30], the Laplacian model is used for speech signals. The real and imaginary part of 

the speech spectra are assumed to be jointly Laplacian distributed. It is shown that the 

Laplacian-based algorithm can provide consistent improvement over the Gaussian-based 

algorithm, especially when the input SNR is low. The overall PESQ improvement is be­

tween 0 and 0.24. The overall Segmental SNR improvement is 0.6-1.7 dB. 

The MMSE estimator for both the Gaussian and Laplacian speech model used the Hy-

pergeometric function. The hypergeometric functions can be expressed as a sum of an 

infinite number of terms. Even though a reasonable approximation can be achieved with 

500 terms for the hypergeometric functions, the calculational load is huge. For the Lapla­

cian speech model, a series of 40 hypergeometric functions is needed at each sample, the 

computational load is even higher. This leads us to explore for a substitute of the MMSE 

approach with the aim of achieving comparable performance with less computations. 
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6.3 Proposed ML-Based Speech Enhancement Algorithm 

with Gaussian Speech Model 

In this section, we use the Maximum Likelihood (ML) estimation as the substitute of the 

MMSE estimation aiming at reduced complexity. Both the Gaussian and Laplacian statis­

tical models are used for speech signal modelling and the results are compared. 

6.3.1 The Likelihood Function under Gaussian Speech Model and its 

Maximization 

In this section, we assume that the speech component X = se^e has a zero-mean Gaussian 

distribution with variance Xx and the noise TV has a zero-mean Gaussian distribution with 

variance XN. Also, the noisy speech component is Y = veJK. Following these assumptions, 

the distribution functions can be written as: 

fx(X) = - | - e - £ (6.30) 

and 
1 iv-xi2 

fN(Y\X) = — e—^T. (6.31) 

Let t = s2a, which is proportional to the loudness measure of X. The PDF of t can be 

derived as following: 

j . 
to, 

hit) = i . , . • = n .-,„-! = —as r i —, (6-32) 
d(X2a) 
~~dX 

2at 2" 2at •*<* • nXx 

|*|=t& 

assuming t ^ 0. 
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In ML estimation, we want to maximize the probability of the loudness measure given 

the observation, i.e., f(t\Y). From the property of conditional probability 

f(t\Y) = f(t,Y)/f(Y) (6.33) 

If we assume Y is known, maximizing f(t\Y) is equivalent to maximizing f(t, Y). Since 

t is a function of X only, we assume that t is independent with N for simplicity, then: 
x 

i n 

fty(t, Y) = ft(t)fN {Y-X)= l_T \-e~^f- (6.34) 
2at 2a • TTXX

 nAN 

For fixed Y and t values, the above f(t, Y) is maximized when / # (Y — X) is maximized, 

i.e., \Y — X\ is minimized. When t is fixed, the amplitude of X is fixed and \Y — X\ 

is minimized by choosing X have the same phase as Y. This means the estimate of X 

should always have the same phase with Y. In the following, only the enhancement of the 

amplitude is considered. 

Let C be the constant in (6.34) 

c = o—hnr- (6-35) 

Differentiate (6.34) with respect to t and equating to 0, we get: 

,22=1/' itd'1) u(i-1)_2vi_t(!k-1)\ / 2 a _ n . _ i 
t 2a I — -2-— -2 _ - 2 a _ ( i^—L ) I 2a 

C - 5 - e xx *N = 0 (6.36) m 
ta (v-ta Y 

As e ** XN ^ 0 and t ^ 0, then 

' ^ ( -%r-" ' A ^ — J - (-S-)'"" = °- (6-37) 

Simplifying the above equation by multiplying it by 2XxX^a, we get: 

2t^ (-t°XN -t°Xx + vXxt^A - (2a - 1) XxXNt~^ = 0. (6.38) 
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2 (Xx + AJV) t« - 2v\xt^ + ( 2a - 1) XXXN = 0, (6.39) 

Recall that s — t^s, then the optimum ML estimate s is given by the solution to: 

2 {Xx + AJV) S2 - 2uA* s + (2a - 1) AxAjv = 0. (6.40) 

This is a quadratic equation with the discriminant: 

A = v2X2
x + 2(1 - 2a)A*Ajv (A* + XN). (6.41) 

When A < 0, (6.38) is negative for all t values. So the first derivative of (6.34) is always 

negative, which means (6.34) is strictly decreasing. In other words, (6.34) is maximized 

when t — 0. 

When A > 0, the solution is 

vXx ± y/v*\2
x + 2(1 - 2 a ) A x A N (A* + A*) 

"lfl = 2(XX + XN) • ( 6" 4 2 ) 

s1>2 correspond to either maximum or minimum of the (6.34). The second derivative of 

(6.34) is needed to determine which is which. 

The first derivative in (6.36) is rewritten as: 

jtftiY(t,Y) = C'F1(t)F2(t) (6.43) 

where 

2XXXNCX 
, - i i i , 

£2Q to (c- ior 
*i(*) = -; 72 ' e Xx XN ( 6 - 4 5 ) 

and 

F2(t) = 2 (-t°XN -t°\x + vXxt^\ - (2a - 1) XXXN (6.46) 
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The second derivative of fty (t, Y) at t = s2a
2 is given by 

dt2 ft,y(t,Y) 
t=i?«2 

= j t [C'Fx{t)F2{t)} 
f=o2a 
1 a i , 2 

C'F1(t)jtF2{t) + CF1(t)jtF2(t) (6.47) 
t=sl% 

Note that for s = s ^ , -Pi(i) • F2(t)-0. Since we can assume that t, Xx, \N and a to be all 

positive, F\(t) and C are always positive. Thus, 

F2(t)\t=sf;,=0, 

dt2 ft,y(t,Y) 
s2a 
*1,2 

C'F,{t)-F2{t) 
. J 2 Q 
"*1,2 

As we have C" > 0, Fi(f) > 0. 

t=af 
- (-2A* - 2AW) i* _ 1 + —-2uAx*^_1 

a 2a 

-AXX - 4AJV) ts + 2vXxt^ 

*=*$ 

2a£ 

(-4Ax - 4Aiv) s2 + 2vXxs 
t=s 

2a 
1,2 

2as2a 
S = S l , 2 

Assign Si to the root with the + sign. 

d ,-, , x 

s F 2 < i ) (-<** - ««) (^Sfi)2 + 2"^ ($S$) 
t=i?° 2as2 a 

- 2 (vAx + \ /A) + 2vAx (vA* + N / A ) 

~~ 4as2 a (Ax + XN) 

-vXxy/A-A 
Acts2" (Ax + XN) < 

which means S\ corresponding to the maximum of / t y (£, y ) . 

(6.48) 

(6.49) 

(6.50) 

(6.51) 



6.3 Proposed ML-Based Speech Enhancement Algorithm with Gaussian Speech 
Model 191 

Also, 

d - 2 (yXx - \ /A) + 2vXx (v\x - V A ) 

JtF2^ t=s,a
 = Aas2a (Ax + AJV) 

yfKvXx - \ /A 

4as2« (Xx + AJV) 

There are two possibilities, if v\x — >/A > 0, then the above 

(6.52) 

> 
> 0 (6.53) 

t=S*» 

which means s2 corresponding to the minimum of / t )y (i, y ) . If vA^ — VA < 0, the root 

§2 < 0, which will be discarded since s is an estimation of amplitude and can't be negative. 

Either way, §i corresponds to the only maximum of fttY (t, Y). 

Overall, the maximum likelihood under Gaussian assumption is given by s, which can 

be expressed as: 
^ + y/A 

SML>G - 2{xx + xNy (6-54) 

when 

A = v
2\\ + 2(1 - 2a)Xx\N (Ax + XN) > 0 (6.55) 

When A < 0 

SML,G = 0. (6.56) 

A block diagram of the ML-based speech enhancement algorithms is shown in Figure 

6.3. 

The noise variance can be estimated as following: 

A^(m) = 0NX^(m - 1) + (1 - pN)\N(m)\2, (6.57) 

and the /3/v is chosen to set the time constant of above adaptive process to be 0.5 second, 

in which the variation of noise variance is negligible. N(m) is the FFT components of the 

noise reference signal at time m that was taken from the noise memory. 



6.3 Proposed ML-Based Speech Enhancement Algorithm with Gaussian Speech 
Model 192 

Noisy 
Signal 

y(t) 

Noise 
Variance 

Estimation 

XN{m) 

A/D 
S/P 

Windowing 

Noise 
Memory 

y(m) 
T7V, 
r r i 

Y(m) 

Noisy 
Speech 

Variance 
Estimation 

A 

ML Estimation with parameter a 

X(m) 

Inverse FFT 
F 
D 

VS 
/A 

x(t) 
.F.nha 

Sig 

Y(m) 

need 
nal 

v(m) 
6{m) 

Figure 6.3: The block diagram of the ML-based speech enhancement system 

The speech variance should be estimated as max(Ay—A AT, 0) under noisy environments. 

The variance of the noisy speech signal Ay should be estimated as: 

Ay(m) = /3yAy(m - 1) + (1 - pY)\Y(m)\2, (6.58) 

and the /3y is chosen to set the time constant of above adaptive process to be 10 ms, in 

which the speech can be assumed to be stationary. 
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6.3.2 Simulation Results for Proposed ML-based Algorithm with Gaus­

sian Speech Model 

In this section, the proposed speech enhancement algorithm based on the ML estimation is 

simulated. The speech signal amplitude components in the FFT domain will be enhanced 

with the proposed ML estimation. The phase components of the noisy signal are retained 

and used for the enhanced signal. The enhanced speech signal is then recovered by apply­

ing IFFT to these enhanced components. The complete speech enhancement algorithm is 

shown in Table 6.3.2 

But first, the results of the proposed speech enhancement algorithm are shown with 

ideal variance estimation. The speech signal variance A^ is estimated with the clean 

speech: 

\x{m) = (3x\x{m - 1) + (1 - (3x)\X(m)\2, (6.59) 

and the (5X is chosen to set the time constant of the above adaptive process to be 10 ms. 

X(m) is the FFT components of the clean speech signal at frame m. Under such assump­

tion, the optimal performances that can be achieved with this algorithm are shown. 

We tested the algorithms using different a values: 0.2, 0.3, 0.5, 1 and 1.5. The quality 

of the enhanced signals (as measured by PESQ segmental SNR and log-likelihood ratio) is 

shown in the following Tables 6.14 to 6.19. 
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PY is chosen to let the timeconstant of the adaptive process to be 10 msec. 

(3N is chosen to let the time constant of the adaptive process to be 0.5 sec. 

For each time step m do, 

Y(m) = 

h(m) <— 

N(m) = 

V(m) = 

e{m) = 

U(m) = 

For i= 1, 2,.. . , R do 

Ay-i(m) = 

Ajvi(m) = 

Axi(m) = 

Aj(m) = 
When A* (m) > 0 

Si(m) = 

When Ai(m) < 0 

Si(m) = 

end; 

S(m) = 

X(m) = 

x(m) — 

FFT(y(m)) 

Read from noise memory 

FFT (n(m)) 

[vi(m)|u2(m)|... K(m)] = \Y(m)\ ; 

[0 i (m) |0 2 (m) | . . . | ^m)] = Zy(m); 

[ui(m)|u2(m)| . . . \uR(m)} = \N(m)\ ; 

pY\Yi(m-l) + (l-(3Y)v*(m) 

pNX2
Ni(m-l) + {l-pN)u2

i{m) 

max (Ayj(m) - XNi(m), 0) 

Vj(m)2Axj(m)2 + 2(1 - 2a)Axj(m)AjVj(ra)Ay;(m) 

•yi(m)Axj(m) + ^/A^m) 
2Ayi(m) 

0 

[s1(m)|s2(m)|.. . | l f l(m)] 

S(m) • e^ (m) 

/ F F T ( x ( m ) ) 

Table 6.13: Proposed ML-based Speech Enhancement Algorithm (Gaussian Speech 
Model) 



6.3 Proposed ML-Based Speech Enhancement Algorithm with Gaussian Speech 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
a=0.2 
+1.06 
+0.96 
+0.82 
+0.71 
+0.58 

a=0.3 
+1.08 
+0.98 
+0.85 
+0.74 
+0.62 

a=0.5 
+1.05 
+1.00 
+0.89 
+0.78 
+0.68 

a=\ 
+0.97 
+0.88 
+0.81 
+0.71 
+0.66 

a=1.5 
+0.97 
+0.88 
+0.81 
+0.69 
+0.64 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
a=0.2 
+0.90 
+0.83 
+0.70 
+0.59 
+0.48 

Q!=0.3 
+0.91 
+0.84 
+0.72 
+0.62 
+0.50 

a=0.5 
+0.86 
+0.83 
+0.70 
+0.62 
+0.53 

a=\ 
+0.72 
+0.73 
+0.59 
+0.59 
+0.51 

a=1.5 
+0.71 
+0.73 
+0.59 
+0.58 
+0.51 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
a=0.2 
+1.32 
+1.16 
+0.94 
+0.74 
+0.49 

a=0.3 
+1.34 
+ 1.19 
+0.97 
+0.76 
+0.53 

a=0.5 
+1.32 
+1.21 
+1.04 
+0.81 
+0.57 

Q=\ 

+1.18 
+1.08 
+0.96 
+0.78 
+0.63 

a=1.5 
+1.18 
+1.08 
+0.95 
+0.77 
+0.63 

Table 6.14: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model with ideal variance estimation: PESQ improvements (Female speech) 



6.3 Proposed ML-Based Speech Enhancement Algorithm with Gaussian Speech 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
a=0.2 
+0.99 
+0.89 
+0.79 
+0.61 
+0.44 

c*=0.3 
+1.00 
+0.91 
+0.81 
+0.64 
+0.47 

a=0.5 
+0.84 
+0.86 
+0.80 
+0.67 
+0.51 

a=l 
+0.65 
+0.66 
+0.63 
+0.57 
+0.47 

a=l.5 
+0.63 
+0.63 
+0.60 
+0.55 
+0.45 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
a=0.2 
+0.95 
+0.91 
+0.71 
+0.67 
+0.40 

a=0.3 
+0.97 
+0.93 
+0.73 
+0.70 
+0.43 

a=0.5 
+0.94 
+0.92 
+0.71 
+0.68 
+0.48 

a=l 
+0.87 
+0.91 
+0.66 
+0.60 
+0.37 

a=l.5 
+0.87 
+0.82 
+0.63 
+0.58 
+0.34 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
a=0.2 
+1.31 
+1.14 
+0.93 
+0.71 
+0.52 

a=0.3 
+1.33 
+1.17 
+0.96 
+0.74 
+0.54 

a=0.5 
+1.31 
+1.20 
+1.00 
+0.83 
+0.61 

a=\ 
+1.15 
+1.07 
+0.94 
+0.82 
+0.63 

a=1.5 
+1.15 
+1.07 
+0.92 
+0.80 
+0.61 

Table 6.15: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model with ideal variance estimation: PESQ improvements (Male speech) 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR (dB) 
a=0.2 
4.77 
7.13 
9.75 
12.86 
16.24 

a=0.3 
4.97 
7.31 
9.90 
13.01 
16.36 

a=0.5 
5.29 
7.59 
10.13 
13.22 
16.53 

a=\ 
4.93 
7.23 
9.73 
12.84 
16.19 

a=1.5 
4.67 
6.95 
9.42 
12.50 
15.79 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR (dB) 
a=0.2 
2.72 
4.57 
6.85 
9.30 
12.39 

a=0.3 
3.01 
4.84 
7.09 
9.50 
12.55 

a=0.5 
3.74 
5.44 
7.60 
9.91 
12.88 

a=\ 
3.59 
5.32 
7.48 
9.74 
12.74 

a=1.5 
3.42 
5.11 
7.25 
9.50 
12.48 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR (dB) 
a=0.2 
4.41 
6.71 
9.41 
12.56 
16.05 

a=0.3 
4.64 
6.92 
9.59 
12.72 
16.18 

a=0.5 
5.10 
7.31 
9.93 
12.99 
16.40 

a=\ 
4.89 
7.14 
9.78 
12.84 
16.24 

a=l.5 
4.60 
6.87 
9.49 
12.57 
15.93 

Table 6.16: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model with ideal variance estimation: Segmental SNR (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR (dB) 
a=0.2 
5.58 
8.10 
10.82 
13.69 
17.01 

a=03 
5.78 
8.28 
10.99 
13.84 
17.14 

a=0.5 
6.11 
8.56 
11.24 
14.08 
17.33 

a=\ 
5.73 
8.25 
10.87 
13.74 
16.98 

a=1.5 
5.43 
7.99 
10.58 
13.46 
16.65 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR (dB) 
a=0.2 
4.43 
6.83 
9.49 
12.58 
16.21 

a=03 
4.65 
7.04 
9.66 
12.71 
16.32 

a=0.5 
5.10 
7.44 
10.01 
12.95 
16.52 

a=\ 
4.89 
7.27 
9.75 
12.74 
16.34 

a=1.5 
4.67 
6.98 
9.42 
12.45 
15.05 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR (dB) 
a=0.2 
3.64 
5.78 
8.42 
11.34 
14.86 

a=0.3 
3.90 
6.01 
8.61 
11.49 
14.99 

a=0.5 
4.50 
6.50 
8.96 
11.76 
15.22 

a=l 
4.32 
6.30 
8.75 
11.50 
15.04 

a=1.5 
4.13 
6.08 
8.49 
11.23 
14.68 

Table 6.17: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model with ideal variance estimation: Segmental SNR (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.02 
1.66 
1.29 
0.91 
0.60 

