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Chapter 4 

SPEECH ENHANCEMENT 

 

4.1 INTRODUCTION: 

 

Enhancement is defined as improvement in the value or Quality of something. 

Speech enhancement is defined as the improvement in intelligibility and/or quality of 

a degraded speech signal and it is achieved using signal processing tools. Speech 

enhancement normally refers not only to reduce the noise but also to de- reverberate 

and separate the independent signals.  

 

Speech enhancement is typical problem and it is due to two reasons: 

 First, when the speech signal is corrupted by noise, then the characteristics of the 

speech can change dramatically in time and between applications and it depends 

on the nature and characteristics of the noise signals. So, it has become very 

difficult for the researchers to find algorithms that really work in different 

practical environments. 

 Second, the design of algorithm defers application to application and so the 

performance of the algorithms can also be different for each application.  

 

However these two criteria play an important role in justifying the 

performance of the algorithm with reference to Quality and Intelligibility. But it is 

very hard to satisfy both at the same time.  

 

During the past few years speech enhancement has become a significant area 

of signal processing. The main aim of the research is to provide an improvement of 

intelligibility and/or pleasantness of a speech signal. The basic approach is to remove 

the noise by estimating the noise characteristics of noisy speech signal and there by 

noise components are been cancelled to provide clean speech signal which is known 

as speech enhancement.  
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It has been observed that if the approach is to remove the noise by estimating 

the noise characteristics, then there is every possibility that even some parts of the 

signal that resemble noise is also removed.  

 

During the literature survey it is also observed that speech enhancement 

algorithms have even corrupted the speech while attempting to remove noise. So the 

algorithms that are to be designed must therefore provide effective level of noise 

removal and level of distortion in the speech signal.  

 

Speech enhancement algorithms are divided into three domains:  

 Spectral Subtraction 

 Sub-space analysis and  

 Filtering algorithms.  

1) Spectral Subtraction algorithms [22] generally they operate in the spectral 

domain by removing the noise from each spectral band which corresponds to the 

noise contribution. Some of the researchers have done their research by using 

Spectral Subtraction method and is proved to be effective in estimating the 

spectral magnitude of the speech signal. It is also concluded that after 

enhancement, the phase of the original signal is not retained and it will produce a 

clear audible distortion known as “ringing”.  

2) Sub-space analysis is one which operates in the autocorrelation domain. In this 

method speech and noise components are considered as orthogonal, so that they 

can be gladly separated. But algorithmic design for finding the orthogonal 

components has become computationally more expensive.  

3) Later researchers have concentrated on time-domain methods and hence filtering 

algorithms evolved. Wiener filter method works on removal of noise component 

and Kalman filter method [119] have become more effective and usually 

concentrates on estimation of the noise and speech components.  

 

However, this thesis deals with estimation of noise and improvement of 

Quality and Intelligibility of the compressed noisy speech signal.  

 

 



46 

 

4.2 SPECTRAL SUBTRACTION:  

 

During the past few decades there are many algorithms which were proposed 

by the researchers for speech enhancement, the one that is being used is called 

Spectral Subtraction. Spectral Subtraction technique [21] [22] operates in the 

frequency domain and by making an assumption that the spectrum of the input speech 

signal can be expressed as the sum of the speech spectrum and the noise spectrum.  

 

4.3 PROCESS OF SPECTRAL SUBTRACTION: 

 

Spectral Subtraction is one such method to restore basic parameters like power 

spectrum or the magnitude spectrum when the speech signal corrupted with additive 

noise [21]. The main principle of the Spectral Subtraction is to estimate the average 

noise spectrum from the noisy speech signal spectrum.  

 

When the signal is absent, this method is designed to estimate the noise 

spectrum, and updated it, from the periods, only when the noise is present. This 

approach has some assumptions i.e., noise is considered as a stationary or a slow 

varying process. Usually this method provides an advantage that noise spectrum will 

not change significantly in between the update periods.  

 

Spectral Subtraction method [23] provides less Computational complexity and 

the response of the Spectral Subtraction method provides negative estimates of the 

short-time magnitude or power spectrum due to random variations of noise. This 

nonlinear rectification process distorts the distribution of the restored signal. The 

processing of distortion becomes more noticeable as the signal-to-noise ratio 

decreases.  

