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ABSTRACT: In this paper, Modified Improved Arctan Thresholding and two Hybrid Thresholding schemes (TH-I and 

TH-II) have been proposed and successfully used in Wavelet Thresholding the Multitaper Spectrum for Speech 

Enhancement. The two Hybrid Thresholding schemes are formulated by incorporating the modified arctan function and 

exponential function suitably in Hard and Soft thresholding methods. To address the “musical noise” encountered in 

most of the frequency domain speech enhancement algorithms, Yi. Hu and P.C. Loizou have proposed the Wavelet 

Thresholding the Multitaper Spectrum Speech Enhancement with Hard and Soft Thresholding schemes. This paper 

investigates further improvement of Speech quality in terms of six objective quality measures using Discrete Wavelet 

Transform Thresholding the Multitaper Power Spectrum with the above proposed Thresholding methods. The 

performance of the new Thresholding methods is compared with the other thresholding methods. It is observed that, 

further improvement is observed with the proposed schemes when applied to noisy speech signals of low SNR (0dB) 

conditions. The results showed that, the use of Multitaper Spectrum estimation combined with the proposed 

Thresholding procedures yields better quality in terms of six objective quality measures. This Algorithm incorporates 

the noisy speech signal divided in to overlapping frames and each frame is subject to the Multitaper Power Spectrum 

estimation using either SLEPIAN(Discrete Prolate Spheroidal Sequences)  or SINE Tapers and applied to the Wavelet 

Thresholding the Multitaper Spectrum based Speech Enhancement Algorithm and the enhanced speech is reconstructed 

in its time domain. Analysis is done using Daubechies and Symlet wavelets with different real world noisy 

environments as well as white Gaussian Noise. Six Objective quality measures are considered in this study to test the 

performance of the algorithm for enhanced speech quality and compared. The proposed Thresholding methods perform 

better than hard, soft, Modified sigmoid and modified improved thresholding methods for Wavelet Thresholding the 

Multitaper Spectrum based Speech Enhancement.  
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I. INTRODUCTION 
 

In Speech Processing, Speech enhancement is one of the most important fields and finds many applications such as 

mobile phones, teleconferencing systems, speech recognition and hearing aids. Speech signals from the uncontrolled 

environment may contain degradation components along with required speech components like background noise, 

speech from other speakers etc and decrease the intelligibility and the quality of the Speech. Reducing or suppressing 

such background noise and improving the perceptual quality and intelligibility of a speech without disturbing the 

speech signal quality is the main aim of speech enhancement to improve the quality and intelligibility of such degraded 

speech signal [1, 2]. The processed speech signals are supposed to be more comfort for listening and also should give 

better performance in tasks like automatic speech and speaker recognition [1]. During the last decades, several 

algorithms are proposed in the literature for speech enhancement such as spectral subtraction methods, MMSE 

methods, Weiner algorithm, Subspace methods, Hidden Markov Modelling, wavelet-based methods etc., have been 

proposed to solve this problem. Although the above speech enhancement algorithms improve speech quality, they 

suffer from an annoying artefact called “musical noise” [3-5]. Musical noise is caused by randomly spaced spectral 

peaks that come and go in each frame, and occur at random frequencies. The randomly spaced peaks are due to the 

inaccurate and large-variance estimates of the spectra of the noise and noisy signals, typically computed using 

periodogram type methods. Several methods have been proposed to reduce musical noise [6-9].  

 

Yi. Hu and P.C. Loizou, in their paper [5], presented a different approach using the multitaper method proposed by 

Thomson [10] for power spectrum estimation. The multitaper method was shown in [10] to have good bias and 
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variance properties. To further refine the spectral estimate, further they carried on wavelet thresholding the log 

multitaper spectra. Unlike others who wavelet denoised the time-domain signal (e.g., [11]), they wavelet denoise the 

speech spectrum. It should be pointed out that they have not used the wavelet denoising techniques to remove the noise, 

but rather to get better (lower variance) spectral estimates using the Hard and Soft thresholding techniques. In this 

paper an attempt has been made to propose new Thresholding schemes which are formulated by incorporating the 

Modified Arctan function in Hard and Soft, thresholding methods. The approach is similar to the two Hybrid 

Thresholding schemes reported by the authors in the recent paper [12] except the use of Wavelet Thresholding the 

Multitaper Spectrum for Speech Enhancement. The two Hybrid Thresholding schemes are formulated by incorporating 

the modified arctan function union with exponential function [13] and sigmoid function [14] union with the above 

modified arctan function in place of Hard and Soft thresholding methods [15-16]. The proposed new schemes are 

Modified Improved Arctan function Thresholding (MIAT), Modified Arctan  function Thresholding (MAT) and two 

Hybrid Thresholding schemes (TH-I and TH-II) are used in Wavelet Thresholding the Multitaper Spectrum for Speech 

Enhancement. The details are presented in Section-III.  This paper investigates further improvement of Speech quality 

in terms of six objective quality measures [17-19] using Discrete Wavelet Transform Thresholding the Multitaper 

Power Spectrum with the above proposed two Hybrid Thresholding methods based on arctan function. The 

performance of the new Hybrid methods is compared with the other thresholding methods.  It is observed that the new 

proposed scheme yields further improvement when applied to noisy speech signals with low SNR (0dB) conditions. 