Log Likelihood Ratio 
a=0.2 
0.44 
0.41 
0.36 
0.30 
0.25 

a=0.3 
0.44 
0.41 
0.36 
0.30 
0.24 

a=0.5 
0.65 
0.56 
0.45 
0.33 
0.26 

a=l 
0.74 
0.66 
0.55 
0.42 
0.32 

a=1.5 
0.74 
0.66 
0.55 
0.43 
0.33 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.61 
1.31 
1.06 
0.78 
0.56 

Log Likelihood Ratio 
a=0.2 
0.44 
0.42 
0.38 
0.31 
0.25 

a=03 
0.44 
0.42 
0.38 
0.32 
0.25 

a=0.5 
0.63 
0.56 
0.52 
0.43 
0.32 

a=l 
0.67 
0.61 
0.57 
0.49 
0.39 

a=1.5 
0.67 
0.62 
0.57 
0.49 
0.40 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.12 
1.72 
1.31 
0.96 
0.64 

Log Likelihood Ratio 
a=0.2 
0.47 
0.46 
0.42 
0.39 
0.31 

a=0.3 
0.47 
0.45 
0.41 
0.38 
0.31 

a=0.5 
0.66 
0.58 
0.49 
0.42 
0.34 

a=\ 
0.74 
0.67 
0.60 
0.50 
0.40 

a=l.5 
0.76 
0.68 
0.60 
0.52 
0.42 

Table 6.18: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model with ideal variance estimation: Log Likelihood Ratio (Female speech) 



6.3 Proposed ML-Based Speech Enhancement Algorithm with Gaussian Speech 
Model 200 

Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.49 
2.01 
1.58 
1.17 
0.81 

Log Likelihood Ratio 
a=0.2 
0.61 
0.56 
0.53 
0.46 
0.38 

a=0.3 
0.60 
0.55 
0.52 
0.45 
0.38 

a=0.5 
0.72 
0.64 
0.57 
0.49 
0.38 

a=\ 
0.78 
0.71 
0.63 
0.56 
0.44 

a=1.5 
0.79 
0.71 
0.63 
0.57 
0.45 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.38 
1.08 
0.78 
0.53 
0.36 

Log Likelihood Ratio 
a=0.2 
0.40 
0.37 
0.34 
0.30 
0.24 

a=0.3 
0.41 
0.38 
0.35 
0.30 
0.24 

a=0.5 
0.59 
0.51 
0.44 
0.36 
0.28 

a=\ 
0.67 
0.62 
0.53 
0.43 
0.34 

a=1.5 
0.67 
0.60 
0.53 
0.44 
0.36 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.67 
1.35 
1.08 
0.79 
0.55 

Log Likelihood Ratio 
a=0.2 
0.48 
0.44 
0.39 
0.35 
0.29 

a=0.3 
0.48 
0.45 
0.38 
0.35 
0.29 

a=0.5 
0.67 
0.59 
0.47 
0.40 
0.31 

a=\ 
0.75 
0.69 
0.57 
0.47 
0.37 

a=1.5 
0.75 
0.69 
0.57 
0.47 
0.38 

Table 6.19: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model with ideal variance estimation: Log Likelihood Ratio (Male speech) 
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The results are summarized in tables 6.14 to 6.19, we clearly see that: 

• All the tested a values provide higher PESQ, higher segmental SNR and lower IIR, 

i.e., the speeches are enhanced for all the tests. 

• From the five selected a values, a = 0.3 provides the best PESQ improvements when 

the input SNR is low. When the input SNR is high, a=0.5 will outperform a = 0.3 slightly. 

Overall, the three a values of 0.2, 0.3 and 0.5 lead to similar PESQ improvements. The 

differences between these three are less than 0.1 generally. The PESQ decreases noticeably 

when a is 1 or 1.5. 

• For the segmental SNRs for the enhanced signals, a=0.5 provides the best segmental 

SNR improvements. a=0.3 has slightly worse segmental SNR scores. For all five tested a 

values, the segmental SNR is within range of 1 dB comparing to the overall improvements. 

• For the distortion measure LLR, ct=0.2 and 0.3 provide comparable results. And the 

LLR increases as a increases beyond 0.3. This measure varies more significantly than the 

previous two. a=1.5 can lead to 20-60 % more distortion overall measured by LLR. 

• For the subjective listening tests, the larger a values leads to better noise removal 

as well as higher distortion. When the input SNR is high, results from a=0.3 or 0.5 are 

comparable. When the input SNR is low, a=0.3 performs better. a=0.3 provide lower 

distortion to the speech itself, while a=0.5 removes more noise. When the input SNR is 

low, a=0.5 leads to clear damage to the speech itself. So a=0.3 is more favorable overall, 

which is agreeable with the loudness model. 

Next, the simulations are done with actual speech variance estimation from the noisy 

signal. The noise variance is subtracted from the noisy speech variance as the estimate of 

the speech variance. 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
a=0.2 
+0.23 
+0.23 
+0.28 
+0.27 
+0.24 

a=0.3 
+0.24 
+0.25 
+0.29 
+0.29 
+0.26 

a=0.5 
+0.26 
+0.28 
+0.33 
+0.33 
+0.31 

a=l 
+0.30 
+0.36 
+0.41 
+0.42 
+0.41 

a=l.5 
+0.08 
+0.33 
+0.19 
+0.34 
+0.38 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
a=0.2 
+0.17 
+0.21 
+0.19 
+0.22 
+0.20 

a=0.3 
+0.18 
+0.22 
+0.20 
+0.23 
+0.21 

a=0.5 
+0.19 
+0.24 
+0.22 
+0.25 
+0.24 

a=l 
+0.16 
+0.22 
+0.20 
+0.26 
+0.26 

a=l.5 
-0.25 
-0.19 
-0.09 
+0.19 
+0.21 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
a=0.2 
+0.28 
+0.29 
+0.30 
+0.32 
+0.25 

a=0.3 
+0.30 
+0.31 
+0.32 
+0.34 
+0.27 

a=0.5 
+0.34 
+0.36 
+0.36 
+0.38 
+0.31 

a=l 
+0.42 
+0.48 
+0.47 
+0.49 
+0.45 

a=l.5 
+0.29 
+0.38 
+0.45 
+0.45 
+0.34 

Table 6.20: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model: PESQ improvements (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
a=0.2 
+0.09 
+0.20 
+0.28 
+0.25 
+0.21 

a=03 
+0.09 
+0.21 
+0.29 
+0.26 
+0.23 

a=0.5 
+0.10 
+0.23 
+0.33 
+0.30 
+0.26 

a=l 
+0.11 
+0.32 
+0.39 
+0.35 
+0.27 

a=1.5 
-0.05 
+0.16 
+0.23 
+0.26 
+0.19 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
a=0.2 
+0.18 
+0.24 
+0.25 
+0.32 
+0.17 

a=0.3 
+0.19 
+0.26 
+0.27 
+0.34 
+0.18 

a=0.5 
+0.21 
+0.29 
+0.31 
+0.38 
+0.22 

a=\ 
+0.26 
+0.35 
+0.35 
+0.40 
+0.26 

a=1.5 
+0.05 
+0.21 
+0.28 
+0.27 
+0.21 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
a=0.2 
+0.28 
+0.34 
+0.35 
+0.35 
+0.28 

a=0.3 
+0.29 
+0.35 
+0.37 
+0.37 
+0.29 

a=0.5 
+0.33 
+0.39 
+0.43 
+0.42 
+0.34 

a-\ 
+0.39 
+0.51 
+0.53 
+0.48 
+0.42 

o=1.5 
+0.29 
+0.32 
+0.53 
+0.34 
+0.34 

Table 6.21: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model: PESQ improvements (Male speech) 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR (dB) 
a=0.2 
-1.89 
2.39 
6.53 
10.72 
14.89 

a=0.3 
-1.60 
2.64 
6.73 
10.88 
15.01 

a=0.5 
-0.90 
3.19 
7.16 
11.21 
15.22 

a=l 
1.11 
4.42 
7.76 
11.31 
14.94 

o=1.5 
2.11 
4.77 
7.69 
10.87 
14.26 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR (dB) 
a=0.2 
-7.13 
-2.59 
1.62 
5.83 
10.06 

a=0.3 
-6.83 
-2.32 
1.84 
6.02 
10.19 

a=0.5 
-6.12 
-1.68 
2.34 
6.41 
10.47 

a=l 
-3.80 
0.18 
3.49 
7.06 
10.65 

a=1.5 
-2.01 
1.52 
4.39 
7.44 
10.53 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR (dB) 
a=0.2 
-2.38 
1.90 
6.32 
10.49 
14.66 

a=0.3 
-2.11 
2.13 
6.51 
10.65 
14.82 

a=0.5 
-1.46 
2.66 
6.93 
10.96 
15.05 

a=l 
0.51 
3.87 
7.63 
11.10 
14.94 

a=l.5 
1.42 
4.23 
7.76 
10.75 
14.47 

Table 6.22: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model: Segmental SNR (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR (dB) 
a=0.2 
-1.61 
2.73 
7.08 
11.21 
15.38 

c*=0.3 
-1.31 
2.98 
7.29 
11.39 
15.50 

a=0.5 
-0.62 
3.58 
7.75 
11.74 
15.74 

a=l 
1.45 
5.09 
8.57 
12.03 
15.52 

o=1.5 
2.73 
5.84 
8.63 
11.81 
14.97 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR (dB) 
a=0.2 
-1.97 
2.28 
6.59 
10.77 
15.11 

a=0.3 
-1.72 
2.49 
6.75 
10.89 
15.21 

a=0.5 
-1.15 
2.95 
7.08 
11.10 
15.37 

a=l 
0.34 
3.88 
7.45 
11.00 
15.05 

a=1.5 
1.10 
4.17 
7.53 
10.60 
14.60 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR (dB) 
a=0.2 
-3.38 
0.84 
5.02 
9.28 
13.42 

a=0.3 
-3.09 
1.08 
5.22 
9.43 
13.53 

a=0.5 
-2.42 
1.62 
5.63 
9.74 
13.73 

a=l 
-0.46 
2.91 
6.20 
9.87 
13.48 

a=1.5 
0.76 
3.36 
6.38 
9.55 
12.92 

Table 6.23: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model: Segmental SNR (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.02 
1.66 
1.29 
0.91 
0.60 

Log Likelihood Ratio 
a=0.2 
1.71 
1.30 
0.95 
0.66 
0.45 

a=0.3 
1.69 
1.29 
0.94 
0.65 
0.44 

a=0.5 
1.67 
1.26 
0.91 
0.63 
0.42 

a=l 
1.65 
1.33 
1.10 
0.72 
0.50 

a=1.5 
1.63 
1.34 
1.16 
0.86 
0.59 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.61 
1.31 
1.06 
0.78 
0.56 

Log Likelihood Ratio 
a=0.2 
1.45 
1.14 
0.91 
0.65 
0.48 

a=0.3 
1.44 
1.13 
0.90 
0.65 
0.48 

a=0.5 
1.44 
1.13 
0.90 
0.65 
0.47 

a=\ 
1.51 
1.22 
1.12 
0.82 
0.68 

a=1.5 
1.63 
1.33 
1.19 
0.92 
0.70 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.12 
1.72 
1.31 
0.96 
0.64 

Log Likelihood Ratio 
a=0.2 
1.75 
1.38 
0.95 
0.70 
0.46 

a=0.3 
1.73 
1.36 
0.94 
0.70 
0.45 

a=0.5 
1.70 
1.33 
0.91 
0.68 
0.43 

a=\ 
1.64 
1.40 
1.02 
0.72 
0.50 

a=\.5 
1.66 
1.46 
1.10 
0.87 
0.61 

Table 6.24: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model: Log Likelihood Ratio (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.49 
2.01 
1.58 
1.17 
0.81 

Log Likelihood Ratio 
a=0.2 
2.04 
1.59 
1.21 
0.89 
0.60 

a=0.3 
2.02 
1.57 
1.20 
0.88 
0.60 

a=0.5 
1.98 
1.53 
1.17 
0.86 
0.58 

a=\ 
1.98 
1.57 
1.27 
0.94 
0.66 

o=1.5 
2.00 
1.47 
1.27 
0.97 
0.75 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.38 
1.08 
0.78 
0.53 
0.36 

Log Likelihood Ratio 
a=0.2 
1.17 
0.83 
0.63 
0.42 
0.29 

a=0.3 
1.17 
0.82 
0.62 
0.41 
0.29 

a=0.5 
1.16 
0.80 
0.61 
0.41 
0.29 

a=\ 
1.26 
0.93 
0.73 
0.54 
0.40 

Q=1.5 
1.32 
1.04 
0.88 
0.74 
0.43 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.67 
1.35 
1.08 
0.79 
0.55 

Log Likelihood Ratio 
a=0.2 
1.43 
1.12 
0.84 
0.61 
0.42 

a=0.3 
1.42 
1.11 
0.84 
0.60 
0.41 

a=0.5 
1.41 
1.10 
0.83 
0.60 
0.41 

a=\ 
1.50 
1.29 
0.94 
0.75 
0.50 

a=l.5 
1.58 
1.30 
1.03 
0.78 
0.63 

Table 6.25: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model: Log Likelihood Ratio (Male speech) 
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We now repeat the simulations under the more realistic assumption of estimating the 

prior SNR £ from the actual noisy speech. The results are given in Tables 6.20 to 6.25. The 

variance of the noisy speech component is also estimated with a low-pass filter: 

A^(rn) - prMm - 1) + (1 - (3Y)\Y{m)\2. (6.60) 

The time constant here is chosen to be 10 ms. And the prior SNR is estimated as: 

£ = m a x ( - ^ - l , 1 0 - 3 ) . (6.61) 
AN 

The threshold value is chosen to keep the £ value always positive. 

The simulation results show: 

• Most of the tests lead to better quality of the enhanced speech with the PESQ in­

creasing, segmental SNR increasing and LLR deceasing. The level of improvement is 

considerably lower than the results with ideal variance estimation. 

• a=l leads to the best PESQ scores overall. For the three smaller a choices, perfor­

mance was affected more significantly by the non-ideal variance estimation. 

• The segmental SNR results still show the similar trend: larger a leads to better noise 

removal. At 0 dB input SNRs, a=\ provides 2.3-3.3 dB more segmental SNR improvement 

than a=0.2 (comparing to 0.15-0.8 dB with ideal speech variance estimation). 

• The log-likelihood ratio (LLR) results show that a=0.5 has lower LLRs, though a=0.2 

or 0.3 have close results. a-\ or 1.5 still have considerably higher LLRs. 

• Informal subjective listening tests show that the enhanced speech removes the additive 

noise efficiently. For lower SNR cases, some musical noise is introduced to the enhanced 

speech. a=0.5 or 1 provide similar quality with a-\ having higher distortion and better 

noise reduction. For higher SNR cases, the distortion is not noticeable and a=\ has lower 

background noise. 
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• Unlike the MMSE-based algorithm (Tables 6.1 to 6.6), the ML approach consistently 

improves the quality for all the as except a =1.5. The ML approach performs slightly 

worse than the MMSE approaches with lower input SNRs, but with significantly lower 

complexity. 