 

The Spectral Subtraction procedure is shown below and it contains two basic 

principles: 

 estimating the spectrum of the background noise  

 subtracting the noise spectrum from the speech  
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Figure: 4.1 Block Diagram of Spectral Subtraction 

Usually Spectral Subtraction technique operates in the frequency domain. To 

perform Frequency-domain processing, it is necessary to split the continuous time-

domain signal up into overlapping chunks called frames.  

 

The speech signal is recorded in the system with a sample rate of 8 k Hz and 

on every 64 samples a 256-point Fourier transform is performed on the input speech 

signal which is an 8 msec frame.  

 

Once the processing is completed, the frames are reassembled to create a 

continuous output signal. To avoid spectral artifacts, signal frame is multiplied by a 

window function and it is processed through the FFT. 

 

Figure: 4.2 Process flow diagrams 

 

After performing the Inverse-FFT the output signal is thus formed by adding 

together the continuous stream of 256-sample frames each of which has been 
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multiplied by both an input and an output window. If the window is chosen to be the 

square root of a Hamming window then, the overlapped windows will sum to a 

constant and the output signal will be undistorted by the framing process.  

 

From the Figure 4.2, it is also observed that each frame starts half a frame later 

than the previous one giving an oversampling ratio of 2. This mechanism normally 

gives acceptable results but there is every possibility that it can introduce distortion if 

the processing alters the gain of a particular frequency bin abruptly between 

successive frames. It is therefore more common to use an oversampling ratio of 4 in 

which each frame starts only a quarter of a frame after the previous one. In this case, 

each output sample is the sum of contributions from four successive frames.  

 

4.4 SUBTRACTING THE NOISE SPECTRUM:  

 

In majority of the cases magnitude spectrum of the speech signal is affected by 

additive noise. This increases the mean and the variance of the spectrum and hence it 

results in random fluctuations of the noise which may not be able to cancel. 

 

So to achieve best estimate of the signal one should estimate the mean of the 

noise spectrum from the noisy signal spectrum and subtract it from the mean of the 

signal spectrum [21] [26]. The noisy signal model in the time domain is given by  

 

                 (4.1) 

 

Where,     ,      and      are the signals, the additive noise and the noisy 

signal respectively, and n is the discrete time index. In the frequency domain, it is 

expressed as  

 

                 (4.2) 

 

Where, Y (f) be the Fourier transforms of the noisy signal     , X (f) be the 

Fourier transforms of the original signal      and N (f) is the Fourier transforms of 

the noise      respectively, and f is the frequency variable.  
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In this method, the incoming signal      is normally divided into segments of 

N length of samples. Each segment is passed through the window using a Hanning or 

a Hamming windowing technique. After passing through the window the signal is 

transformed via Discrete Fourier Transform (DFT) to N spectral samples.  

                  

                   

             (4.3) 

 

The windowing operation can be expressed in the frequency domain as  

 

                 

 

             (4.4) 

 

Where the symbol * represents convolution.  The subscript w represented in 

the thesis indicates that the signals are windowed so to avoid the complexity of 

understanding, we simply drop the use of windowed signals. 

                
          

  

 
     

    

 

 

 

 

 

 

Figure: 4.3 Block diagram configuration of Spectral Subtraction 

 

The Figure 4.3 illustrates a block diagram configuration of the Spectral 

Subtraction method. The equation describing Spectral Subtraction may be expressed 

as 

 

       
 
                             (4.5) 
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Where,        
 
 is an estimate of the original signal spectrum          and 

                  is the time-averaged noise spectra. It is assumed that, noise is considered as a 

stationary random process and to find the magnitude Spectral Subtraction, the 

exponent b=1, and to find the power Spectral Subtraction, b=2.  