The results showed that, the use of Multitaper Spectrum estimation combined with wavelet Hybrid Thresholding 

suppressed the musical noise and yielded better quality than the existing hard, soft, improved and modified improved 

Thresholding methods. This Algorithm incorporates the noisy speech signal divided in to overlapping frames and each 

frame is subject to the Multitaper Power Spectrum estimation using either SLEPIAN (Discrete Prolate Spheroidal 

Sequences) or SINE Tapers and applied to the Wavelet Thresholding the Multitaper Spectrum based Speech 

Enhancement Algorithm suggested [5]  and the enhanced speech is reconstructed in its time domain. 

 

Analysis is done using Daubechies and Symlet wavelets with different real world noisy environments using Noizeus 

database [20] as well as white Gaussian Noise. Six Objective quality measures [17-19] are considered in this study to 

test the performance of the algorithm for enhanced speech quality and compared. Further improvement is reported with 

the proposed Hybrid Thresholding methods for Wavelet Thresholding the Multitaper Spectrum based Speech 

Enhancement than the use of hard, soft, Improved and modified improved thresholding methods.  

 

This paper is organized as follows. Section II provides background information on Multitaper Spectrum Estimation, 

and Section III presents the proposed Hybrid Thresholding approach using the arctan function. The Scheme 

implementation details are presented in Section IV, the results are presented in Section V, and the conclusions are given 

in Section VI. 

II. MULTITAPER SPECTRUM ESTIMATION 

Direct spectrum estimation based on the use of Hamming windowing is the most commonly used power spectrum 

estimator for speech enhancement. Although windowing reduces the bias, it does not reduce the variance of the spectral 

estimate [21]. The concept behind the multitaper spectrum estimator [5, 10, 22] is to reduce this variance by computing 

a small number (L) of direct spectrum estimators each with a different taper (window), and then average the L spectral 

estimates. The idea is similar to the Welch’s method of modified periodogram [21]. If the set of L tapers are chosen to 

be pair wise orthogonal and properly designed to prevent leakage then the resulting multitaper spectral estimator will 

be superior to the periodogram in terms of reduced bias and variance. At best, the variance of the multitaper estimate 

will be smaller than the variance of each spectral estimate by a factor of 1/L. 

The multitaper spectrum estimator is given by  
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Where N is the data length and ka  is the k
th

 data taper used for the spectral estimate 

^

(.)mt
kS  which is also called the 

kth eigen spectrum. These tapers are chosen to be orthonormal, i.e., ( ) ( ) 0k jm
m ma a  for k j and equal to 1 for 

k=j. A good set of  L orthogonal data tapers with good leakage properties are given by the Slepian or discrete prolate 

spheroidal sequences (dpss) which are a function of a prescribed mainlobe width W. The number of tapers L is chosen 

to be less than 2NW, where W is expressed in units of normalized frequency, i.e.,0<W<1/2  [10]. The Slepian 

sequences are the unique orthogonal sequences which maximize the spectral concentration of the window mainlobe 

within [-W,W]. Other taper sequences were also proposed that minimize instead the local bias of the spectral window. 

In particular, Riedel and Sidorenko [23] proposed the sine tapers given by 

1 ( 1)
( ) sin , 0,1,2,....... -1

1 1
k

k m
m m Na

N N

      
                            (3) 

 The sine tapers were shown in [23] to produce smaller local bias than the Slepian tapers, with roughly the same 

spectral concentration. In this paper, we adopted both the tapers and compared. 

III. THE WAVELET THRESHOLDING THE MULTITAPER SPECTRUM 

It was already reported in the literature that wavelet thresholding techniques can be used to refine the spectral estimate 

and produce a smooth estimate of the logarithm of the spectrum [24-26]. The basic idea behind these techniques is to 

represent the log periodogram as “signal” plus the “noise,” where the signal is the true spectrum and “noise” is the 

estimation error [27]. If the “noise” is Gaussian, then standard wavelet shrinkage techniques can be used to eliminate 

the “noise”, by employing level-independent “universal” thresholds [28] for better spectral estimates.  It was shown in 

[22] that if the eigen spectra defined in (2) are assumed to be uncorrelated, the ratio of the estimated multitaper 

spectrum 

^

(.)mt
kS and the true power spectrum S(w) conforms to a chi-square distribution with 2L degrees of freedom, 

i.e., 
^

2
2(.)

( ) , 0
( ) 2

mt
LkS X

v w w
S w L

                            (4) 

Taking the log of both sides, we get 
^

log (.) log ( ) log ( )mt
k S w v wS                              (5) 

Hence, the log of the multitaper spectrum can be represented as the sum of the true log spectrum plus a noise term, 

which is log X
2
 distributed. If  L is at least 5, the distribution of v(w) will be very close to a normal distribution with 

mean  (L) - log L and variance  ’
(L), where  (L) and  ’

(L) denote the digamma and trigamma functions 

respectively [5]. This means that for all ω (except near ω=0 and π) the random variable η(ω) 

( ) log ( ) ( ) logw v w L L                                 (6) 

will be approximately Gaussian with zero mean and known variance 
/2 ( )L   . If ( )Z w is defined as  

^

( ) log ( ) ( ) logmt
kZ w w L LS                            (7) 

then  

( ) log ( ) ( )Z w S w w                                          (8) 

 So, the log multitaper power spectrum plus a constant ( log ( )L L  ) can be written as the true log power spectrum 

plus a nearly Gaussian noise η(w) with zero mean and known variance 2
  [25]. The model in (8) is well suited for  

wavelet denoising techniques [28-31] for eliminating the noise and obtaining a better estimate of the log spectrum. The 

idea behind refining the multitaper spectrum by wavelet thresholding can be summarized in four steps [5].  1) Obtain 

the multitaper spectrum using (1) and (3), and calculate ( )Z w  using (7).  2) Apply a standard, periodic Discrete 

Wavelet Transform (DWT) out to level 0q to ( )Z w  in order to get the empirical DWT coefficients
,j k

z at each level j , 

where 0q is specified in advance [32]. 3) Apply a thresholding procedure to 
,j k

z  (the scaling coefficients are kept 

intact). 4) Apply the inverse DWT to the thresholded wavelet coefficients and obtain the refined log spectrum. 