6.3.3 ML-Based Speech Enhancement Algorithm with Gaussian Speech 

Model and Voice Activity Detector 

In this section, we study the impact of adding a voice activity detector (VAD) as we did for 

the MMSE. As for the smaller as, the proposed ML algorithm amplifies the weak frames 

when the prior SNR is high. This lead to unpleasant artifacts as for the MMSE case. Thus 

the same voice activity detector used for the MMSE algorithm is used here. We expect 

further improvement of quality, especially for the smaller a values. 

Tables 6.26 to 6.31 show the results for the ML estimator based on the Gaussian speech 

model with a voice activity detector. Of the three quality measures, a=0.5 is the best overall 

and 0.2 and 0.3 are just slightly worse. The difference was not noticeable in informal 

listening tests. The impact of the VAD is more significant with smaller as. This is due to 

the fact that the attenuation at low instantaneous SNR for larger as is already low. 

The PESQ results show further improvement over the algorithm without the VAD. The 

results are comparable with the MMSE-based estimator with Gaussian speech model. The 

difference is usually within 0.1. The ML-based approach does provide improvement for 

the distortion (LLR) measure, but has slightly lower segmental SNR improvement. 

When the Voice Activity Detector (VAD) is applied, the quality is further improved. 

More weak frames are removed rather than amplified without the VAD. Comparing to the 

MMSE-based algorithm (Tables 6.7 to 6.12), the segmental SNR improvement is lower and 



6.3 Proposed ML-Based Speech Enhancement Algorithm with Gaussian Speech 
Model 210 

the distortion is also lower due to the fact that ML-based algorithm left the high instanta­

neous SNR frames unchanged rather than attenuated. Thus, less noise is removed to ensure 

that the distortion to the speech is kept low. 

6.3.4 Performance Analysis of Proposed ML-based Speech Enhance­

ment with Gaussian Speech Model 

In this section, equation (6.54) is analyzed for further understanding of the algorithm. First, 

the equation is rewritten as a gain function G form with respect to the input y. 

n SML XX + y/X2
x + 2{l- 2a) XXXN (Xx + XN)/(v2) , , _ 

Q = = — ——- (6.62) 
v 2 (Ax + XN) 

2(£ + l) 

where £ = j*- and 7 = f- are the a priori and a posteriori SNR respectively. 

The gain G is depicted as functions of £ and the instantaneous SNR 7 — 1. Three 

different figures are shown for three a values of 0.3, 0.5 and 1. 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
a=0.2 
+0.39 
+0.43 
+0.49 
+0.46 
+0.44 

a=0.3 
+0.39 
+0.45 
+0.49 
+0.47 
+0.45 

a=0.5 
+0.41 
+0.47 
+0.51 
+0.49 
+0.46 

a=\ 
+0.44 
+0.49 
+0.50 
+0.49 
+0.47 

o=1.5 
+0.14 
+0.32 
+0.35 
+0.39 
+0.38 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
a=0.2 
+0.24 
+0.32 
+0.32 
+0.33 
+0.36 

a=0.3 
+0.25 
+0.32 
+0.32 
+0.33 
+0.36 

a=0.5 
+0.26 
+0.34 
+0.33 
+0.33 
+0.37 

Q f = l 

+0.23 
+0.26 
+0.20 
+0.27 
+0.39 

a=l.5 
-0.01 
-0.19 
-0.06 
+0.00 
+0.23 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
a=0.2 
+0.49 
+0.54 
+0.54 
+0.47 
+0.44 

a=0.3 
+0.52 
+0.55 
+0.55 
+0.48 
+0.45 

a=0.5 
+0.54 
+0.58 
+0.57 
+0.50 
+0.48 

a=\ 
+0.53 
+0.60 
+0.61 
+0.52 
+0.53 

a=l.5 
+0.51 
+0.58 
+0.54 
+0.45 
+0.45 

Table 6.26: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model (with VAD): PESQ improvements (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
a=0.2 
+0.29 
+0.40 
+0.47 
+0.41 
+0.33 

a=0.3 
+0.29 
+0.41 
+0.47 
+0.42 
+0.34 

a=0.5 
+0.31 
+0.43 
+0.49 
+0.43 
+0.34 

a=l 
+0.32 
+0.43 
+0.49 
+0.39 
+0.29 

a=1.5 
+0.22 
+0.21 
+0.24 
+0.31 
+0.19 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
a=0.2 
+0.42 
+0.37 
+0.52 
+0.49 
+0.28 

a=0.3 
+0.42 
+0.38 
+0.54 
+0.50 
+0.28 

a=0.5 
+0.43 
+0.40 
+0.55 
+0.51 
+0.31 

a=l 
+0.36 
+0.42 
+0.54 
+0.47 
+0.27 

a=1.5 
+0.13 
+0.32 
+0.44 
+0.34 
+0.25 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
a=0.2 
+0.46 
+0.53 
+0.60 
+0.53 
+0.41 

a=0.3 
+0.47 
+0.55 
+0.62 
+0.54 
+0.42 

a=0.5 
+0.49 
+0.57 
+0.63 
+0.56 
+0.44 

a=l 
+0.54 
+0.63 
+0.64 
+0.56 
+0.46 

a=1.5 
+0.36 
+0.51 
+0.52 
+0.42 
+0.34 

Table 6.27: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model (with VAD): PESQ improvements (Male speech) 



6.3 Proposed ML-Based Speech Enhancement Algorithm with Gaussian Speech 
Model 213 

Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR (dB) 
a=0.2 
0.99 
4.55 
8.12 
11.67 
15.45 

a=0.3 
1.17 
4.67 
8.20 
11.72 
15.46 

a=0.5 
1.55 
4.93 
8.33 
11.77 
15.46 

a=\ 
2.43 
5.26 
8.23 
11.37 
14.94 

a=l.5 
2.71 
5.17 
7.78 
10.79 
14.16 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR (dB) 
a=0.2 
-3.87 
-0.02 
3.55 
7.39 
11.11 

a=03 
-3.68 
0.12 
3.67 
7.46 
11.16 

a=0.5 
-3.22 
0.48 
3.92 
7.62 
11.24 

a=\ 
-1.85 
1.40 
4.40 
7.71 
11.08 

a=1.5 
-0.43 
2.18 
4.65 
7.57 
10.73 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR (dB) 
a=0.2 
0.26 
4.16 
7.80 
11.49 
15.36 

a=0.3 
0.41 
4.27 
7.87 
11.54 
15.39 

a=0.5 
0.73 
4.50 
8.02 
11.63 
15.43 

a=\ 
1.41 
4.87 
8.05 
11.44 
15.10 

a=1.5 
1.80 
4.87 
7.80 
11.00 
14.54 

Table 6.28: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model (with VAD): Segmental SNR (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR (dB) 
a=0.2 
1.18 
5.11 
8.85 
12.42 
16.05 

a=0.3 
1.35 
5.24 
8.94 
12.48 
16.07 

a=0.5 
1.72 
5.51 
9.11 
12.57 
16.09 

a=l 
2.64 
5.97 
9.19 
12.36 
15.63 

a=l.5 
3.05 
5.98 
8.91 
11.89 
14.98 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR (dB) 
a=0.2 
0.32 
4.12 
7.82 
11.55 
15.51 

a=0.3 
0.46 
4.22 
7.89 
11.59 
15.53 

a=0.5 
0.73 
4.40 
8.02 
11.65 
15.54 

a=l 
1.34 
4.60 
7.99 
11.46 
15.16 

a=1.5 
1.53 
4.59 
7.69 
11.05 
14.54 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 
-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR (dB) 
a=0.2 
-0.72 
2.98 
6.52 
10.27 
14.04 

a=0.3 
-0.56 
3.09 
6.60 
10.32 
14.06 

a=0.5 
-0.22 
3.33 
6.74 
10.42 
14.09 

a=l 
0.68 
3.74 
6.77 
10.21 
13.71 

a=1.5 
1.33 
3.88 
6.51 
9.75 
13.09 

Table 6.29: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model (with VAD): Segmental SNR (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.02 
1.66 
1.29 
0.91 
0.60 

Log Likelihood Ratio 
a=0.2 
1.45 
1.09 
0.84 
0.55 
0.37 

a=0.3 
1.45 
1.09 
0.84 
0.55 
0.37 

a=0.5 
1.44 
1.08 
0.84 
0.56 
0.37 

a=\ 
1.70 
1.25 
1.02 
0.73 
0.50 

a=l.5 
1.71 
1.29 
1.16 
0.85 
0.65 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.61 
1.31 
1.06 
0.78 
0.56 

Log Likelihood Ratio 
a=0.2 
1.24 
1.01 
0.82 
0.54 
0.44 

a=0.3 
1.24 
1.00 
0.83 
0.54 
0.44 

a=0.5 
1.25 
1.01 
0.84 
0.55 
0.46 

a=\ 
1.51 
1.22 
1.13 
0.81 
0.65 

a=1.5 
1.62 
1.38 
1.26 
0.99 
0.75 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.12 
1.72 
1.31 
0.96 
0.64 

Log Likelihood Ratio 
a=0.2 
1.46 
1.11 
0.80 
0.55 
0.41 

a=03 
1.45 
1.10 
0.79 
0.55 
0.41 

a=0.5 
1.43 
1.09 
0.79 
0.56 
0.41 

a=l 
1.37 
1.13 
0.96 
0.65 
0.48 

a=l.5 
1.53 
1.23 
1.07 
0.76 
0.58 

Table 6.30: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model (with VAD): Log Likelihood Ratio (Female speech) 



6.3 Proposed ML-Based Speech Enhancement Algorithm with Gaussian Speech 
Model 216 

Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.49 
2.01 
1.58 
1.17 
0.81 

Log Likelihood Ratio 
a=0.2 
1.74 
1.35 
1.01 
0.77 
0.55 

a=0.3 
1.72 
1.34 
1.00 
0.77 
0.55 

a=0.5 
1.71 
1.33 
1.00 
0.76 
0.56 

a=\ 
1.70 
1.34 
1.15 
0.92 
0.69 

a=1.5 
1.69 
1.35 
1.19 
0.97 
0.75 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.38 
1.08 
0.78 
0.53 
0.36 

Log Likelihood Ratio 
a=0.2 
0.97 
0.72 
0.53 
0.32 
0.27 

a=03 
0.97 
0.72 
0.53 
0.32 
0.27 

a=0.5 
0.96 
0.72 
0.53 
0.32 
0.28 

0=1 

1.13 
0.92 
0.65 
0.49 
0.35 

a=1.5 
1.31 
1.14 
0.78 
0.67 
0.46 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.67 
1.35 
1.08 
0.79 
0.55 

Log Likelihood Ratio 
a=0.2 
1.13 
0.91 
0.64 
0.51 
0.35 

a=0.3 
1.12 
0.91 
0.64 
0.50 
0.35 

a=0.5 
1.11 
0.90 
0.63 
0.49 
0.36 

a=l 
1.30 
1.09 
0.74 
0.65 
0.48 

a=1.5 
1.58 
1.30 
0.93 
0.75 
0.60 

Table 6.31: Quality evaluation of various a values for ML estimator based on Gaussian 
speech model (with VAD): Log Likelihood Ratio (Male speech) 
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Figure 6.4: The gain function for Maximum Likelihood speech enhancement algorithm 
with Gaussian speech model 
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From Figure 6.4, we can see that the gain functions are similar for high 7s irrespective 

of the a values. This means when 7 is high, the gain is decided by the prior SNR £ only. 

Larger £ lead to higher gains for the same 7, which means the more noisy the speech is, the 

more it will be attenuated to remove the noise. 

When the prior SNR is fixed, a=0.3 gives higher gains comparing to higher 7; a=0.5 

have the same gain for all the 7 and a=l provides lower gains for lower 7. This means 

a=0.3 will amplify the weak speeches with high £ and a=l will attenuate them. This 

amplification with a=0.3 improves the quality of enhanced speech with less distortion and 

better PESQ score (Tables 6.14, 6.15, 6.18 and 6.19). 

On the other hand, a=0.5 provides better noise removal than smaller as (Tables 6.16 

and 6.17). This can be explained by the lower gains for the same 7 values. Speech will be 

compressed depending on £ values. Neither speech nor noise will be amplified with a=0.5. 

For a-\ or 1.5, more speech/noise is removed from the original noisy signal. It leads 

to distortion of the speech signal as a result of this aggressive noise removal. 

When the noisy signal is used for the estimation of the speech variance, the prior SNR 

estimate has some error. A typical comparison is shown in Figure 6.5. At the low prior 

SNR frames, the estimated prior SNRs tend to be higher than their actual value. For the 

high SNR frames, the estimated prior SNRs tend to be lower than their actual value. Also 

the lower prior SNRs are, the larger errors in the corresponding prior SNR estimation. 

When a=0.3, these errors in prior SNR estimation can lead to amplification of the 

weak frames in the noisy speech. Under such condition, the speech quality is affected 

considerably. This effect is shown by the speech quality scores for a=0.3 (so is a=0.2) in 

Tables 6.20 to 6.25. 

With ideal prior SNR estimation, a = 1 leads to 0.1-0.35 PESQ degradation compared 
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Amplitude of the 4th FFT component (clean speech) 

0 0.5 

Prior SNR Estimation under 0 dB additive noise 

Estimates prior SNR(dB) 

0 0.5 1 1.5 2 
Time (s) 

Figure 6.5: A typical comparison between the estimated prior SNR under 0 dB additive 
noise and the actual prior SNR 

to smaller as. The drawback is that a certain portion of the weak speech is removed together 

with the noise, which leads to higher distortion. When the instantaneous SNR is low and 

the prior SNR estimation is less accurate, the algorithm will remove the noise and speech 

no matter how the prior SNR is estimated. So the results are less affected by the prior 

SNR estimation. The overall speech quality is better than using smaller as. Tables 6.20 

and 6.25 show that a=l leads to the best overall PESQ scores. But the performance is still 

significantly lower than the ideal case. 
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6.4 Proposed ML-based Speech Enhancement Algorithm 

with Laplacian Speech Model 

6.4.1 The Likelihood Function for the Laplacian Speech Model and 

its Maximization 

In this subsection, we repeat the ML approach in section 6.3 except that we assume a 

Laplacian distribution for the spectral amplitude of the speech signal: 

fx(X) = -e-^ = -e-i. (6.63) 
a a 

where s = \X\\s amplitude of the spectrum of the clean signal and a is the factor of the 

Laplacian distribution. Let t = s2a represent the loudness measure of X. In ML estimation, 

we want to maximize the probability of f(t\Y), where Y is the spectrum of the noisy signal. 