 

The parameter α is used to control the amount of noise subtracted from the 

noisy signal. To perform full noise subtraction, the value of α=1 and for over-

subtraction the value of α >1. To obtain Time-averaged noise spectrum when the 

signal is absent and only noise is present then the equation is given by 

 

                  
 

 
        

 

   

   

 (4.6) 

 

        is the noise spectrum of the i
th

 noise frame, and it is assumed that there 

are K frames in a noise period, where K is a variable. To restore a time-domain signal, 

the phase of the noisy signal is combined with the magnitude spectrum estimate 

        and then it is transformed into the time domain by performing the inverse 

discrete Fourier transform as: 

 

                
          

  
 
  

   

   

 (4.7) 

 

4.5 POWER SPECTRUM SUBTRACTION: 

 

Power spectrum subtraction, or squared-magnitude spectrum subtraction, is 

defined by the following equation 

 

                        (4.8) 

 

It is assumed that α is unity. Where, the power spectrum is denoted 

by          , the time-averaged power spectrum is denoted by         and the 

instantaneous power spectrum is denoted by       . 
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4.6 MAGNITUDE SPECTRUM SUBTRACTION: 

 

The magnitude spectrum subtraction is calculated using the following 

equation: 

 

                             (4.9) 

 

Where,               is the time-averaged magnitude spectrum of the noisy signal. 

Taking the expectation of Equation, we have 

 

                  
 

 
        

 

   

   

 (4.10) 

 

                                       

  

                                           (4.11) 

 

For signal restoration the magnitude estimate is combined with the phase of 

the noisy signal and then transformed into the time domain Equation. 

 

4.7 SPECTRAL SUBTRACTION FILTER:  

 

The basic idea is just to subtract the noise off the input signal:  

                             (4.12) 

Unfortunately we don’t know the correct phase of the noise signal so we 

subtract the magnitudes and leave the phase of X alone: 

 

          
             

      
         

      

    
            (4.13) 

 

We can regard      as a frequency-dependent gain factor, so this is really just 

a form of zero-phase Filtering. Further the problem is that, there is every possibility 

for the multiplicative factor in the above expression to go Negative from time to time.  
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So to avoid this, we actually use the following formula: 

 

             
      

      
  (4.14) 

 

Where, the constant λ is typically 0.01 to 0.1.  

 

4.8 KALMAN FILTER: 

 

Kalman filter was first proposed by Kalman in the year 1960 where the basic 

operation is based on recursive process and has provided solution for the linear 

filtering problem for discrete data. The researchers have started doing research in the 

context of state – space models.  The main aim is to estimate the signal through the 

recursive least squares process.  

 

There is a wide development in the field of digital signal processing and 

digital coding, Kalman filter has provided very good results and are applied to many 

applications like navigation, missiles search and economy. The study of Kalman filter 

is based on Wiener filter concepts.  

 

4.9 KALMAN FILTER ALGORITHM:  

 

The Kalman filter is designed to estimate the previous process by using a 

feedback control. Normally it estimates the process over the time and then it gets the 

feedback through the observed data.  

 

Kalman filter is used to derive the possibilities into two groups:  

 First step is to derive the equations to update the time or prediction.  

 Second step is to update the observed data or update equations.  

 

The first group of equations is used to initialize the state by taking into 

reference of the previous state and the intermediate state update of the covariance 

matrix of that state. 
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The second group of equations has to take care of the feedback which adds 

new information to the previous estimation; so that the proposed estimated state is 

achieved.  

 

The time equations which are updated from time to time are treated as 

prediction equations, and these equations will generate and add new information to 

the correction equations. This type of estimation algorithm is called prediction-

correction algorithm and is used to solve many problems.  

 

Hence, Kalman filter works with projection and correction mechanism and to 

predict the new state and its uncertainty and correct the projection with the new 

measure. This cycle is showed in the Figure: 4.4. 

 

 

Figure: 4.4 Block diagram for Kalman filter prediction and correction 

 

4.10 KALMAN FILTER CYCLE: 

 

The use of Kalman filter for speech enhancement was first presented and 

introduced by Paliwal (1987) [119]. Kalman filter is best suitable for reduction of 

white noise which can fulfill Kalman filter assumption. So to derive the Kalman filter 

equations it is normally assumed that the additive noise is uncorrelated and has a 

normal distribution. This assumption will lead to whiteness character of this noise 

[25].  