One of the key steps in the above process is the thresholding procedure, which is critical to the performance of the 

algorithm [5]. The details about the thresholding techniques will be given in Section III-B. 
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IV. SPEECH ENHANCEMENT BY WAVELET THRESHOLDING THE MULTITAPER SPECTRUM 

In this section, the STSA estimator, derived by Yi. Hu and P.C. Loizou [5] is presented for clarity. 

A. Proposed STSA Estimator 
Here it is assumed that the noise signal is additive and uncorrelated with the speech signal, and is given by y=x+n 

 y  , x  and n  are N-dimensional noisy Speech, clean Speech and noise vectors respectively.  If F is the N-point 

discrete Fourier Transform matrix then the Fourier transform of the noisy speech vector y  can be written as 

( ) . . . ( ) ( )H H HY w y x n X w N wF F F      

where ( )X w  and ( )N w  are the N 1 vectors containing the spectral components of the clean speech vector x  and 

the noise vector n , respectively. The linear estimator of the clean speech Spectrum is given by 

^

( ) . ( )X w G Y w  

Where G is a NN matrix. The error signal of this estimation is expressed by 
^

( ) ( ) ( ) ( ) ( )
x n

w X w X w w w       

Where ( )
x

w represents the speech distortion in the frequency domain and ( )
n

w  represents the residual noise in 

the frequency domain and can be expressed as 

( ) ( ). ( )
x
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( ) . ( )
n

w G N w   

In frequency domain, the energy of the speech distortion and the energy of the residual noise respectively can be given 

by  
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The optimal linear estimator can be obtained by solving the following constrained optimization problem: 

2
min ( )

xG
w

    ,       
Subject to: 

21
( )

n
w c

N
                         (9) 

where c is a positive number. It was established that [33] the optimal G satisfies the following equation:  

 . . . . . .H H H
x n xG F F FF R F R F R               (10) 

Where   is the Lagrange multiplier. The above equation can be simplified by assuming that each frequency 

component is modified individually by a gain, that is, if it is assumed that G is a diagonal matrix. The matrices 

. .H
x FF R and . .H

n FF R  are asymptotically diagonal [34] (assuming that xR  and nR are Toeplitz) and the diagonal 

elements of . .H
x FF R  and . .H

n FF R are the power spectrum components ( )x wS  and ( )n wS of the clean speech 

vector x  and the noise vector n , respectively. Denoting the k th diagonal element of G  by ( )g k , then for large N, 

(10) can be rewritten as  

( )( )
( )

( ) ( ) ( )

priox

x n prio

kkS
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k k kS S


  

 
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                      (11) 

Here ( )
prio

k  is the a priori SNR at frequency kw  and is defined as 

( ) ( ) / ( )x nprio
k w wS S   

The Lagrange multiplier ( 0)    controls the trade-off between speech distortion and residual noise [34]. This can 

be illustrated by noting that   is related to
2 ( )x k  and

2 ( )n k  by 
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 A large  , would produce more speech distortion with less residual noise. Similarly, a small   would produce 

smaller amount of speech distortion containing more residual noise. Ideally, ideally one has to minimize the speech 

distortion in speech-dominated frames since the speech signal will mask the noise in those frames. Similarly, one 

would like to reduce the residual noise in noise-dominated frames. To accomplish that, one can make the value of 

dependent on the estimated a priori SNR. Hence the following equation has been chosen [5] for estimating  : 

0
dB

SNR

s
                                      (12) 

Where 0  and s  are constants chosen experimentally, and 
dBSNR is given by 

1010logdBSNR SNR  

The power spectrum ( )x wS  in (11) of the clean speech signal is not available, but in practice it can be estimated as: 

^ ^

( ) ( ) ( )
x y n

S w S w S w                                (13) 

Where 
^

( )nS w denotes the estimate of the noise spectrum obtained during speech-absent frames. As the estimate of the 

( )
prio

k  is crucial for eliminating musical noise, it is considered two different methods for obtaining a good estimate 

of ( )
prio

k . 

In the first method, the ratio of the multitaper spectra

^ ^
( ) / ( )mt mt

x nw wS S , and wavelet threshold the log of the ratio of 

the two spectra to get an estimate of ( )
prio

k . It can be proved [5] that the log a priori SNR estimate, based on 

multitaper spectra is denoted as ( )
mt

prio
k  , can be modelled as the true log a priori SNR plus a Gaussian distributed 

noise ( )k , i.e., 

( ) log ( ) ( )
mt

prio prio
k k k                                       (14) 

Where ( )k is approximately Gaussian distributed with zero mean and known variance
22  . Because of the nature of

( )k , wavelet denoising techniques can be used to eliminate ( )k . 

The second method is based on the assumption that a good estimate of the a priori SNR, can be obtained using a good 

low variance spectral estimate of 
^

( )xS w  and 
^

( )nS w .It considered first obtaining the multitaper spectral estimates of 

( )
y

S w  and 
^

( )nS w  and then wavelet thresholding the log of those estimates individually to obtain 
^

( )xS w . The 

refined spectrum of 
^

( )nS w  and the wavelet thresholded estimate of 
^

( )nS w are then used to obtain a better estimate of 

the a priori SNR. The above Wiener-type STSA estimator given in (11) is not new, although it was derived differently. 