The PDF of t can be derived as following: 

M t ) = / * < « > _ / *<« 
d(x2a) 

dx 

2 q - l 2 q - l 

2at 2a zat 2a • a 
(6.64) 

i 
X=t3a" 

The conditional probability function of t is given by: 

f(t\Y) = f(t,Y)/f(Y) (6.65) 

Maximizing f(t\Y) given Y is equivalent to maximizing f(t, Y). As t is a function of X 

only, we can assume that t is independent with the additive noise spectrum N. Recalling 

that N = Y -X, then: 

i 
t2a 2 

2at 2a . a TT^TV 
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Similar with the discussion for ML-based algorithm with Gaussian speech model, when Y 

and t are fixed, ft,y{t, Y) can be maximized by maximizing fN (Y — X), i.e., minimizing 

\Y — X\. It can be achieved when and only when X has the same phase with Y. Thus 

\Y-X\=v-t*z (6.67) 

Again differentiating (6.66) and setting the result to 0, we get: 

t 2a _ ^ _ * _ ^ _ (2s_i) t 2Q 
Ajv I V 2a / v l «-t2a 

CL i -5 '- e • *w = 0 

(6.68) 

where CV = ,—^—. 
/ 1 \ 2 

1 u - t E i 
t2a 

Noting that e a XN > 0 and t > 0: 

1 i (AJV-2CW) i / 2 a - 1 \ „ 
-*« - ^ — A ^ ~ ~^ = °» ( 6 - 6 9 ) aAjv 2aaAjv \ 2a 

Multiplying by aaA/v, we get: 

2at° + (\N - 2av) t& + (2a - 1) a\N = 0. (6.70) 

Let s = tto, then: 

2as2 + (Aw - 2av) s + (2a - 1) aAw = 0, (6.71) 

This is a quadratic equation with the discriminant: 

AL = {2av - AJV)2 + 8 ( 1 - 2a) a2Ajv (6.72) 

When AL < 0, (6.69) is negative for all t > 0. So the first derivative of (6.66) is always 

negative, which means (6.66) is strictly decreasing. It is maximized when t = 0, i.e., s = 0. 
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When A L > 0, the solution is 

2av — Aw ± ^(2av - \N)2 + 8 ( 1 - 2a) a2 A N 
SL1,L2 

4a 
(6.73) 

Similar to the case for the Gaussian speech model, the second derivative of (6.66) is needed 

to decide if /t,y(£, Y) is maximized or minimized at SLI,L2-

The first derivative is rewritten as 

jtft,Y(t,Y) = C'FL1(t)FL2(t) 

where 

C' = Cr 
2aaAjv 

FLl(t) = 2a-
t^a tig ( » - l ° r 

on 
and 

FL2(t) = -2a t* - (XN - 2av) t^ - (2a - 1) a\N 

The second derivative of / t )y (t, Y) at t = s|" L2 is 

(6.74) 

(6.75) 

(6.76) 

(6.77) 

^ ( t , y ) 
- S 2 Q 

= |[C"FL 1( i)FL 2( i)] 
/ — 5 2 Q 

1~&L1.L2 

C'FLl{t)jtFL2{t) + C'FL1(t)~FL2(t) 
t=si 

As 

FL2(t)\t-_ p2a bL\.h1 
= 0, 

^Avt t r ) 
=51Q1,Z,2 

C'FL1(t)-FL2(t) 

. (6.78) 

(6.79) 

(6.80) 
*=*£",L2 
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As we have C'L > 0, F^t) > 0. 

_ s 2 a 
L1.L2 t=S 

- (-2a) t"-1 - — {XN- 2av) t^'1 

a 2a 

(—4a) toe — [\N — 2av) t^ 

i_s2a 
~ LI.L2 t=si 

2at 

(—4a) s2 — (A/v - 2av) s 

_ S 2 Q 

"~ LI,£.2 t=J 

2as2a 

Assigning §i to the root with the + sign, then 

(6.81) 
'=Sil , .L2 

dt W) 
^ (_4a) ^(2av~X^Ly _ {XN _ 2QV) ^ (2a^-Ajy)+\/Az, 

(4a) ) 

'=3.1 2as2Q 

2 
f(2au - AJV) + \ /A L ) - {XN - 2av) foav - XN + \ /A L ) 

8aas2 a 

- (2av - AJV) \ /AL - A i 
8aas|^ 

-fiz-iv/Aj; 

8 a a s ^ 
(6.82) 

thus as long as s^ > 0, it corresponds to the maximum of fty (t, Y) under the Laplacian 

assumption. If §LI < 0, both roots are negative and (6.66) is strictly decreasing when t > 0. 

So the maximum is reached when t = 0. 

Also, 

({2av - AJV) + \ / A L ) - (Ajv - 2aw) hav - Ajv + VKL) 

dt W) ;2a SL1 
8aas 2a 

- (2av - AJV) VAL - AL 

8aa5|2 

SL2 N/AZ 

8aas|^ 

There are two possibilities, if s/,2 > 0, then the above 

> 0 £*<*> 

(6.83) 

(6.84) 
t=si 
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which means §2 corresponds to the minimum of fty (t, Y). Note that s^i < 0 must be 

discarded since s is an estimation of amplitude and can't be negative. Either way, in 

corresponds to the only maximum of fty (t, Y). 

Overall, the maximum likelihood under the Laplacian assumption is 

(lav - XN + y/AZ \ 
SML,L = max I , 0 J (6.85) 

when 

and for AL < 0 

AL = {2av - \Nf + 8 (1 - 2a) a2XN > 0 (6.86) 

SML,L = 0. (6.87) 

6.4.2 Simulation Results for Proposed ML-based Algorithm with Lapla­

cian Speech Model 

In this section, the proposed speech enhancement algorithm based on the ML estimation 

is simulated. The speech signal amplitude components in the DFT domain are enhanced 

using the proposed ML estimation with Laplacian assumptions as in (6.73). The complete 

speech enhancement algorithm is shown in Table 6.4.2 

The estimation of the variance of noise and noisy speech also follow (6.57) and (6.58). 

Then, a is estimated as y/max(Ay — Ajv,0)/2. The results for ideal variance estimation 

are shown. In this case, we estimate the speech signal variance Ax using the clean speech 

as in (6.59). Under such assumption, the performance of the proposed approach are shown 

in Tables 6.33 to 6.38 different a values: 0.2, 0.3, 0.5, 0.7 and 1. 
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PY is chosen to let the time constant of the adaptive process to be 10 ms. 

/3/v is chosen to let the timeconstant of the adaptive process to be 0.5 sec. 

For each time step m do, 

Y{m) = FFT{y{m)) 

n(m) +— Read from noise memory 

N{m) = FFT(h(m)) 

V(m) = [v1(m)\v2(m)\...\vR(m)] = \Y(m)\; 

§(m) = [flxMlflaMI • • • \eR{m)\ = £Y(m); 

U(m) = [ui(m)\u2(m)\...\uR(m)] = \N(m)\; 

For i= 1, 2,.. . , Rdo 

XYi{m) = /3yAyi(m - 1) + (1 - /?y)^2(m) 

Ajvi(m) = /3NVi(m - ! ) + ( ! - /M«< ("0 

, N ( I^Yi(m) - XNi(m) \ 
ai(m) = max I W ,0 1 

ALi(m) = (2ai(m)vi(m) - XNi{m))2 + 8(1 - 2a) a2(m)XNi(m) 

When ALi(m) > 0 

. , v f 2ai{m)vi{m) - XNi{m) + y/'ALi(m) \ Si(m) = maX{ 4^) 'J 
When ALi{m) < 0 

Si(m) = 0 

end; 

S(m) = [si(m)\s2(m)\...\sR(m)} 

X{m) = S(m) • ei6{m) 

x(m) = IFFT(x{m) 

Table 6.32: Proposed ML-based Speech Enhancement Algorithm (Laplacian Speech 
Model) 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
a=0.2 
+1.00 
+0.84 
+0.73 
+0.60 
+0.48 

a=0.3 
+1.03 
+0.88 
+0.79 
+0.66 
+0.54 

a=0.5 
+0.57 
+0.72 
+0.74 
+0.66 
+0.61 

a=0.7 
+0.42 
+0.37 
+0.56 
+0.60 
+0.58 

a=l 
+0.26 
+0.14 
+0.35 
+0.48 
+0.49 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
a=0.2 
+0.81 
+0.70 
+0.65 
+0.55 
+0.47 

a=0.3 
+0.81 
+0.71 
+0.67 
+0.57 
+0.50 

a=0.5 
+0.19 
+0.29 
+0.52 
+0.50 
+0.47 

a=0.7 
-0.01 
-0.05 
+0.34 
+0.40 
+0.39 

a=\ 
-0.14 
-0.28 
+0.01 
+0.30 
+0.34 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
a=0.2 
+1.09 
+0.92 
+0.73 
+0.62 
+0.50 

a=0.3 
+1.10 
+0.94 
+0.76 
+0.67 
+0.54 

a=0.5 
+0.80 
+0.83 
+0.65 
+0.74 
+0.59 

a=0.1 
+0.57 
+0.65 
+0.56 
+0.69 
+0.57 

a=\ 
+0.25 
+0.48 
+0.48 
+0.50 
+0.41 

Table 6.33: Quality evaluation of enhanced speech for various a values for ML estimator 
based on Laplacian speech model with ideal variance estimation: PESQ improvements 
(Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
a=0.2 
+0.99 
+0.89 
+0.79 
+0.61 
+0.44 

a=0.3 
+1.00 
+0.91 
+0.81 
+0.64 
+0.47 

a=0.5 
+0.84 
+0.86 
+0.80 
+0.67 
+0.51 

a=0.7 
+0.65 
+0.66 
+0.63 
+0.57 
+0.47 

a=\ 
+0.63 
+0.63 
+0.60 
+0.55 
+0.45 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
a=0.2 
+0.90 
+0.80 
+0.71 
+0.60 
+0.38 

a=0.3 
+0.92 
+0.83 
+0.75 
+0.64 
+0.45 

a=0.5 
+0.55 
+0.69 
+0.68 
+0.60 
+0.46 

a=0.7 
+0.38 
+0.35 
+0.50 
+0.42 
+0.37 

a=l 
+0.18 
+0.31 
+0.41 
+0.38 
+0.22 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
a=0.2 
+1.22 
+1.09 
+0.86 
+0.67 
+0.46 

a=0.3 
+1.26 
+1.14 
+0.92 
+0.73 
+0.50 

a=0.5 
+0.98 
+0.91 
+0.79 
+0.74 
+0.57 

a=0.7 
+0.62 
+0.81 
+0.63 
+0.60 
+0.50 

a=l 
+0.34 
+0.53 
+0.54 
+0.49 
+0.43 

Table 6.34: Quality evaluation of enhanced speech for various a values for ML estimator 
based on Laplacian speech model with ideal variance estimation: PESQ improvements 
(Male speech) 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR (dB) 
a=0.2 
3.53 
5.97 
8.73 
11.93 
15.58 

a=0.3 
4.04 
6.42 
9.12 
12.26 
15.82 

a=0.5 
4.52 
6.83 
9.50 
12.56 
16.08 

a=0.7 
4.28 
6.48 
9.16 
12.23 
15.76 

a=l 
3.97 
6.01 
8.64 
11.70 
15.20 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR (dB) 
a=0.2 
2.16 
3.64 
5.96 
8.57 
11.87 

a=03 
2.78 
4.19 
6.46 
8.98 
12.19 

a=0.5 
3.29 
4.74 
6.99 
9.51 
12.58 

a=0.7 
3.08 
4.65 
6.79 
9.33 
12.34 

o=l 
2.89 
4.60 
6.45 
9.04 
11.89 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR (dB) 
a=0.2 
3.39 
5.83 
8.65 
11.92 
15.57 

a=0.3 
3.90 
6.29 
9.05 
12.25 
15.82 

a=0.5 
4.44 
6.84 
9.56 
12.66 
16.13 

a=0.7 
4.17 
6.66 
9.35 
12.44 
15.95 

a=\ 
3.87 
6.32 
8.97 
12.02 
15.49 

Table 6.35: Quality evaluation of enhanced speech for various a values for ML estimator 
based on Laplacian speech model with ideal variance estimation: Segmental SNR (Female 
speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR (dB) 
a=0.2 
4.48 
7.01 
9.85 
12.68 
16.19 

a=0.3 
4.95 
7.46 
10.27 
13.03 
16.46 

a=0.5 
5.43 
7.93 
10.63 
13.43 
16.77 

a=0.7 
5.26 
7.69 
10.32 
13.14 
16.45 

a=l 
4.84 
7.30 
9.89 
12.71 
15.90 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR (dB) 
a=0.2 
3.22 
5.71 
8.62 
11.94 
15.83 

a=0.3 
3.70 
6.15 
8.99 
12.22 
16.04 

a=0.5 
4.19 
6.65 
9.40 
12.56 
16.28 

a=0.1 
4.03 
6.51 
9.20 
12.31 
16.01 

a=l 
3.14 
6.13 
8.89 
11.90 
15.55 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR (dB) 
a=0.2 
2.58 
4.95 
7.69 
10.79 
14.46 

a=03 
3.15 
5.43 
8.10 
11.12 
14.71 

a=0.5 
3.82 
5.95 
8.51 
11.50 
15.00 

a=0.7 
3.78 
5.76 
8.22 
11.20 
14.71 

a=\ 
3.54 
5.39 
7.84 
10.71 
14.17 

Table 6.36: Quality evaluation of enhanced speech for various a values for ML estimator 
based on Laplacian speech model with ideal variance estimation: Segmental SNR (Male 
speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.02 
1.66 
1.29 
0.91 
0.60 

Log Likelihood Ratio 
a=0.2 
0.44 
0.41 
0.41 
0.34 
0.28 

a=0.3 
0.46 
0.41 
0.40 
0.33 
0.27 

a=0.5 
0.92 
0.86 
0.68 
0.45 
0.33 

a=0.1 
1.01 
0.96 
0.80 
0.57 
0.40 

a=l 
1.06 
0.98 
0.86 
0.65 
0.47 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.61 
1.31 
1.06 
0.78 
0.56 

Log Likelihood Ratio 
a=0.2 
0.43 
0.43 
0.38 
0.33 
0.28 

a=0.3 
0.44 
0.44 
0.39 
0.33 
0.28 

a=0.5 
0.86 
0.79 
0.74 
0.51 
0.42 

a=0.7 
0.98 
0.88 
0.90 
0.57 
0.43 

a=l 
0.99 
0.88 
0.95 
0.66 
0.50 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.12 
1.72 
1.31 
0.96 
0.64 

Log Likelihood Ratio 
a=0.2 
0.47 
0.44 
0.43 
0.39 
0.32 

a=0.3 
0.48 
0.44 
0.41 
0.38 
0.31 

a=0.5 
0.91 
0.78 
0.51 
0.43 
0.40 

a=0.7 
1.03 
0.88 
0.68 
0.54 
0.42 

a=l 
1.00 
0.94 
0.85 
0.61 
0.47 

Table 6.37: Quality evaluation of enhanced speech for various a values for ML estimator 
based on Laplacian speech model with ideal variance estimation: Log Likelihood Ratio 
(Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.49 
2.01 
1.58 
1.17 
0.81 

Log Likelihood Ratio 
a=0.2 
0.61 
0.61 
0.58 
0.55 
0.42 

a=0.3 
0.61 
0.59 
0.56 
0.53 
0.41 

a=0.5 
0.95 
0.86 
0.72 
0.67 
0.50 

a=0.7 
1.02 
1.02 
0.85 
0.73 
0.55 

a=l 
1.04 
1.03 
0.91 
0.79 
0.63 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.38 
1.08 
0.78 
0.53 
0.36 

Log Likelihood Ratio 
a=0.2 
0.39 
0.36 
0.34 
0.29 
0.25 

a=0.3 
0.40 
0.36 
0.33 
0.29 
0.25 

a=0.5 
0.76 
0.60 
0.56 
0.31 
0.31 

a=0.7 
0.85 
0.67 
0.62 
0.42 
0.31 

a=l 
0.90 
0.73 
0.76 
0.51 
0.36 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.67 
1.35 
1.08 
0.79 
0.55 

Log Likelihood Ratio 
a=0.2 
0.50 
0.44 
0.39 
0.36 
0.31 

a=03 
0.52 
0.45 
0.38 
0.35 
0.30 

a=0.5 
0.98 
0.75 
0.58 
0.46 
0.38 

a=0.7 
1.14 
0.87 
0.75 
0.50 
0.37 

a=\ 
1.32 
0.95 
0.82 
0.66 
0.40 

Table 6.38: Quality evaluation of enhanced speech for various a values for ML estimator 
based on Laplacian speech model with ideal variance estimation: Log Likelihood Ratio 
(Male speech) 
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From Tables 6.33 to 6.38, we clearly see that: 

• All the tested a values provide improved segmental SNR and LLR. Almost all (but 

one speech with a-OJ or 1 at 0 or 5 dB input SNR) tests provide improvements in PESQ 

scores. Overall, the speech quality is improved. 

• Of the five selected a values, a — 0.3 provides the best PESQ improvements when 

the input SNR is low. When the input SNR is high, the three a values of 0.2, 0.3 and 

0.5 lead to similar PESQ improvements. a=0.5 performs significantly worse for low input 

SNR cases. The PESQ decreases noticeably when a is 1 or 1.5. 

• For the segmental SNRs for the enhanced signals, a=0.5 provides the best segmental 

SNR improvements. a=0.3 has slightly worse segmental SNR scores. For all five tested a 

values, the segmental SNR is within a close range comparing to the overall improvements. 

• For the distortion measure LLR, a=0.2 and 0.3 provide comparable results. The LLR 

increases considerably as a increases beyond 0.3. a=l .5 can lead to more distortion overall 

as measured by LLR. 