What is new, however, is the finding that the log a priori SNR, if estimated using multitaper spectra, can be modelled 

as the true log a priori SNR plus a Gaussian distributed noise.  

B. Wavelet Thresholding Techniques 
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The purpose of the thresholding procedure is to eliminate or suppress small value wavelet coefficients which mainly 

represent the noise content therefore the choice of threshold levels and thresholding techniques are critical to the 

performance of wavelet denoising techniques. Several methods have been proposed in the literature for thresholding the 

wavelet coefficients [28-31]. The thresholding techniques examined in this paper are described below.  Let  ,j kz  be 

the wavelet coefficients of ( )Z w  in (8), let  ,j ks  be the wavelet coefficients of log ( )S w  and let ,j k
n  be the 

wavelet coefficients of ( )w . Then by the linearity of the discrete wavelet transform, (8) is transformed to   

, , ,j k j k j k
s nz                            (15) 

Where the subscript j indicates the j th scale, and the subscript k indicates the k th wavelet coefficient. Since the noise 

( )w is nearly Gaussian, the standard thresholding functions used in the wavelet based enhancement systems are hard 

and soft thresholding functions [29] which we review before introducing a new thresholding function that offers 

improved performance for speech signal. Hard thresholding sets to zero any element whose absolute value is lower than 

the threshold. In Soft thresholding, the elements whose absolute values are lower than the threshold are first set to zero 

and then shrink the nonzero coefficients towards zero. 

In these techniques, T is the threshold value and δ is the thresholding function.  
i. The Hard Thresholding (HT):  

The hard thresholding function is defined for threshold T as: 

 

, if
( , )

0, otherwise
H

z z T
z T

  


                          (16) 

ii. The Soft Thresholding (ST):  
The soft thresholding function is defined as: 

, if

( , ) 0, if

, if

S

z T z T

z T z T

z T z T


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   

                     (17) 

 

 

iii. The Modified Improved Thresholding (MIT):  

 The Modified Improved thresholding [13] is proposed by Asser Ghanbari and Mohammad Reza Karami and 

can be used like a hard thresholding function for the wavelet coefficients absolute value greater than threshold 

value and is like an exponential function for the wavelet coefficients absolute value less than threshold value 

and is defined [13] as:  

1

1

if T

( , ) {exp( ) 1}

( ) if < T
{exp( ) 1}

MI

z z z

zz T T
Tsign z z

 



  
  

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                      (18) 

Here, the factor 1γ  is important and for this work 1γ =3 is used in order to have better performance [13]. 

iv. The Modified Sigmoid function Thresholding (MST):  

Modified Sigmoid function thresholding proposed by Ting-Hua.Yi et al. [14] attempts to address the deficiency 

of hard and soft thresholding denoising methods and is given as:  
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              (19) 

In this function, the factor   is important and for this work  =4.5 is used in order to have better performance [14]. 

 

v. ARCTAN FUNCTION BASED  THRESHOLDING TECHNIQUE 
 

An important part of a wavelet-based speech enhancement system is the thresholding function. Ideal thresholding 

functions retain or shrink only wavelet coefficients exceeding a threshold value T. However, comparing both hard- and 

soft-shrinking schemes, it can be seen that the hard thresholding exhibits some discontinuities at ±T and may be 

unstable or more sensitive to small changes in the data. On the other hand, in soft thresholding the wavelet coefficients 

are reduced by a quantity equal to the threshold value which will induce the deviation when the filtered signal is 

reconstructed by the inverse WT. To overcome this shortcoming, an alternative procedure based on the sigmoid 

function is proposed [14]. This procedure provides a compromise between the advantages and drawbacks of hard- and 

soft-thresholding. 

 In this proposed work the sigmoid function in [14] is replaced with modified arctan function (20) defined as: 

                  
12
( ) ,

T
z Tan x R 


                                               (20) 

The arctan function is real-valued and differentiable. The degree of approximation of the arctan function to the Signum 

function can be adjusted by regulating the value of β. Here the modification to the arctan function is introduced in the 
magnitude and argument terms by 2T/π and β x respectively. The modified arctan function described in (20) produces 

an output z over the range extended from −T to +T. Here the factor 2/π is introduced in the magnitude for normalization 
of the arctan function to T value. Figure 2 shows the typical plot of the arctan function with β equal to 0.05, 0.1, 0.5, 1, 

2, 5, 10 and 100. 

 
Figure 2: Plot of the modified arctan function. 

 
a) The Modified Improved Arctan function Thresholding (MIAT): 
The modified arctan function can be used as thresholding scheme in a similar fashion as proposed in [13] by replacing 

the exponential function with the modified arctan function defined in (20) and can be used like a hard thresholding 

function for the wavelet coefficients absolute value greater than threshold value and for the coefficients with absolute 

value less than the threshold value were mapped on an modified arctan function instead of setting to zero and is defined 

as: 
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                               (21) 

The input-output characteristics of Modified Improved Arctan function thresholding is shown in the figure.3 for β
=0.8. 

 
Figure 3: The input-output characteristics of thresholding function. 

 

In the above, the factor β  plays an important role and to achieve better results, in this work we selected β =1.2 based 

on the overall performance achieved through the six objective measures. Phonetically balanced clean speech signals 

have been taken from a speech corpus called “NOIZEUS” [20] and White Gaussian noise is added to these clean 

speech signals at 0dB, 5dB, 10dB, and 15dB SNR levels to generate Noise corrupt speech signals. Wavelet 

Thresholding Multitaper speech enhancement algorithm which makes use the Arctan function with different β  values 

ranging from 0 to 1.8 in steps of 0.2 is applied to the noise corrupt speech signals. For each value of β the performance 

of the enhanced signal is analyzed by using six speech quality objective measures LLR, WSS, CEPSTRAL, SEG-SNR, 

FWSEG-SNR, and SNR [17-18, 35-37] for speech enhancement and are shown in the fig.4. All the measures are 

computed by segmenting the sentences using 32-ms duration Hamming window with 75% overlap between adjacent 

frames. A tenth order LPC analysis was used in the computation of LPC- based objective measure LLR. The wavelet 

we used was “db8”, but for most of the wavelets, the results don’t have considerable changes. From the simulation 

results it is verified that,  β  is selected in between 0.8 and 1.2 to achieve optimum results. 

 

b) The Modified Arctan function Thresholding (MAT): 
In this work we proposed a similar type thresholding function presented in [14] based on modified arctan function. This 

new scheme is termed as Modified Arctan function thresholding scheme and can be defined as: 
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Figure.5 illustrates the comparison of soft, hard and modified arctan function based thresholding scheme (with T = 40 

and 2  equal to 0, 0.5, 1.0, 3.0, 5.0, 8.0, 15.0 and 30.0). From the figure.5, it is evident that the scheme sets the 
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threshold function values in between the values obtained through hard and soft thresholding procedures and thus 

provides a compromise between the advantages and drawbacks of hard- and soft-thresholding schemes. 

        
Figure 5:  The comparison of soft, hard and arctan function based thresholding algorithm. 

 

Based on the modified arctan function, this work also proposes two Hybrid Thresholding schemes TH-I and TH-II. The 

results shown that, the proposed Hybrid schemes overcome the drawbacks of both the Hard and Soft thresholding 

functions by providing a smooth transition to the wavelet coefficients with absolute value less than threshold value 

instead of setting the coefficients to zeros. 

In the proposed Hybrid thresholding scheme, a modification is made to the hard and soft thresholding functions. In 

Hybrid Thresholding(TH-I), the wavelet coefficients with absolute value less than the threshold value were mapped on 

to an arctan function as described in (20) instead of setting to zero and the wavelet coefficients with absolute value 

greater than the threshold value were mapped on to a modified arctan function as described in (22). Similarly in Hybrid 

Thresholding (TH-II), the wavelet coefficients with absolute value less than the threshold value were mapped on to an 

exponential function (18) instead of setting to zero and the wavelet coefficients with absolute value greater than the 

threshold value were mapped on to the same modified arctan function as described in (22). The Hybrid Thresholding 

schemes are defined as: 

 

c). Hybrid Thresholding-I (TH-I) scheme is defined as: 
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                   (23) 

In the above, two important factors 1 2and   which are real and positive constants and we determined the values for 

optimum results using Speech quality objective measures. For the wavelet coefficients with the absolute value greater 

than threshold value, it can be easily proved that the presented thresholding scheme is a kind of compromise between 

hard and soft thresholding, where the difference is due to the constants 1  and 2 . If 1 =0 and    2  = 0, soft 

thresholding can be considered, and if 1 =0 and 2 → +∞, the equation corresponds to hard thresholding.  
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      d). Hybrid Thresholding-II (TH-II) is defined as: 
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In this function, the factors 1 2and   are real and positive constants and we determined the value for optimum 

results using Speech quality objective measures. In this scheme also it can be easily proved that the presented 

thresholding scheme is a kind of compromise between hard and soft thresholding for the wavelet coefficients with 

absolute value greater than the threshold value T and the constant
2  is selected properly.  

 

The Speech Enhancement results in terms of speech objective quality measures obtained with the above the proposed 

Modified Improved Arctan Thresholding (21), Modified Arctan Thresholding (22), Hybrid Thresholding scheme-I (23) 

and Hybrid Thresholding scheme-II (24), are compared with the results obtained through Hard Thresholding (16), Soft 

Thresholding (17), Modified Improved Thresholding (18) and Sigmoid function Thresholding (19) schemes and are 

presented in the Table.1(a) and Table 1(b). 

 

C. Wavelet Threshold Methods 
1) Universal Threshold Method: 

The main issue in wavelet denoising is determining an appropriate threshold level T . For i.i.d. zero-mean, normally 

distributed noise with variance , Donoho and Johnstone [29] proposed the so-called universal threshold given by 

2logT N  . It is simple since it does not depend on the input data, but on the noise variance, and works well 

for uncorrelated noise. If the noise is stationary and colored, the variance of the noise wavelet coefficients will be 

different for each scale in the wavelet decomposition [31]. Consequently, scale-dependent thresholding was proposed 

to account for the different variances of the noise wavelet coefficients in each scale. Therefore the level-dependent 

variances of the noise wavelet coefficients were estimated according to [25]. 
21
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Where ( )
j

H k  is the frequency response of the length N periodized wavelet filter of level j, and ( )S k  is the Fourier 

transform of the autocorrelation function r  of the noise ( )w  which is approximated by [25] 
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Where L is the number of tapers, and 
2

  is the variance of ( )w . 

In scale-dependent universal thresholding, the threshold T at each scale j is selected as 2logjT N . The 

wavelet coefficients ,j k
z  can be thresholded at each level j using either (.,.)H  or (.,.)S  etc. 
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where 
0q  is, some specified coarse resolution level. 