• Based on informal subjective listening tests, the residual noise level is higher for 

smaller as, but the enhanced speech is more distorted for larger as. a=0.3 provides the 

best overall quality. 

• Comparing with the results under Gaussian assumptions, a=0.3 performs best under 

both assumptions. The three quality measures all favor the Gaussian assumption. The 

listening tests show that the Laplacian assumption leads to higher noise residue but less 

noticeable distortion to the speech signals. This will be analyzed later in section 6.5.1. 

Next, the simulations are repeated for actual speech variance estimation from the noisy 

signal. The noise variance is subtracted from the noisy speech variance as the estimate of 

the speech variance. The a values tested are chosen to be 0.2, 0.3, 0.5, 1 and 1.5. 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
a=0.2 
+0.20 
+0.23 
+0.29 
+0.24 
+0.22 

a=0.3 
+0.22 
+0.26 
+0.31 
+0.27 
+0.24 

a=0.5 
+0.26 
+0.32 
+0.37 
+0.33 
+0.30 

a=\ 
+0.31 
+0.41 
+0.43 
+0.41 
+0.39 

a=1.5 
+0.04 
+0.16 
+0.20 
+0.34 
+0.31 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
a=0.2 
+0.13 
+0.17 
+0.17 
+0.21 
+0.23 

a=0.3 
+0.14 
+0.19 
+0.19 
+0.23 
+0.25 

a=0.5 
+0.15 
+0.22 
+0.23 
+0.26 
+0.30 

a=l 
+0.08 
+0.19 
+0.20 
+0.28 
+0.34 

a=1.5 
-0.40 
-0.22 
-0.05 
+0.13 
+0.19 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
a=0.2 
+0.27 
+0.30 
+0.29 
+0.27 
+0.24 

a=0.3 
+0.30 
+0.33 
+0.32 
+0.30 
+0.27 

a=0.5 
+0.36 
+0.41 
+0.39 
+0.36 
+0.33 

a=l 
+0.46 
+0.53 
+0.50 
+0.47 
+0.42 

a=1.5 
+0.24 
+0.44 
+0.32 
+0.35 
+0.35 

Table 6.39: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model: PESQ improvements (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
a=0.2 
+0.16 
+0.20 
+0.27 
+0.21 
+0.21 

a=0.3 
+0.17 
+0.22 
+0.30 
+0.23 
+0.24 

a=0.5 
+0.19 
+0.37 
+0.37 
+0.28 
+0.28 

a=\ 
+0.19 
+0.38 
+0.35 
+0.30 
+0.26 

a=1.5 
-0.02 
+0.09 
+0.14 
+0.12 
+0.15 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
a=0.2 
+0.19 
+0.26 
+0.26 
+0.28 
+0.22 

a=0.3 
+0.21 
+0.29 
+0.28 
+0.31 
+0.25 

a=0.5 
+0.24 
+0.33 
+0.33 
+0.36 
+0.30 

a=\ 
+0.26 
+0.27 
+0.30 
+0.33 
+0.29 

a=1.5 
+0.15 
+0.07 
+0.10 
+0.28 
+0.21 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
a=0.2 
+0.27 
+0.29 
+0.31 
+0.31 
+0.25 

a=0.3 
+0.30 
+0.32 
+0.35 
+0.35 
+0.28 

a=0.5 
+0.36 
+0.42 
+0.43 
+0.41 
+0.34 

a=l 
+0.44 
+0.56 
+0.55 
+0.51 
+0.40 

a=1.5 
+0.16 
+0.40 
+0.37 
+0.37 
+0.31 

Table 6.40: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model: PESQ improvements (Male speech) 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR (dB) 
a=0.2 
-2.49 
2.05 
6.35 
10.55 
14.83 

a=0.3 
-2.01 
2.47 
6.66 
10.80 
14.97 

a=0.5 
-0.90 
3.35 
7.22 
11.09 
15.09 

a=l 
1.41 
4.85 
7.76 
11.12 
14.67 

a=1.5 
2.34 
5.10 
7.58 
10.67 
14.01 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR (dB) 
a=0.2 
-7.53 
-3.16 
1.30 
5.62 
9.96 

a=0.3 
-7.02 
-2.73 
1.66 
5.88 
10.15 

a=0.5 
-5.82 
-1.80 
2.38 
6.35 
10.46 

a=l 
-2.76 
0.39 
3.87 
7.19 
10.73 

a=1.5 
-0.26 
1.92 
4.76 
7.52 
10.62 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR (dB) 
a=0.2 
-2.82 
1.72 
6.04 
10.34 
14.73 

a=0.3 
-2.35 
2.10 
6.34 
10.56 
14.88 

a=0.5 
-1.33 
2.88 
6.87 
10.88 
15.04 

a=l 
0.72 
4.21 
7.54 
11.06 
14.84 

a=1.5 
1.51 
4.77 
7.68 
10.76 
14.37 

Table 6.41: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model: Segmental SNR (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR (dB) 
a=0.2 
-2.08 
2.37 
6.71 
10.95 
15.29 

a=0.3 
-1.59 
2.79 
7.05 
11.19 
15.46 

a=0.5 
-0.47 
3.66 
7.72 
11.58 
15.62 

a=l 
1.82 
5.32 
8.80 
11.88 
15.34 

a=1.5 
2.66 
5.86 
8.80 
11.66 
14.80 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR (dB) 
a=0.2 
-2.28 
2.06 
6.41 
10.75 
15.08 

a=0.3 
-1.87 
2.37 
6.65 
10.92 
15.18 

a=0.5 
-0.99 
2.95 
7.07 
11.14 
15.22 

a=l 
0.62 
3.91 
7.51 
11.12 
14.78 

a=1.5 
1.39 
4.40 
7.37 
10.69 
14.29 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR (dB) 
a=0.2 
-3.88 
0.54 
4.75 
9.09 
13.43 

a=03 
-3.41 
0.92 
5.05 
9.33 
13.57 

a=0.5 
-2.37 
1.70 
5.57 
9.51 
13.72 

a=l 
-0.19 
3.04 
6.27 
9.64 
13.41 

a=1.5 
1.25 
3.80 
6.49 
9.39 
12.89 

Table 6.42: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model: Segmental SNR (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.02 
1.66 
1.29 
0.91 
0.60 

Log Likelihood Ratio 
a=0.2 
1.74 
1.33 
0.97 
0.68 
0.44 

a=0.3 
1.72 
1.30 
0.95 
0.67 
0.43 

a=0.5 
1.68 
1.27 
0.93 
0.65 
0.41 

o=l 
1.72 
1.39 
1.11 
0.76 
0.54 

o=1.5 
1.79 
1.42 
1.09 
0.78 
0.67 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.61 
1.31 
1.06 
0.78 
0.56 

Log Likelihood Ratio 
a=0.2 
1.48 
1.18 
0.91 
0.66 
0.47 

a=0.3 
1.48 
1.17 
0.90 
0.67 
0.46 

a=0.5 
1.54 
1.17 
0.91 
0.72 
0.48 

a=\ 
1.59 
1.20 
1.02 
0.97 
0.65 

a=1.5 
1.62 
1.23 
1.10 
1.00 
0.72 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.12 
1.72 
1.31 
0.96 
0.64 

Log Likelihood Ratio 
a=0.2 
1.73 
1.34 
1.04 
0.72 
0.51 

a=0.3 
1.70 
1.31 
1.02 
0.70 
0.50 

a=0.5 
1.62 
1.24 
0.98 
0.68 
0.49 

a=l 
1.63 
1.33 
1.04 
0.81 
0.53 

0=1.5 
1.68 
1.40 
1.04 
0.88 
0.59 

Table 6.43: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model: Log Likelihood Ratio (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.49 
2.01 
1.58 
1.17 
0.81 

Log Likelihood Ratio 
a=0.2 
2.16 
1.62 
1.23 
0.93 
0.63 

a=0.3 
2.12 
1.59 
1.21 
0.91 
0.62 

a=0.5 
2.06 
1.51 
1.18 
0.89 
0.59 

a=l 
2.03 
1.56 
1.25 
0.97 
0.71 

a=1.5 
2.04 
1.57 
1.27 
0.98 
0.74 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.38 
1.08 
0.78 
0.53 
0.36 

Log Likelihood Ratio 
c*=0.2 
1.18 
0.87 
0.61 
0.44 
0.29 

a=0.3 
1.17 
0.85 
0.59 
0.43 
0.29 

a=0.5 
1.16 
0.84 
0.58 
0.43 
0.28 

a=\ 
1.26 
1.07 
0.80 
0.55 
0.36 

a=1.5 
1.27 
1.18 
0.92 
0.69 
0.42 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.67 
1.35 
1.08 
0.79 
0.55 

Log Likelihood Ratio 
a=0.2 
1.41 
1.14 
0.82 
0.64 
0.44 

a=0.3 
1.40 
1.12 
0.80 
0.61 
0.43 

a=0.5 
1.43 
1.12 
0.80 
0.60 
0.43 

a=l 
1.70 
1.34 
0.96 
0.78 
0.58 

Q'=1.5 
1.74 
1.37 
1.06 
0.93 
0.61 

Table 6.44: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model: Log Likelihood Ratio (Male speech) 
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Tables 6.39 to 6.44 show the test results using speech variance estimation from the 

actual noisy speech. The results show: 

• Most of the tests still lead to better quality of the enhanced speech with the PESQ 

increasing, segmental SNR increasing and LLR deceasing. However, the level of improve­

ments is considerably lower than the results with ideal variance estimation. 

• a=l and a=0.5 lead to the best PESQ scores overall. The three smaller a choices 

were affected more significantly with the non-ideal variance estimation. 

• The segmental SNR results show the same trend: larger a leads to better noise re­

moval. At 0 dB input SNRs, a=l provides 2.7-4.8 dB more sngSNR improvement than 

a=0.2 (comparing to 0.8-1.2 dB with ideal speech variance estimation). For high input 

SNRs, the segmental SNR peaks at a=0.5 for 20dB and a=l for 15 dB. Higher a values 

leads to more over-attenuation of the original speech. 

• The LLR results show that a=0.2, 0.3 or 0.5 results in similar performance. a-\ or 

1.5 still has considerably higher LLRs. The overall segmental SNR improvement for a=l 

may compensate for the excess distortion and still leads to better overall quality (PESQ 

scores) 

• The informal subjective listening test shows that the enhancement algorithm removes 

the additive noise efficiently. For lower SNR cases, some musical noise is introduced to the 

enhanced speech. a=0.5 or 1 provides similar quality and a=\ leads to higher distortion 

and better noise reduction. 

• Overall the PESQ scores are similar to Gaussian assumptions for a=l. The Laplacian 

assumption leads to higher background noise than the Gaussian assumption. The Laplacian 

assumption also provides lower distortion to the speech based on the informal subjective 

listening tests. 
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6.5 ML-Based Speech Enhancement Algorithm with Lapla­

cian Speech Model and Voice Activity Detector 

In this section, a voice activity detector is applied in the speech enhancement algorithm. 

The VAD used is based on the Laplacian-Gaussian mixture model for speech-noise [46] 

[118]. This algorithm is designed on the assumption that the noisy speech is a Laplacian-

Gaussian mixture (Laplacian for speech and Gaussian for noise). 

The simulation results is given in the following Tables 6.45 to 6.50. 

From Tables 6.45 to 6.50, we can see that the enhanced speech quality is further im­

proved as measured by most objective measures for smaller as (0.2 and 0.3). This is due to 

the attenuation of the weak frames rather than amplification without the VAD. The PESQ 

score is improved by 0.1 to 0.2 for these as. The segmental SNR can be improved up to 

2.2 dB. Also the LLR distortion measure is lowered. 

For the PESQ scores, a=l still provide the best improvements, though the smaller a's 

result is only slightly lower. Also smaller as provides lower distortion measured by LLR. 

The segmental SNR results are comparable for all the a values with high input SNRs. 

For the lower input SNRs, larger a still performs better due to the fact that more noise is 

reduced from the original speech. 
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Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvements 
a=0.2 
+0.27 
+0.34 
+0.40 
+0.34 
+0.37 

a=0.3 
+0.28 
+0.36 
+0.42 
+0.36 
+0.39 

a=0.5 
+0.30 
+0.39 
+0.44 
+0.38 
+0.41 

a=l 
+0.32 
+0.35 
+0.46 
+0.41 
+0.42 

a=1.5 
+0.18 
+0.06 
+0.26 
+0.24 
+0.35 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvements 
a=0.2 
+0.18 
+0.24 
+0.23 
+0.31 
+0.29 

a=0.3 
+0.19 
+0.24 
+0.24 
+0.32 
+0.30 

a=0.5 
+0.18 
+0.24 
+0.25 
+0.33 
+0.34 

a=l 
+0.10 
+0.14 
+0.17 
+0.28 
+0.37 

a=1.5 
-0.30 
-0.23 
-0.20 
+0.03 
+0.23 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvements 
a=0.2 
+0.38 
+0.42 
+0.43 
+0.40 
+0.37 

a=0.3 
+0.39 
+0.43 
+0.45 
+0.41 
+0.39 

a=0.5 
+0.41 
+0.44 
+0.47 
+0.43 
+0.41 

a=l 
+0.45 
+0.50 
+0.51 
+0.48 
+0.44 

a=l.5 
+0.13 
+0.23 
+0.42 
+0.35 
+0.35 

Table 6.45: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model (with VAD): PESQ improvements (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvements 
a=0.2 
+0.18 
+0.27 
+0.34 
+0.33 
+0.29 

a=0.3 
+0.19 
+0.28 
+0.35 
+0.35 
+0.30 

a=0.5 
+0.21 
+0.31 
+0.38 
+0.36 
+0.30 

a=l 
+0.21 
+0.33 
+0.39 
+0.30 
+0.26 

a=1.5 
-0.14 
+0.09 
+0.29 
+0.18 
+0.14 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvements 
a=0.2 
+0.29 
+0.36 
+0.53 
+0.38 
+0.24 

a=0.3 
+0.39 
+0.39 
+0.55 
+0.46 
+0.28 

a=0.5 
+0.29 
+0.33 
+0.43 
+0.46 
+0.30 

a=l 
+0.27 
+0.26 
+0.38 
+0.39 
+0.26 

ct=1.5 
+0.25 
+0.27 
+0.30 
+0.28 
+0.21 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 
1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvements 
a=0.2 
+0.36 
+0.44 
+0.46 
+0.43 
+0.47 

a=0.3 
+0.38 
+0.45 
+0.48 
+0.44 
+0.48 

a=0.5 
+0.41 
+0.50 
+0.51 
+0.47 
+0.51 

a=l 
+0.43 
+0.56 
+0.55 
+0.46 
+0.49 

a=1.5 
+0.28 
+0.28 
+0.32 
+0.33 
+0.36 

Table 6.46: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model (with VAD): PESQ improvements (Male speech) 



6.5 ML-Based Speech Enhancement Algorithm with Laplacian Speech Model and 
Voice Activity Detector 243 

Female Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR (dB) 
a=0.2 
-0.35 
3.65 
7.44 
11.25 
15.23 

a=0.3 
-0.08 
3.84 
7.56 
11.30 
15.27 

a=0.5 
0.48 
4.20 
7.72 
11.32 
15.19 

a=l 
1.81 
4.83 
7.86 
11.08 
14.71 

a=l.5 
2.65 
4.96 
7.67 
10.59 
14.06 

Female Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR (dB) 
a=0.2 
-5.42 
-1.24 
2.86 
6.69 
10.74 

a=0.3 
-5.12 
-0.99 
3.03 
6.80 
10.81 

a=0.5 
-4.40 
-0.48 
3.34 
6.95 
10.88 

a=\ 
-2.37 
0.84 
4.06 
7.24 
10.83 

a=1.5 
-0.22 
2.01 
4.77 
7.31 
10.59 

Female Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR (dB) 
a=0.2 
-1.00 
3.15 
7.37 
11.11 
15.06 

a=0.3 
-0.75 
3.33 
7.48 
11.16 
15.09 

a=0.5 
-0.25 
3.67 
7.66 
11.18 
15.06 

a=\ 
0.80 
4.29 
7.82 
11.05 
14.73 

a=1.5 
1.51 
4.60 
7.78 
10.70 
14.28 

Table 6.47: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model (with VAD): Segmental SNR (Female speech) 
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Male Speech 1 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR (dB) 
a=0.2 
-0.25 
4.06 
8.01 
11.87 
15.74 

a=0.3 
0.01 
4.29 
8.15 
11.95 
15.77 

a=0.5 
0.58 
4.66 
8.39 
12.01 
15.73 

a=l 
1.93 
5.47 
8.75 
11.94 
15.28 

a=l.5 
2.88 
5.76 
8.82 
11.70 
14.73 

Male Speech 2 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR (dB) 
a=0.2 
-0.62 
3.34 
7.23 
11.15 
15.40 

a=0.3 
-0.41 
3.48 
7.32 
11.18 
15.41 

a=0.5 
0.01 
3.72 
7.43 
11.16 
15.36 

a=\ 
0.99 
4.05 
7.49 
10.83 
14.98 

a=1.5 
1.73 
4.14 
7.65 
10.46 
14.43 

Male Speech 3 
Input 
SNR 
OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR (dB) 

-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR (dB) 
a=0.2 
-1.98 
2.13 
5.82 
9.79 
13.84 

a=0.3 
-1.73 
2.30 
5.94 
9.85 
13.87 

a=0.5 
-1.23 
2.62 
6.12 
9.89 
13.84 

a=\ 
0.01 
3.30 
6.39 
9.75 
13.44 

a=l.5 
1.68 
4.08 
6.49 
9.47 
12.89 

Table 6.48: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model (with VAD): Segmental SNR (Male speech) 
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Female Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.02 
1.66 
1.29 
0.91 
0.60 

Log Likelihood Ratio 
a=0.2 
1.58 
1.20 
0.87 
0.63 
0.40 

a=0.3 
1.57 
1.20 
0.86 
0.62 
0.40 

a=0.5 
1.60 
1.19 
0.86 
0.63 
0.42 

a=l 
1.78 
1.27 
1.08 
0.81 
0.54 

a=1.5 
1.80 
1.33 
1.11 
0.85 
0.60 

Female Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.61 
1.31 
1.06 
0.78 
0.56 

Log Likelihood Ratio 
a=0.2 
1.36 
1.13 
0.90 
0.65 
0.45 

a=0.3 
1.36 
1.14 
0.91 
0.66 
0.46 

a=0.5 
1.39 
1.17 
0.96 
0.70 
0.49 

a=\ 
1.68 
1.27 
1.12 
0.94 
0.67 

a=l.5 
1.72 
1.49 
1.24 
1.00 
0.72 

Female Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.12 
1.72 
1.31 
0.96 
0.64 

Log Likelihood Ratio 
a=0.2 
1.62 
1.25 
0.89 
0.67 
0.46 

a=0.3 
1.60 
1.23 
0.88 
0.67 
0.45 

a=0.5 
1.56 
1.22 
0.88 
0.67 
0.46 

a=l 
1.65 
1.33 
1.04 
0.80 
0.54 

a=1.5 
1.66 
1.40 
1.08 
0.90 
0.61 

Table 6.49: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model (with VAD): Log Likelihood Ratio (Female speech) 
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Male Speech 1 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
2.49 
2.01 
1.58 
1.17 
0.81 

Log Likelihood Ratio 
a=0.2 
1.89 
1.47 
1.14 
0.84 
0.61 

a=0.3 
1.87 
1.46 
1.13 
0.83 
0.61 

a=0.5 
1.83 
1.45 
1.13 
0.84 
0.62 

a=l 
1.85 
1.54 
1.27 
0.97 
0.74 

a=l.5 
1.63 
1.57 
1.28 
0.99 
0.76 

Male Speech 2 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.38 
1.08 
0.78 
0.53 
0.36 

Log Likelihood Ratio 
a=0.2 
1.08 
0.82 
0.58 
0.44 
0.29 

a=0.3 
1.08 
0.82 
0.58 
0.45 
0.29 

a=0.5 
1.09 
0.83 
0.60 
0.48 
0.32 

a=l 
1.24 
1.01 
0.76 
0.65 
0.41 

a=1.5 
1.25 
1.04 
0.80 
0.69 
0.50 

Male Speech 3 
Input 
SNR 

0 
5 
10 
15 
20 

Input 
LLR 
1.67 
1.35 
1.08 
0.79 
0.55 

Log Likelihood Ratio 
a=0.2 
1.37 
1.11 
0.80 
0.62 
0.41 

a=0.3 
1.37 
1.11 
0.80 
0.61 
0.41 

a=0.5 
1.40 
1.13 
0.81 
0.65 
0.42 

a=\ 
1.64 
1.42 
0.99 
0.83 
0.55 

a=1.5 
1.74 
1.43 
1.13 
0.85 
0.61 

Table 6.50: Quality evaluation of the enhanced speech for various a values for ML estima­
tor based on Laplacian speech model (with VAD): Log Likelihood Ratio (Male speech) 
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6.5.1 Performance Analysis of the Proposed ML-based Speech En­

hancement Algorithm with Laplacian Speech Model 

In this section, the equation (6.73) is rewritten to express the enhanced speech s — Gv, 

where the noisy speech is multiplied by a gain of G. 

y/(l-\N/2av)2 + 4(l-2a)\N/v* 
G — (O.88) 

v 2 

'-jfcWl1-*)'^ 
2a) 

where £ = -^- and 7 — f- are the a priori and a posteriori SNR respectively. 

Next the gain G is depicted as functions of £ and the instantaneous SNR 7 — 1. Three 

different figures are shown for three a values of 0.3, 0.5 and 1. 

From Figure 6.6, the gain functions converge to 0 dB for high 7s with different a 

values. This means when 7 is high, the signal is left unchanged. This leads to the better 

preservation of the speech comparing to the Gaussian assumption. On the other hand, it 

keeps the additive noise in the enhanced speech as well. 

When the prior SNR is high, a=0.3 has higher gains, while a-0.5 and 1 provide lower 

gains with lower 7. This means a=0.3 will amplify weak speech with high £ and a=l will 

attenuate them. These amplification with a=0.3 improves the quality of enhanced speech 

with less distortion and better PESQ scores under the ideal variance estimation (Tables 

6.33, 6.34, 6.37 and 6.38). 

On the other hand, a=0.5 provides better noise removal than smaller as (Tables 6.35 

and 6.36). This can be explained by the lower gains for the same 7 values for a=0.5 than 

a=0.3. Neither speeches nor noises will be amplified with a=0.5 at any time. 
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Figure 6.6: The gain function for Maximum Likelihood speech enhancement algorithm 
with Laplacian speech model 
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For a-l or 1.5, more speech/noise is removed from the original noisy signal. Under 

the ideal prior SNR estimations, it leads to damage of the speech signal while reducing the 

noise. The quality measures all decrease. 

When the noisy signal is used for the speech variance estimation, the prior SNR is 

estimated with error. Similar to the Gaussian assumption, the estimated prior SNRs tend to 

be higher than the actual value at the low prior SNR frames. For the high SNR frames, the 

estimated prior SNRs tend to be lower than the actual value. Also lower prior SNRs lead 

to larger errors in the prior SNR estimation. 

Amplitude of the 4th FFT component (clean speech) 

0 0.5 1 1.5 2.5 3 

- Actural prior SNR (dB) Estimates prior SNR (d 

0 0.5 1 1.5, v 2 
Time (s) 

Figure 6.7: A typical comparison between the estimated prior SNR under 0 dB additive 
noise and the actual prior SNR (Laplacian Assumption) 

When a=0.3, these errors in prior SNR estimation can lead to amplification of the errors 

in the noisy speech. The speech quality will be effected considerably. This effect is shown 
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by the speech quality scores for a=0.3 (so is a=0.2) in Tables 6.33 to 6.44. 

When a=\ is used, the lower estimated SNR at the high SNRs will actually lead to 

a certain level of attenuation of the speech rather than keep it unchanged. When the in­

stantaneous SNR is low and the prior SNR estimation is less accurate, the algorithm will 

remove the noise and speech no matter how the prior SNR is estimated. So the results 

are less effected by the prior SNR estimation at the low SNRs and improved at the high 

SNRs by slight attenuation to the original signal. The overall speech quality is better than 

using smaller as. Tables 6.39 and 6.44 show that a=l lead to the best overall PESQ scores, 

although the distortion is still high. The segmental SNRs are also improved comparing to 

smaller as, except for the 20 dB case. 

With the VAD, the Gaussian assumption leads to better results in all the quality mea­

sures than the Laplacian assumption. The noise at low instantaneous SNR frames is mostly 

removed by VAD in both cases. The Laplacian model keeps the high instantaneous SNR 

frames unchanged rather than attenuated (the Gaussian model). Thus there is no enhance­

ment at the high SNR frames. The noise residues in these frames become the major draw­

back for the Laplacian model under such tests. 

6.6 Comparison of the Proposed ML-Based Speech En­

hancement Algorithms 

In this section, we compare the algorithms proposed in this chapter. The ML-based speech 

enhancement algorithms with Gaussian speech model and Laplacian speech model are 

compared to the MMSE-based speech enhancement algorithms (with Gaussian speech 

model). Based on the previous discussions, a = 0.3 is used for all algorithms and voice 
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activity detector is applied. 

6.6.1 Performance Analysis 

First we compare the PESQ improvements, Segmental SNR and Log likelihood ratio mea­

sures. Then we will compare the composite measures. 

From Tables 6.51 to 6.56, we can clearly see that the ML-based approach with Gaussian 

speech model performs comparable with the MMSE-based approach. The PESQ measure 

is comparable with the MMSE-based approach performs slightly better. The MMSE-based 

approach provide better noise reduction (segmental SNR) than the ML-based algorithm but 

also lead to higher distortion (log likelihood ratio). 

Between the two proposed ML-based approaches, the approach with Gaussian speech 

model performs better than the approach with Laplacian speech model. As mentioned 

before, the main drawback of the Laplacian model-based approach is the non-enhancement 

for the instantaneous SNR frames regardless of the prior SNR. 

From Tables 6.57 to 6.62, a set of composite quality measures are used to evaluate the 

performance: 

Moverall = 1.594 - 0.512 • LLR + 0.805 • PESQ (6.89) 

Mback = 1.634 + 0.063 • segSNR + 0.478 • PESQ (6.90) 

Msig = 3.093 - 1.029 • LLR + 0.603 • PESQ (6.91) 

where a higher value implies better quality. MowraU, M^u and Msig are the evaluations 

of the overall quality, the background noise and the speech signal, respectively. The ML-

based approach with Gaussian speech model can achieve comparable overall and signal 

quality with the MMSE-based approach. The background noise level is slightly higher for 

the ML-based approach. 
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Female Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 

1.36 
1.64 
1.93 
2.32 
2.67 

PESQ score improvement 
Gaussian, ML 

VAD 
+0.39 
+0.45 
+0.49 
+0.47 
+0.45 

no VAD 
+0.24 
+0.25 
+0.29 
+0.29 
+0.26 

Laplacian, ML 
VAD 
+0.28 
+0.36 
+0.42 
+0.36 
+0.39 

no VAD 
+0.22 
+0.26 
+0.31 
+0.27 
+0.24 

MMSE 

+0.39 
+0.50 
+0.53 
+0.50 
+0.50 

Female Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 

1.60 
1.87 
2.17 
2.44 
2.73 

PESQ score improvement 
Gaussian, ML 
VAD 
+0.25 
+0.32 
+0.32 
+0.33 
+0.36 

no VAD 
+0.18 
+0.22 
+0.20 
+0.23 
+0.21 

Laplacian, ML 
VAD 
+0.19 
+0.24 
+0.24 
+0.32 
+0.30 

no VAD 
+0.14 
+0.19 
+0.19 
+0.23 
+0.25 

MMSE 

+0.27 
+0.31 
+0.32 
+0.37 
+0.37 

Female Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 

1.25 
1.60 
1.96 
2.33 
2.70 

PESQ score improvement 
Gaussian, ML 
VAD 
+0.52 
+0.55 
+0.55 
+0.48 
+0.45 

no VAD 
+0.30 
+0.31 
+0.32 
+0.34 
+0.27 

Laplacian, ML 
VAD 
+0.39 
+0.43 
+0.45 
+0.41 
+0.39 

no VAD 
+0.30 
+0.33 
+0.32 
+0.30 
+0.27 

MMSE 

+0.61 
+0.63 
+0.60 
+0.52 
+0.49 

Table 6.51: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: PESQ score improvement (Female speech) 
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Male Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 

1.39 
1.57 
1.83 
2.15 
2.49 

PESQ score improvement 
Gaussian, ML 
VAD 
+0.29 
+0.41 
+0.47 
+0.42 
+0.34 

no VAD 
+0.09 
+0.21 
+0.29 
+0.26 
+0.23 

Laplacian, ML 
VAD 
+0.19 
+0.28 
+0.35 
+0.35 
+0.30 

no VAD 
+0.17 
+0.22 
+0.30 
+0.23 
+0.24 

MMSE 

+0.25 
+0.42 
+0.49 
+0.47 
+0.31 

Male Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 

1.63 
1.95 
2.29 
2.68 
3.11 

PESQ score improvement 
Gaussian, ML 

VAD 
+0.42 
+0.38 
+0.54 
+0.50 
+0.28 

no VAD 
+0.19 
+0.26 
+0.27 
+0.34 
+0.18 

Laplacian, ML 
VAD 
+0.39 
+0.39 
+0.55 
+0.46 
+0.28 

no VAD 
+0.21 
+0.29 
+0.28 
+0.31 
+0.25 

MMSE 

+0.34 
+0.46 
+0.48 
+0.51 
+0.31 

Male Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 

1.35 
1.70 
2.06 
2.47 
2.84 

PESQ score improvement 
Gaussian, ML 
VAD 
+0.47 
+0.55 
+0.62 
+0.54 
+0.42 

no VAD 
+0.29 
+0.35 
+0.37 
+0.37 
+0.29 

Laplacian, ML 
VAD 
+0.38 
+0.45 
+0.48 
+0.44 
+0.48 

no VAD 
+0.30 
+0.32 
+0.35 
+0.35 
+0.28 

MMSE 

+0.51 
+0.56 
+0.66 
+0.53 
+0.48 

Table 6.52: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: PESQ score improvement (Male speech) 
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Female Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR 

(dB) 
-6.56 
-1.56 
3.44 
8.44 
13.44 

Segmental SNR (dB) 
Gaussian, ML 
VAD 
1.17 
4.67 
8.20 
11.72 
15.46 

no VAD 
-1.60 
2.64 
6.73 
10.88 
15.01 

Laplacian, ML 
VAD 
-0.08 
3.84 
7.56 
11.30 
15.27 

no VAD 
-2.01 
2.47 
6.66 
10.80 
14.97 

MMSE 

1.92 
5.37 
8.58 
11.87 
15.40 

Female Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR 

(dB) 
-11.78 
-6.78 
-1.78 
3.22 
8.22 

Segmental SNR (dB) 
Gaussian, ML 

VAD 
-3.68 
0.12 
3.67 
7.46 
11.16 

no VAD 
-6.83 
-2.32 
1.84 
6.02 
10.19 

Laplacian, ML 
VAD 
-5.12 
-0.99 
3.03 
6.80 
10.81 

no VAD 
-7.02 
-2.73 
1.66 
5.88 
10.15 

MMSE 

-2.46 
1.14 
4.41 
7.82 
11.36 

Female Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR 

(dB) 
-6.76 
-1.76 
3.24 
8.24 
13.24 

Segmental SNR (dB) 
Gaussian, ML 
VAD 
0.41 
4.27 
7.87 
11.54 
15.39 

no VAD 
-2.11 
2.13 
6.51 
10.65 
14.82 

Laplacian, ML 
VAD 
-0.75 
3.33 
7.48 
11.16 
15.09 

no VAD 
-2.35 
2.10 
6.34 
10.56 
14.88 

MMSE 

1.41 
4.91 
8.30 
11.75 
15.44 

Table 6.53: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: Segmental SNR (Female speech) 
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Male Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR 