2) SURE Method: The universal thresholding method tends to use a high threshold level, and in many cases it 

oversmooths the noisy signal [30]. In this work also the authors observed that the universal thresholding method 

exhibits very inferior performance when applied to evaluate the speech quality objective measures. In [30], Donoho and 

Johnstone showed that the Stein’s unbiased risk estimator (SURE) could be used as the unbiased estimate of the MSE 

for the soft-thresholding scheme. Johnstone and Silverman [31] later generalized this idea to the case of colored noise, 

and showed that the SURE method can also be used in the presence of correlated noise and the present work is 

confined only SURE threshold method. 

The Stein’s unbiased estimate of the risk for a specific threshold T and input signal x = 
1

N

i i
x


using the soft 

thresholding function is given by [31] 
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Where 

^
2  is the variance of the noise and I is the indicator function ( (.) 1I   if

i
x T  and (.) 0I  if 

i
x T ). 

The SURE threshold is obtained as [30], [31]: 
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For level-dependent thresholding, the noise variance 

^
2

j  for level j can be obtained using the median absolute 

deviation (MAD) from zero estimates [31]: 

^
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j

MAD z
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where 0.6745 is a normalization factor. The operator MAD picks out the median of the absolute values of all the 

wavelet coefficients ,j k
z  at resolution level j.  As the universal threshold method gives high threshold value [5], in this 

study the SURE method is considered only. 

 

V. IMPLEMENTATION DETAILS 
 

For each speech frame, the Scheme can be implemented in four steps [5]. 

Step 1) Compute the multitaper power spectrum 
mt

y
S of the noisy speech y using (1), and estimate the multitaper power 

spectrum 
mt

xS  of the clean speech signal x by: 

mt mt mt
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S S S   

where 
mt

nS  is the multitaper power spectrum of the noise. 
mt

nS  can be obtained using noise samples collected during 

speech absent frames and update the noise activity appropriately. Here L is set to 5. Any negative elements obtained are 

floored as follows: 
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Where   is the spectral floor set to  =0.002. 

 

Step 2) Estimate the a priori SNR using one of the two methods described in Section III-A. In this work the second 

method is followed. Accordingly, first compute ( )Z w  using the relation 

( ) log ( ) ( ) logmt

mZ w S w L L           (32) 

and then apply the Discrete Wavelet Transform (DWT) of ( )Z w  out to level 0q  to obtain the empirical DWT 

coefficients ,j k
z  for each level j [in this paper, 0q was set to 5 as per [5]. Eighth-order Daubechie’s wavelets with least 

asymmetry and highest number of vanishing moments, for a given support, were used. Threshold the wavelet 
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coefficients ,j k
z  with one of the Eight thresholding techniques viz. Hard using (16), Soft using (17), Modified 

Improved using (18), Modified Sigmoid function using (19), Modified Improved arctan function using (21), Modified 

Arctan using (22), Hybrid Thresholding with Arctan function (TH-I) using (23), and Hybrid Thresholding with 

Exponential function (TH-II) using (24) described in Section III-B, and apply the inverse DWT to the thresholded 

wavelet coefficients to obtain the refined log spectrum, log ( )wmt

y
S w  , of the noisy signal. Repeat the above procedure 

to obtain the refined log spectrum, log ( )wmt

nS w , of the noise signal. The estimated power spectrum ( )wmt

xS w  of the 

clean speech signal can be estimated using (13). The a priori SNR ( )
prio

k estimate for frequency 
kw  is computed as: 

( )
( )

( )

wmt

x k
prio wmt

n k

S w
k

S w
          (33) 

 

Step 3) Compute the   value in (11) according to the segmental SNR: 
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Where 
max  is the maximum allowable value of  , which was set to 10, 0 max(1 4 ) / 5   , max25 / ( 1)s  

, 1010logdBSNR SNR  and the SNR is computed as:  
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Step 4) Estimate the gain function g(k) for frequency component 
kw  using (11). Compute the enhanced spectrum as: 

^ ^

( ) ( ). ( )k kX w g k Y w                                                             (36) 

Apply the inverse FFT of to obtain the enhanced speech signal. 

The above estimator was applied to 32-ms duration frames of the noisy signal with 50% overlap between frames. The 

enhanced speech signal was combined using the overlap and add method. The entire scheme is represented using flow 

diagram shown in results. 

VI. EXPERIMENTAL RESULTS 

To study the performance of any algorithm, combinations of subjective and objective measures have to be carried on. 

Currently, the accurate method for evaluating speech quality is through subjective listening tests. But it is costly and 

time consuming. Hence, six Objective measures are chosen to evaluate the performance of the proposed schemes of 

Thresholding the Multitaper Spectra Speech enhancement. Phonetically balanced clean speech signals and real world 

noise corrupted signals at different SNR levels have been taken from a speech corpus called “NOIZEUS” data base 

[20]. White noise was added to the same clean speech signals at different SNR levels to obtain white noise signals 

which are also used in this work. These noisy speech examples are at different input SNRs equal to 0dB, 5dB, 10dB 

and 15dB.   