(dB) 
-6.30 
-1.30 
3.70 
8.70 
13.70 

Segmental SNR (dB) 
Gaussian, ML 
VAD 
1.35 
5.24 
8.94 
12.48 
16.07 

no VAD 
-1.31 
2.98 
7.29 
11.39 
15.50 

Laplacian, ML 
VAD 
0.01 
4.29 
8.15 
11.95 
15.77 

no VAD 
-1.59 
2.79 
7.05 
11.19 
15.46 

MMSE 

2.19 
5.94 
9.34 
12.62 
15.96 

Male Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR 

(dB) 
-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR (dB) 
Gaussian, ML 
VAD 
0.46 
4.22 
7.89 
11.59 
15.53 

no VAD 
-1.72 
2.49 
6.75 
10.89 
15.21 

Laplacian, ML 
VAD 
-0.41 
3.48 
7.32 
11.18 
15.41 

no VAD 
-1.87 
2.37 
6.65 
10.92 
15.18 

MMSE 

1.62 
5.00 
8.14 
11.76 
15.52 

Male Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
SegSNR 

(dB) 
-7.87 
-2.87 
2.13 
7.13 
12.13 

Segmental SNR (dB) 
Gaussian, ML 

VAD 
-0.56 
3.09 
6.60 
10.32 
14.06 

no VAD 
-3.09 
1.08 
5.22 
9.43 
13.53 

Laplacian, ML 
VAD 
-1.73 
2.30 
5.94 
9.85 
13.87 

no VAD 
-3.41 
0.92 
5.05 
9.33 
13.57 

MMSE 

-0.05 
3.71 
6.97 
10.39 
14.11 

Table 6.54: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: Segmental SNR (Male speech) 
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Female Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

2.02 
2.66 
1.29 
0.91 
0.60 

Log Likelihood Ratio 
Gaussian, ML 
VAD 
1.45 
1.09 
0.84 
0.55 
0.37 

no VAD 
1.69 
1.29 
0.94 
0.65 
0.44 

Laplacian, ML 
VAD 
1.57 
1.20 
0.86 
0.62 
0.40 

no VAD 
1.72 
1.30 
0.95 
0.67 
0.43 

MMSE 

1.49 
1.10 
0.79 
0.57 
0.40 

Female Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

1.61 
1.31 
1.06 
0.78 
0.56 

Log Likelihood Ratio 
Gaussian, ML 
VAD 
1.24 
1.00 
0.83 
0.54 
0.44 

no VAD 
1.44 
1.13 
0.90 
0.65 
0.48 

Laplacian, ML 
VAD 
1.36 
1.14 
0.91 
0.66 
0.46 

no VAD 
1.48 
1.17 
0.90 
0.67 
0.46 

MMSE 

1.28 
1.03 
0.83 
0.66 
0.45 

Female Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

2.12 
1.72 
1.31 
0.96 
0.64 

Log Likelihood Ratio 
Gaussian, ML 

VAD 
1.45 
1.10 
0.79 
0.55 
0.41 

no VAD 
1.73 
1.36 
0.94 
0.70 
0.45 

Laplacian, ML 
VAD 
1.60 
1.23 
0.88 
0.67 
0.45 

no VAD 
1.70 
1.31 
1.02 
0.70 
0.50 

MMSE 

1.40 
1.07 
0.82 
0.61 
0.44 

Table 6.55: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: Log Likelihood Ratio (Female speech) 
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Male Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

2.49 
2.01 
1.58 
1.17 
0.81 

Log Likelihood Ratio 
Gaussian, ML 
VAD 
1.72 
1.34 
1.00 
0.77 
0.55 

no VAD 
2.02 
1.57 
1.20 
0.88 
0.60 

Laplacian, ML 
VAD 
1.87 
1.46 
1.13 
0.83 
0.61 

no VAD 
2.12 
1.59 
1.21 
0.91 
0.62 

MMSE 

1.71 
1.30 
1.07 
0.80 
0.60 

Male Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

1.38 
1.08 
0.78 
0.53 
0.36 

Log Likelihood Ratio 
Gaussian, ML 
VAD 
0.97 
0.72 
0.53 
0.32 
0.29 

no VAD 
1.17 
0.82 
0.62 
0.41 
0.27 

Laplacian, ML 
VAD 
1.08 
0.82 
0.58 
0.45 
0.29 

no VAD 
1.17 
0.85 
0.59 
0.43 
0.29 

MMSE 

0.98 
0.78 
0.61 
0.42 
0.31 

Male Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

1.67 
1.35 
1.08 
0.79 
0.55 

Log Likelihood Ratio 
Gaussian, ML 
VAD 
1.12 
0.91 
0.64 
0.50 
0.35 

no VAD 
1.42 
1.11 
0.84 
0.60 
0.41 

Laplacian, ML 
VAD 
1.37 
1.11 
0.80 
0.61 
0.41 

no VAD 
1.40 
1.12 
0.80 
0.61 
0.43 

MMSE 

1.33 
1.06 
0.84 
0.59 
0.41 

Table 6.56: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: Log Likelihood Ratio (Male speech) 
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Female Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

^overall 

1.65 
2.07 
2.51 
3.00 
3.43 

^overall 

Gaussian, ML 
VAD 
2.26 
2.72 
3.11 
3.56 
3.92 

no VAD 
2.02 
2.46 
2.90 
3.36 
3.72 

Laplacian, ML 
VAD 
2.11 
2.59 
3.05 
3.43 
3.85 

no VAD 
1.99 
2.46 
2.91 
3.34 
3.72 

MMSE 

2.24 
2.75 
3.17 
3.57 
3.94 

Female Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

^overall 

2.07 
2.41 
2.81 
3.15 
3.50 

^overall 

Gaussian, ML 
VAD 
2.45 
2.84 
3.17 
3.55 
3.86 

no VAD 
2.29 
2.70 
3.04 
3.41 
3.71 

Laplacian, ML 
VAD 
2.34 
2.71 
3.07 
3.48 
3.80 

no VAD 
2.23 
2.65 
3.03 
3.40 
3.76 

MMSE 

2.44 
2.82 
3.17 
3.52 
3.86 

Female Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

^overall 

1.53 
2.01 
2.50 
2.99 
3.42 

^overall 

Gaussian, ML 
VAD 
2.28 
2.76 
3.21 
3.57 
3.92 

no VAD 
1.96 
2.44 
2.95 
3.38 
3.75 

Laplacian, ML 
VAD 
2.09 
2.60 
3.08 
3.46 
3.85 

no VAD 
1.97 
2.47 
2.90 
3.35 
3.72 

MMSE 

2.37 
2.84 
3.23 
3.58 
3.93 

Table 6.57: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: Moverau (Female speech) 
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Male Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

•^overall 

1.44 
1.82 
2.27 
2.72 
3.17 

^overall 

Gaussian, ML 
VAD 
2.20 
2.62 
3.04 
3.38 
3.66 

no VAD 
1.90 
2.33 
2.82 
3.18 
3.55 

Laplacian, ML 
VAD 
2.05 
2.45 
2.90 
3.26 
3.61 

no VAD 
1.98 
2.36 
2.78 
3.15 
3.54 

MMSE 

2.19 
2.64 
3.04 
3.39 
3.62 

Male Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

^overall 

2.19 
2.62 
3.02 
3.48 
3.92 

M overall 

Gaussian, ML 
VAD 
2.75 
3.10 
3.60 
3.99 
4.17 

no VAD 
2.46 
2.95 
3.34 
3.82 
4.10 

Laplacian, ML 
VAD 
2.67 
3.06 
3.58 
3.89 
4.17 

no VAD 
2.46 
2.96 
3.36 
3.78 
4.15 

MMSE 

2.67 
3.13 
3.51 
3.95 
4.18 

Male Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

^overall 

1.83 
2.25 
2.71 
3.18 
3.60 

^overall 

Gaussian, ML 
VAD 
2.49 
2.94 
3.42 
3.76 
4.04 

no VAD 
2.19 
2.68 
3.12 
3.57 
3.90 

Laplacian, ML 
VAD 
2.29 
2.76 
3.23 
3.62 
4.06 

no VAD 
2.15 
2.64 
3.12 
3.55 
3.88 

MMSE 

2.41 
2.87 
3.35 
3.71 
4.06 

Table 6.58: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: MoveraU (Male speech) 
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Female Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

Mback 

(dB) 
1.87 
2.32 
2.77 
3.27 
3.76 

Mback 

Gaussian, ML 
VAD 
2.54 
2.93 
3.31 
3.71 
4.10 

no VAD 
2.30 
2.70 
3.12 
3.57 
3.98 

Laplacian, ML 
VAD 
2.41 
2.83 
3.23 
3.63 
4.06 

no VAD 
2.26 
2.70 
3.12 
3.55 
3.97 

MMSE 

2.59 
2.99 
3.35 
3.73 
4.12 

Female Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

Mback 

(dB) 
1.66 
2.10 
2.56 
3.00 
3.46 

Mback 

Gaussian, ML 
VAD 
2.29 
2.69 
3.06 
3.43 
3.81 

no VAD 
2.05 
2.49 
2.88 
3.29 
3.68 

Laplacian, ML 
VAD 
2.17 
2.58 
2.98 
3.38 
3.76 

no VAD 
2.02 
2.44 
2.87 
3.28 
3.70 

MMSE 

2.37 
2.74 
3.10 
3.47 
3.83 

Female Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

Mback 

(dB) 
1.81 
2.29 
2.78 
3.27 
3.76 

Mback 

Gaussian, ML 
VAD 
2.51 
2.93 
3.33 
3.70 
4.11 

no VAD 
2.24 
2.68 
3.13 
3.58 
3.99 

Laplacian, ML 
VAD 
2.37 
2.81 
3.26 
3.65 
4.06 

no VAD 
2.22 
2.68 
3.12 
3.56 
3.99 

MMSE 

2.61 
3.00 
3.38 
3.74 
4.13 

Table 6.59: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: M^ack (Female speech) 
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Male Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

Mback 

(dB) 
1.90 
2.30 
2.74 
3.21 
3.69 

Mback 

Gaussian, ML 
VAD 
2.52 
2.91 
3.30 
3.65 
4.00 

no VAD 
2.26 
2.67 
3.11 
3.50 
3.91 

Laplacian, ML 
VAD 
2.39 
2.79 
3.19 
3.58 
3.96 

no VAD 
2.25 
2.66 
3.09 
3.47 
3.91 

MMSE 

2.55 
2.96 
3.33 
3.68 
3.98 

Male Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

Mback 

(dB) 
2.04 
2.51 
2.98 
3.49 
4.01 

Mback 

Gaussian, ML 
VAD 
2.64 
3.01 
3.48 
3.88 
4.23 

no VAD 
2.40 
2.85 
3.28 
3.76 
4.16 

Laplacian, ML 
VAD 
2.57 
2.97 
3.45 
3.84 
4.23 

no VAD 
2.39 
2.85 
3.28 
3.75 
4.20 

MMSE 

2.68 
3.10 
3.47 
3.90 
4.27 

Male Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 

Mback 

(dB) 
1.78 
2.27 
2.75 
3.26 
3.75 

Mback 

Gaussian, ML 
VAD 
2.47 
2.90 
3.33 
3.72 
4.08 

no VAD 
2.22 
2.68 
3.12 
3.59 
3.98 

Laplacian, ML 
VAD 
2.35 
2.80 
3.22 
3.65 
4.09 

no VAD 
2.21 
2.66 
3.10 
3.56 
3.98 

MMSE 

2.52 
2.95 
3.37 
3.72 
4.11 

Table 6.60: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: M^^ (Male speech) 
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Female Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Msig 

1.83 
2.38 
2.98 
3.57 
4.07 

Msig 

Gaussian, ML 
VAD 
2.66 
3.23 
3.69 
4.21 
4.59 

no VAD 
2.32 
2.91 
3.46 
4.00 
4.41 

Laplacian, ML 
VAD 
2.47 
3.06 
3.63 
4.07 
4.53 

no VAD 
2.28 
2.90 
3.46 
3.97 
4.41 

MMSE 

2.62 
3.25 
3.76 
4.21 
4.59 

Female Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Msig 

2.42 
2.83 
3.34 
3.74 
4.15 

Msig 

Gaussian, ML 
VAD 
2.93 
3.38 
3.74 
4.21 
4.50 

no VAD 
2.68 
3.19 
3.60 
4.03 
4.37 

Laplacian, ML 
VAD 
2.77 
3.19 
3.61 
4.08 
4.45 

no VAD 
2.62 
3.13 
3.59 
4.01 
4.42 

MMSE 

2.90 
3.35 
3.74 
4.11 
4.50 

Female Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Msig 

1.70 
2.30 
2.93 
3.54 
4.03 

Msig 

Gaussian, ML 
VAD 
2.67 
3.26 
3.79 
4.22 
4.57 

no VAD 
2.25 
2.85 
3.50 
3.98 
4.42 

Laplacian, ML 
VAD 
2.44 
3.05 
3.64 
4.06 
4.49 

no VAD 
2.28 
2.91 
3.41 
3.95 
4.37 

MMSE 

2.77 
3.34 
3.79 
4.18 
4.56 

Table 6.61: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: Msig (Female speech) 
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Male Speech 1 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Msig 

1.37 
1.95 
2.59 
3.16 
3.74 

Msig 

Gaussian, ML 
VAD 
2.61 
3.16 
3.67 
4.08 
04.38 

no VAD 
2.21 
2.77 
3.40 
3.83 
4.27 

Laplacian, ML 
VAD 
2.40 
2.94 
3.50 
3.91 
4.31 

no VAD 
2.28 
2.82 
3.33 
3.81 
4.22 

MMSE 

2.64 
3.19 
3.65 
4.05 
4.33 

Male Speech 2 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Msig 

2.65 
3.17 
3.63 
4.16 
4.61 

Msig 

Gaussian, ML 
VAD 
3.33 
3.76 
4.25 
4.68 
4.84 

no VAD 
2.99 
3.58 
4.00 
4.49 
4.80 

Laplacian, ML 
VAD 
3.20 
3.66 
4.21 
4.52 
4.84 

no VAD 
3.00 
3.57 
4.04 
4.45 
4.82 

MMSE 

3.27 
3.74 
4.14 
4.58 
4.84 

Male Speech 3 
Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Msig 

2.19 
2.69 
3.24 
3.78 
4.24 

Msig 

Gaussian, ML 
VAD 
3.04 
3.51 
4.05 
4.39 
4.70 

no VAD 
2.62 
3.19 
3.69 
4.19 
4.56 

Laplacian, ML 
VAD 
2.73 
3.25 
3.80 
4.22 
4.67 

no VAD 
2.65 
3.16 
3.72 
4.17 
4.53 

MMSE 

2.85 
3.37 
3.87 
4.29 
4.67 

Table 6.62: Quality evaluation of the enhanced speech for ML and MMSE based speech 
enhancement algorithms: Msig (Male speech) 
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Tables 6.63 to 6.66 shows the performances of ML and MMSE-based speech enhance­

ment algorithms under non-white noises. F16 noise and the babble noise are used [16]. 

Preliminary results shows that the proposed ML-based algorithms still perform com­

parable to the MMSE-based algorithm. The PESQ improvements and Segmental SNR all 

improve with the proposed ML-based algorithms. The LLR results are improved for all 

but one case (Babble noise, female case). The LLR results are similar before and after 

enhancement due to the fact that additive babble noise has frequency characteristics similar 

to the speech itself. At the same time, the noise reduction is still significant (shown by the 

segmental SNR measure) and the overall quality is improved (PESQ). 