Each noisy sentence was enhanced by Eight Thresholding methods: Hard Thresholding using (16), Soft Thresholding 

using (17), Modified Improved Thresholding using (18), Modified Sigmoid function Thresholding using (19), Modified 

Improved arctan function Thresholding using (21), Modified Arctan Thresholding using (22), Hybrid Thresholding 

with Arctan function (TH-I) Thresholding using (23), and Hybrid Thresholding with Exponential function (TH-II) 

Thresholding using (24) described in Section III-B are used are used to wavelet-threshold the  multitaper spectra with  

SURE thresholding discussed in Section III-A. All the measures are tested for both DPSS and Sinusoidal tapers and the 

results presented in the respective Table.1(a) and Table.1(i). 
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A. Objective Measure Evaluation 

P.Loizou has presented a correlation analysis of Objective Quality measures for evaluating speech enhancement 

algorithms [17]. In this paper  six measures namely SNR,  Segmental SNR(Seg-SNR), Log Likelihood Ratio(LLR), 

Weighted spectral slope distance(WSS), Frequency weighted segmental SNR (fwseg-SNR) and Cepstral Distance 

(Cep)[17-18,35-37] are selected for  performance evaluation test, considering the fact that Fwseg-SNR, LLR, Cep and  

WSS have high correlation with overall speech quality. The correlation coefficients for these measures with speech 

quality are 0.84, 0.85, 0.79 and 0.64 respectively [17]. These objective measures also have good correlation with 

subjective scores. Although the correlation coefficient of Seg-SNR is 0.36, it is chosen as a time domain measure 

where as the above measures are of frequency domain.    

 The performance of the enhanced signal is analyzed by using six objective measures for speech enhancement. All the 

measures are computed by segmenting the sentences using 32-ms duration Hamming window with 75% overlap 

between adjacent frames. A tenth order LPC analysis was used in the computation of LPC- based objective measure 

LLR. Using both the DPSS and SINE tapers, the performance of the proposed Scheme is studied under three real world 

noise conditions namely “Airport noise” “Babble noise”, “Car noise” ,”Exhibition noise”, “Restaurant noise”, “Station 

noise”, “Street noise” and “Train noise” as well as “White Gaussian” noise at 0dB, 5dB, 10dB and 15dB  input SNR 

values. The results are presented in below figure. 

 

 

 

           Figure(6):  Graphical Comparative Performance of Thresholding Methods in terms of six Objective  

                                  Quality Measures for Train Noise using DPSS Tapper..  

 In this work the Wavelet decomposition level q0 =5 is selected as there is no further advantage achieved for higher 

values of q0 [5] and the number of tapers L is selected in both DPSS and SINE tapers as L=5.  

Best performance was obtained in all the six objective measures by the proposed Modified Improved arctan function 

Thresholding using (21) and Hybrid Thresholding with Arctan function (TH-I) using (23), based on multitaper spectra 

when compared to all the thresholding schemes presented in this work. Better performance is achieved with the 

Modified Arctan using (22) and Hybrid Thresholding with Exponential function (TH-II) using (24) when compared to 

Hard Thresholding using (16), Soft Thresholding using (17) when compared to Modified Sigmoid function using (19). 

The Modified Improved Thresholding using (18) yields better results when compared to Hard Thresholding, Soft 

Thresholding and Modified Sigmoid function Thresholding.  
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The performance of the Modified Improved Thresholding is comparable to the performance of the proposed Hybrid 

Thresholding with Exponential function (TH-II) scheme.  Another noteworthy observation is made in the present study 

when the SINE tapers are used and in the case of  practical noises like Babble, Restaurant and Street, the performance 

of the Modified Improved arctan function Thresholding using (21) and Hybrid Thresholding with Arctan function (TH-

I) using (23) are slightly inferior when compared with the Modified Improved Thresholding. Hence to achieve better 

quality improvement, selection of the Thresholding method and appropriate orthogonal tapers are important depending 

on the nature of the noise. 

Therefore this study demands for the design of new orthogonal tapers and appropriate Thresholding procedures to 

enhance fine details of the noisy speech signal. By Using both the DPSS and SINE tapers, the performance of the 

proposed Scheme is studied under three real world different noise conditions are observed. In this paper noise condition 

namely “Train noise” as well as “White Gaussian” noise at 0dB, 5dB, 10dB and 15dB input SNR values. The results 

are presented in Table.1 (a) and Table.1 (b). 

 

Table.1(a): Comparative Performance of Thresholding Methods in terms of six Objective Quality Measures  LLR, 

                   WSS, CEP, SEG-SNR, FWSEG  and  SNR Measures for real world TRAIN noise using DPSS Tapers.  
 

OBJ  SNR 
THRESHOLDING METHODS -TRAIN NOISE 

(WAVELET FAMILY-db8,  q0=5, L=5, DPSS TAPERS USED)  