6.6.2 Complexity of Proposed Algorithms 

The majority of computational complexity in the MMSE-based algorithms is the calcula­

tion of the confluent hypergeometric function (CHF). This function is calculated by the 

infinite summation as in (6.15). In [9], the infinite summation is calculated with the first 

500 terms to achieve desirable accuracy. For r increasing by one, the added term in (6.17) 

can be calculated as the previous term multiply by (—a) (—0) and divided by r two times, 

which is: 

(-«)r (-PY = K-ii-r'u+r-iiH 
(r!)2 ( ( r - 1 ) ! ) 2 (r)2 

Thus, we can consider it as 4 multiplications for each term and 2000 multiplications for 

the calculations of the CHF. With the Gaussian and MMSE approach, only one CHF is 

needed at each sample. With the Laplacian approach, the infinite summation of the CHF 

functions are needed [30]. Even though the authors suggested that only first 40 terms of 

the summation is needed, the computational load is still extremely high. 
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Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 

1.47 
1.90 
2.30 
2.70 
3.06 

PESQ score improvement 
Gaussian, ML 

VAD 
+0.20 
+0.15 
+0.12 
+0.14 
+0.19 

no VAD 
+0.09 
+0.10 
+0.09 
+0.07 
+0.09 

Laplacian, ML 
VAD 
+0.18 
+0.14 
+0.18 
+0.15 
+0.18 

no VAD 
+0.10 
+0.08 
+0.07 
+0.05 
+0.08 

MMSE 

+0.22 
+0.16 
+0.19 
+0.15 
+0.18 

Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Segmental 
SNR (dB) 

-6.58 
-1.58 
3.42 
8.42 
13.42 

Segmental SNR (dB) 
Gaussian, ML 

VAD 
-0.15 
2.69 
6.05 
10.02 
14.00 

no VAD 
-3.29 
0.88 
4.72 
9.14 
13.74 

Laplacian, ML 
VAD 
-1.80 
2.12 
5.79 
9.65 
13.92 

no VAD 
-3.66 
0.66 
4.45 
9.02 
13.69 

MMSE 

-0.40 
2.75 
6.34 
10.09 
14.16 

Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

0.95 
0.74 
0.53 
0.36 
0.23 

Log Likelihood Ratio 
Gaussian, ML 

VAD 
1.12 
0.89 
0.54 
0.34 
0.25 

no VAD 
1.32 
1.01 
0.68 
0.40 
0.31 

Laplacian, ML 
VAD 
1.17 
0.91 
0.58 
0.36 
0.26 

no VAD 
1.30 
1.02 
0.70 
0.41 
0.33 

MMSE 

1.09 
0.87 
0.54 
0.34 
0.23 

Table 6.63: Comparison of the objective quality measures for ML and MMSE based speech 
enhancement algorithms (Female speech 3, babble noise) 
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Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 

1.66 
2.02 
2.37 
2.74 
3.13 

PESQ score improvement 
Gaussian, ML 

VAD 
+0.17 
+0.20 
+0.22 
+0.25 
+0.21 

no VAD 
+0.11 
+0.14 
+0.17 
+0.21 
+0.13 

Laplacian, ML 
VAD 
+0.18 
+0.15 
+0.18 
+0.24 
+0.17 

no VAD 
+0.08 
+0.10 
+0.13 
+0.16 
+0.08 

MMSE 

+0.21 
+0.21 
+0.26 
+0.28 
+0.26 

Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Segmental 
SNR (dB) 

-7.84 
-2.84 
2.16 
7.16 
12.16 

Segmental SNR (dB) 
Gaussian, ML 

VAD 
-0.96 
2.49 
6.38 
9.62 
13.66 

no VAD 
-3.29 
0.78 
5.12 
9.03 
13.13 

Laplacian, ML 
VAD 
-2.03 
2.19 
6.10 
9.58 
13.57 

no VAD 
-3.80 
0.59 
5.00 
9.00 
13.07 

MMSE 

-0.80 
2.72 
6.79 
9.79 
13.71 

Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

1.07 
0.82 
0.60 
0.42 
0.28 

Log Likelihood Ratio 
Gaussian, ML 

VAD 
1.02 
0.77 
0.55 
0.41 
0.28 

no VAD 
1.22 
0.86 
0.59 
0.50 
0.35 

Laplacian, ML 
VAD 
1.07 
0.81 
0.56 
0.44 
0.27 

no VAD 
1.20 
0.91 
0.60 
0.51 
0.34 

MMSE 

1.03 
0.74 
0.53 
0.37 
0.26 

Table 6.64: Comparison of the objective quality measures for ML and MMSE based speech 
enhancement algorithms (Male speech 3, babble noise) 
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Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 

1.45 
1.87 
2.28 
2.67 
3.03 

PESQ score improvement 
Gaussian, ML 

VAD 
+0.41 
+0.44 
+0.35 
+0.34 
+0.32 

no VAD 
+0.26 
+0.32 
+0.27 
+0.27 
+0.25 

Laplacian, ML 
VAD 
+0.36 
+0.41 
+0.31 
+0.34 
+0.28 

no VAD 
+0.24 
+0.30 
+0.25 
+0.25 
+0.22 

MMSE 

+0.41 
+0.46 
+0.36 
+0.35 
+0.32 

Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Segmental 
SNR (dB) 

-5.94 
-0.94 
4.06 
9.06 
14.06 

Segmental SNR (dB) 
Gaussian, ML 

VAD 
0.62 
4.59 
7.20 
11.02 
15.06 

no VAD 
-2.06 
3.01 
6.29 
10.03 
14.49 

Laplacian, ML 
VAD 
0.03 
4.34 
6.94 
10.95 
14.87 

no VAD 
-2.31 
2.92 
6.15 
9.93 
14.37 

MMSE 

1.05 
4.77 
7.77 
11.29 
15.17 

Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

1.24 
0.97 
0.70 
0.48 
0.30 

Log Likelihood Ratio 
Gaussian, ML 

VAD 
1.08 
0.83 
0.60 
0.41 
0.27 

no VAD 
1.12 
0.91 
0.61 
0.46 
0.31 

Laplacian, ML 
VAD 
1.10 
0.85 
0.00 
0.43 
0.27 

no VAD 
1.14 
0.92 
0.64 
0.47 
0.33 

MMSE 

1.03 
0.81 
0.57 
0.40 
0.27 

Table 6.65: Comparison of the objective quality measures for ML and MMSE based speech 
enhancement algorithms (Female speech 3, Fl 6 noise) 
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Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
PESQ 

1.60 
1.99 
2.37 
2.75 
3.12 

PESQ score improvement 
Gaussian, ML 

VAD 
+0.47 
+0.44 
+0.41 
+0.35 
+0.34 

no VAD 
+0.34 
+0.35 
+0.32 
+0.27 
+0.26 

Laplacian, ML 
VAD 
+0.39 
+0.40 
+0.40 
+0.34 
+0.34 

no VAD 
+0.30 
+0.32 
+0.30 
+0.25 
+0.24 

MMSE 

+0.48 
+0.46 
+0.44 
+0.37 
+0.38 

Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
Segmental 
SNR (dB) 

-7.10 
-2.10 
2.90 
7.90 
12.90 

Segmental SNR (dB) 
Gaussian, ML 

VAD 
0.89 
3.29 
6.80 
10.72 
14.26 

no VAD 
-1.29 
1.18 
5.42 
10.03 
13.83 

Laplacian, ML 
VAD 
0.62 
3.10 
6.64 
10.55 
14.27 

no VAD 
-1.45 
0.98 
5.29 
9.83 
13.87 

MMSE 

1.09 
4.21 
7.27 
10.79 
14.41 

Input 
SNR 

OdB 
5dB 
lOdB 
15dB 
20dB 

Input 
LLR 

1.14 
0.89 
0.67 
0.49 
0.33 

Log Likelihood Ratio 
Gaussian, ML 

VAD 
1.02 
0.71 
0.54 
0.37 
0.25 

no VAD 
1.12 
0.82 
0.59 
0.45 
0.31 

Laplacian, ML 
VAD 
1.04 
0.73 
0.53 
0.38 
0.26 

no VAD 
1.10 
0.84 
0.59 
0.46 
0.33 

MMSE 

1.00 
0.70 
0.52 
0.36 
0.25 

Table 6.66: Comparison of the objective quality measures for ML and MMSE based speech 
enhancement algorithms (Male speech 3, F16 noise) 
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On the other hand, the ML-based algorithm is computationally efficient, only 9 multi­

plications are needed for Gaussian model and 7 for the Laplacian model (at each sample). 

Also we show that the performance can still be improved with better estimations of the 

SNRs. A more complex voice activity detector can be applied to further enhance the speech 

and still lead to less computational complexity than the MMSE approach. 

6.7 Conclusion 

In this chapter, we first review speech enhancement based on minimizing the MSE in the 

spectral or loudness domain. Given the complexity of the MMSE approach, we examine 

the speech enhancement based on the Maximum Likelihood estimation. We proposed a 

speech enhancement algorithm based on the maximization of the likelihood function of 

/ (|X|2a \Y) for a given Y and knowledge of the speech and noise variances. The per­

formance of the proposed algorithm is tested for various a values and the quality of the 

enhanced speech is measured with PESQ, segmental SNR and log-likelihood ratio. 

The maximization of / (|X| a \Y) is discussed for two statistical modelling assump­

tions: the Gaussian model and the Laplacian model. First the models are tested with ideal 

noise and speech variance estimation. 

For ideal SNR estimation with both the Gaussian and the Laplacian models, the speech 

quality is significantly improved for a =0.2, 0.3, 0.5 and 1. The best overall quality and 

lowest distortion are achieved with a=0.3, which follows the loudness model. For the 

tested quality measures: PESQ, segmental SNR and log likelihood ratio, the Gaussian 

model performs comparable with the Laplacian model. The Laplacian model preserves the 

speech better based on the subjective listening tests while the Gaussian Model removes 

more background noise. This is due to the fact that Laplacian-based approach leaves the 
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noisy speech unchanged for high instantaneous SNRs and the Gaussian-based approach 

attenuate these noisy speech frames. 

However, the performance of the proposed algorithm is degraded when we use the 

actual speech variance estimation. Small a values lead to unnecessary amplification of the 

noisy signal. Under such conditions, the larger a value of 1 leads to better performance. 

With larger a, the weak speech frames will be removed instead of amplified. It leads to 

better noise removal and better overall quality under the noisy environments. 

Overall, the proposed speech enhancement algorithm can improve the quality of speech. 

It proves that the loudness model can provide better performance under the ideal variance 

and prior SNR estimations. However, the proposed algorithm can perform better with larger 

a values with the actual variance and prior SNR estimation. 

Comparing to the MMSE approaches, the ML approaches achieves consistent improve­

ment over all the SNRs for Gaussian model (without VAD). The ML approaches perform 

comparable with the MMSE approach with Gaussian assumption and a VAD. The MMSE 

approach with Laplacian speech model claims further improvement over the MMSE with 

Gaussian speech model (0.05-0.25 PESQ score overall). On the other hand, the ML ap­

proaches have significantly less computational load. The ML approach with Gaussian 

speech model can provide a efficient substitute for the MMSE approaches. 

The ML approach with Laplacian speech model performs slightly worse than the ML 

with Gaussian approach. The ML approach needs less computations itself, but the Laplacian-

based VAD is more complicated. As such the ML algorithm based on Gaussian model is 

the recommended choice compared to ML Laplacian-based algorithm. The ML approaches 

are preferable over the MMSE-based algorithms due to the similar performance with con­

siderably less computational complexity. 



Chapter 7 

Concluding Remarks and Future 

Considerations 

7.1 Conclusions 

In this thesis, we have studied the problem of speech enhancement and proposed various 

algorithms based on the statistical and loudness models of speech. 

In chapter 3, MMSE and ML speech enhancement based on the Laplacian model for 

speech signals has been reviewed. The performance is shown to be limited by the accuracy 

of the Laplacian parameter estimation under the noisy environment. A recursive version 

of these algorithms is proposed to estimate the Laplacian parameter using the enhanced 

speech and then to use these parameters to re-enhance the original noisy speech again. 

This approach achieves better parameter estimation and hence further improvements of the 

speech quality. 

Considering that the loudness model is better matched to the human hearing system 

than the spectral signal representation, the fundamental approaches of spectral subtraction 
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are extended to the loudness domain. As a commonly used representation of loudness is 

the a power of the speech energy at a certain frequency, we consider loudness subtraction 

as a speech enhancement approach. 

We provide tests for subtraction with different a power values in chapter 4. Simulations 

show that the quality of enhanced speech can be optimized by using different a values for 

different input SNRs. This leads us to propose an adaptive-a subtraction model. The sim­

ulations show the proposed adaptive-a approach can further improve the performance of 

spectral subtraction. Furthermore, this adaptive approach showed consistent improvement 

for all input SNRs. 

In chapter 5, we re-examine the fixed a case. We show that the loudness subtraction 

leads to better results overall compared to the classical spectral subtraction, even though 

noise residue and unpleasant artifacts are still high in the enhanced signal. Next, we in­

vestigate the loudness over-subtraction method. This approach is more aggressive in noise 

removal. Extensive simulation studies are conducted showing clear improvement over other 

subtraction type approaches. The loudness over-subtraction model was proven to be more 

effective at low SNRs. 

In chapter 6, Maximum Likelihood (ML) estimation is used to derive a speech en­

hancement algorithm. The Laplacian and the Gaussian speech models are used separately 

for comparison. The approaches designed in the loudness domain outperform those in 

spectral domain under the ideal a priori SNR estimations. The Laplacian model leads to 

better preservation of the speech and the Gaussian model leads to better noise reduction. 

Also, results fot a — 0.2 and 0.3 (commonly used for the loudness model) are better than 

those for larger as. This confirms that the loudness model is a valuable tool for designing 

speech enhancement algorithms. However, this algorithm was shown to be sensitive to the 
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a priori SNR estimates. When the variances are estimated from the observed signal, a 

values of 0.5 and 1 performs better. The performance of the ML approach is shown to be 

comparable to the MMSE approach for Gaussian assumption. The advantage of the pro­

posed ML approach is that the computational load is considerably lower than MMSE-based 

approaches. 

For all the proposed speech enhancement approaches, the recursive MMSE approach 

presented in chapter 3 provides the best overall improvement after 4 iterations. Its PESQ 

and segmental SNR results are comparable with loudness over-subtraction (in chapter 5) 

and Gaussian-based ML approach with VAD (in chapter 6). The recursive MMSE approach 

has lower distortion than the other two approach. However, the recursive MMSE approach 

is more complex than the other proposed approach computationally. 

The loudness over-subtraction method provides better results than the ML-based ap­

proach without VAD. However, the ML-based approach with the VAD provides similar 

PESQ scores with the loudness over-subtraction approach. The loudness subtraction re­

moves more noise (lower segmental SNR) and introduces more distortion than the ML-

based algorithm with VAD. Both the loudness and ML-based algorithms need considerably 

less computational load than the recursive MMSE approach. 

7.2 Suggestions for Future Research 

A list of issues arose during the completion of this thesis that merit further consideration: 

1. The proposed adaptive-a subtraction, loudness over-subtraction and maximum like­

lihood approaches all depend on the estimation of the a prior SNR. The estimation 

of this a prior SNR is critical for these algorithms and is difficult under the low SNR 
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environments. Further effort needs to be done to obtain better estimates. 

2. The proposed adaptive-a subtraction and loudness over-subtraction shows the need 

to adjust the speech enhancement algorithm based on the a prior SNR. Different a or 

over-subtraction factor values are needed for different a prior SNRs. Our parameter 

selections were mainly based on the results of the simulations. Even though effective 

solutions have been proposed for the algorithms, better understanding of the balance 

between noise removal and distortion is needed for better selection of the parameters. 

3. The loudness model used in this thesis is the simplest one based on Steven's power 

law. The speech enhancement algorithms based on more complex loudness models 

need to be investigated. 
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Appendix : Speech and Noise Files 

Specification 

The speech files are selected from the TIMIT database. The sampling rate is 8 KHz. The 

speech files used are listed below with its file number in database and the text of the speech 

files. 

Female 1 (si 1386): In wage negotiation, the industry bargains as a unit with a single 

union. 

Female 2 (si2016): Heave on those ropes the boat's come unstuck. 

Female 3 (sx36): Only the most accomplished artist obtain popularity. 

Male 1 (sal): She had your dark suit in greasy wash water all year. 

Male 2 (sa2): Don't ask me to carry an oily rag like that. 

Male 3 (si 1039): He has never, himself, done anything for which to be hated - which 

of us has? 

The noise samples used are white noise (generated by the Matlab), babble noise and 

F16 cockpit noise (from the NOISEX-92 database, NOISE-ROM-0 signal Oil and 020, 

also available at http://spib.rice.edu/spib/select_noise.html). The NOISEX-92 database was 

originally sampled at 19.98 KHz. It is re-sampled with Matlab to 8 KHz. 

Babble noise (NOISE-ROM-0 signal.011): The source of this babble is 100 people 

http://spib.rice.edu/spib/select_noise.html


speaking in a canteen. The room radius is over two meters; therefore, individual voices are 

slightly audible. 

F16 cockpit noise (NOISE-ROM-0 signal.020): The noise was recorded at the co-pilot's 

seat in a two-seat F-16, traveling at a speed of 500 knots, and an altitude of 300-600 feet. 

It was found that the flight condition had only a minor effect on the noise. The reproduced 

noise can therefore be considered to be representative. 