H-TH S-TH MI-TH MIA-TH MS-TH MA-TH TH-I TH-II 

LLR 

0 dB 1.2597 1.3246 1.2186 1.1777 1.2726 1.2763 1.2031 1.2153 

5 dB 1.0514 1.1381 1.0303 0.9944 1.0760 1.0797 1.0106 1.0322 

10 dB 0.9516 1.0220 0.8861 0.8663 0.9771 0.9824 0.8904 0.8927 

15 dB 0.8164 0.8850 0.7569 0.7433 0.8415 0.8449 0.7608 0.7672 

WSS 

0 dB 74.4448 68.7524 74.9075 77.9702 73.3071 72.9520 74.9069 74.3529 

5 dB 58.4855 54.2025 60.2990 62.1080 57.5092 57.1946 59.2396 60.1873 

10 dB 48.5619 44.6301 49.3499 50.7183 48.2338 47.9446 49.1556 48.8809 

15 dB 40.7426 37.2468 41.4893 43.4863 40.5588 40.2432 41.3967 41.0057 

CEP 

0 dB 6.7796 7.0409 6.6382 6.5100 6.8309 6.8454 6.5869 6.6387 

5 dB 6.0833 6.4042 5.9895 5.8697 6.1622 6.1766 5.9435 6.0040 

10 dB 5.5787 5.8284 5.3604 5.2969 5.6762 5.6951 5.3628 5.3766 

15 dB 5.0951 5.3502 4.8873 4.8230 5.1891 5.2006 4.8980 4.9124 

SEG-SNR 

0 dB -2.1229 -2.3997 -1.8297 -1.6853 -2.2023 -2.2220 -1.7969 -1.8625 

5 dB -0.0010 -0.4286 0.1419 0.3250 -0.1489 -0.1734 0.2204 0.0131 

10 dB 1.5791 1.0260 1.7177 1.9889 1.3393 1.3181 1.7690 1.5368 

15 dB 2.8232 2.3645 2.9758 3.1258 2.6553 2.6384 2.9889 2.8408 

FWSEG 

0 dB 4.7681 4.5941 4.9327 4.9964 4.6699 4.6790 4.9070 4.9431 

5 dB 6.2601 5.9048 6.4194 6.4353 6.1774 6.1586 6.3359 6.3470 

10 dB 7.4129 7.1844 7.4911 7.4923 7.2303 7.2159 7.4238 7.4050 
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15 dB 8.5081 8.3798 8.6114 8.5574 8.3627 8.3710 8.5281 8.4773 

SNR 

0 dB 2.8988 2.4089 3.3171 3.6410 2.6676 2.6312 3.3889 3.2286 

5 dB 6.0872 5.2540 6.4995 6.9627 5.7312 5.6887 6.6771 6.2693 

10 dB 7.5751 6.6507 8.0715 8.5373 7.0351 7.0033 8.0301 7.6190 

15 dB 8.8973 8.0485 9.3194 9.7309 8.4458 8.4226 9.3933 9.0157 

 
Table.1(b): Comparative Performance of Thresholding Methods in terms of six Objective Quality Measures  LLR, 

                    WSS, CEP, SEG-SNR, FWSEG  and  SNR Measures for real world WHITE noise using DPSS Tapers.  

 

. OBJ  SNR 
THRESHOLDING METHODS - WHITE NOISE 

(WAVELET FAMILY-db8,  q0=5, L=5, DPSS TAPERS USED)  

H-TH S-TH MI-TH MIA-TH MS-TH MA-TH TH-I TH-II 

LLR 

0 dB 1.3215 1.3514 1.3075 1.3071 1.3350 1.3349 1.2968 1.3096 

5 dB 1.1824 1.2424 1.1451 1.1584 1.2016 1.2038 1.1491 1.1473 

10 dB 1.0261 1.0979 0.9834 0.9796 1.0358 1.0381 0.9708 0.9844 

15 dB 0.8913 0.9489 0.8379 0.8282 0.8931 0.8964 0.8137 0.8337 

WSS 

0 dB 82.2453 78.8176 84.5702 83.7658 81.8042 81.5223 80.9986 84.0150 

5 dB 67.9707 65.7176 68.4187 68.4650 67.7365 67.5810 66.3124 67.8489 

10 dB 56.7508 54.5500 55.9946 55.3774 56.9785 56.7621 53.9362 55.3996 

15 dB 47.0216 45.0716 45.9590 45.0542 47.1603 46.9765 43.8348 45.3885 

CEP 

0 dB 7.6562 7.7100 7.7115 7.7582 7.6582 7.6584 7.6520 7.7356 

5 dB 6.9865 7.0951 6.9747 7.1047 6.9947 6.9989 6.9664 6.9834 

10 dB 6.2930 6.4363 6.2598 6.3068 6.2698 6.2768 6.1789 6.2612 

15 dB 5.6765 5.7631 5.5720 5.5849 5.6005 5.6069 5.4270 5.5395 

SEG-SNR 

0 dB -0.5691 -0.9735 -0.3542 -0.1226 -0.7004 -0.7194 -0.3151 -0.4375 

5 dB 0.7851 0.2021 1.1129 1.3863 0.6388 0.6052 1.1504 1.0105 

10 dB 1.9331 1.3706 2.3191 2.7837 1.7372 1.7105 2.4355 2.1785 

15 dB 3.0410 2.5342 3.4358 3.7442 2.8907 2.8692 3.5037 3.3351 

FWSEG 

0 dB 4.7417 4.5485 4.9183 4.9090 4.6779 4.6630 4.8936 4.9284 

5 dB 5.9299 5.7237 6.1665 6.1684 5.8602 5.8601 6.1137 6.1926 

10 dB 7.0995 6.7891 7.4090 7.4654 6.9951 6.9995 7.4242 7.3856 

15 dB 8.2902 8.0593 8.6034 8.6135 8.1921 8.2083 8.5785 8.6077 

SNR 0 dB 5.1161 4.2680 5.7254 6.1005 4.7771 4.7350 5.6459 5.5566 
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5 dB 6.5498 5.4621 7.3090 7.8187 6.1961 6.1391 7.3383 7.1572 

10 dB 7.5036 6.4787 8.3998 9.2976 6.9900 6.9540 8.5653 8.0834 

15 dB 8.4654 7.6677 9.4095 10.0854 8.0329 8.0183 9.5767 9.1927 

 

VII.SUMMARY AND CONCLUSIONS 

A new modified Arctan function based Wavelet thresholding speech enhancement method was proposed in this paper. 

This is based on wavelet thresholding the multitaper spectrum of speech. Wavelet denoising techniques were used in 

this paper not to remove the noise from the signal, but rather to produce better, lower-variance, spectral estimates and 

better a priori SNR estimates. Informal listening tests revealed that the enhanced speech had no musical noise. The six 

objective quality measures showed that the proposed method had superior speech quality when compared with the other 

Threshold methods presented in the work for comparison. The results confirmed the improvement in performance and 

achievements of our proposed Modified Arctan function based Wavelet thresholding the multitaper Spectra for Speech 

Enhancement to achieve better results. 
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