 

During the process the assumption is that speech signal is considered as 

stationary during each frame so that the AR model of speech remains the same 

throughout the segment.  
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So to fit the one-dimensional speech signal into the state space model, the state 

vector of the Kalman filter is given by: 

 

                                        (4.15) 

 

Where, x(k) is the input speech signal at time k and consider that speech signal 

is corrupted by additive white noise n(k): 

 

               (4.16) 

 

The speech signal could be modeled with an AR process of order p. 

 

                                  (4.17) 

 

Where   
  are AR (LP) coefficients and      is the prediction error which is 

assumed to have a normal distribution         substituting equation (4.15) into 

equation (4.17) we get: 

                   (4.18) 

 

Where, G=[0 0 ... 0 1]
T
 

 

   

 
 
 
 
 

  
  

        
        

  
 
  

 
    

   
 

    
  
    

 
 
 
 

 

 

G has a length of p (LP order). And the observation equation would be: 

                 (4.19) 

 

                                                                      

 

As      stated earlier, it is a Gaussian distribution       . The rest of the 

formulation for this filter is the same as in general case.  
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Many researchers have proposed several methods for extraction of LP model 

parameters from noisy data [25]. There is an effect on the system if these parameters 

are not assumed and are given. Hence, potential can be assessed for Kalman filter for 

speech enhancement without worrying about the extraction of these parameters.  

 

Many methods were proposed to calculate the LP model parameters and then 

use them for de-noising the noisy speech signal. The other method is to iteratively 

estimate and correct parameter values and enhance the speech signal (EM algorithm). 

Even a simple Spectral Subtraction method can be used to pre-clean the blocks which 

can extract an estimate of these values. 

 

New methodologies have modified the Kalman filter and there is a change in 

the performance of the newly developed algorithms. However algorithms are not 

designed for specific application and type of noise. So there is always a trade-off 

between the algorithms. 

 

Noisy data is x, which will provide the a posteriori estimate error covariance 

matrix with diagonal value of R. The LP coefficients are calculated for segments that 

may or may not overlap. During the further proceedings one should take utmost care 

to guarantee the continuity of the filter parameters. 

 

As per the modified version, it was mentioned in [23][25] that the use of     

x(k-p+1) is calculated at time k would result in better performance relative to the value 

that was filtered for the first time (e.g. x(k-p+1) calculated at time k-p+1). Since more 

information is incorporated in calculating this value, hence these implementation 

results are delayed in Kalman filter. 

 

The design implementation has started with the first step to generate a state 

prognostic forward time and taking into account all the information available at that 

moment. The second step includes the generation of improved state prognostic, so that 

the error is statistically minimized.  

 

The specified equations for the state prediction are detailed as follows:  
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                      (4.21) 

 

                               
         

  (4.22) 

 

From the above equations 4.20 and 4.21 it can be observed that the equations 

can predict the state and the covariance estimations will forward the parameters from 

moment         . The above said formulas give an estimate value for xn and its 

covariance, when we don’t have the real sample yet available.  

 

Equation 4.20 estimates the next sample from the previous state sample and 

equation 4.21 represents the covariance matrix which is used to predict the estimation 

error. The matrix A represents previous state in the moment n-1 with the actual 

moment n. The matrix A can change its moments over time. Covariance of the 

random process is represented by   which tries to estimate the state.  

 

The state correction equations are given below:  

                         
    

              (4.23) 

 

                     
    

                 (4.24) 

 

                
     (4.25) 

 

All these five equations make the Kalman filtering process and hence they 

were called updating equations. 

 

4.11 Advantages and Disadvantages of Kalman filter: 

 

4.11.1 Advantages: 

 

 Most of the enhancement techniques produce structural changes and are 

affected by the distant history of the reconstructed signal, but Kalman filter 

is designed to avoid all these problems by estimating the initial samples and 

further updates the estimations by adding a new observation till the data 
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ends.  

 

  Kalman filter is most likely than other recursive methods but it uses all the 

series history with an advantage of estimating the stochastic path of the 

coefficients instead of a deterministic one. This will avoid the problem of 

solving the possible estimation cut when structural changes happen. 

 

 The Kalman filter uses the least square method to generate a state estimator 

recursively. This filter operates with Gauss-Markov theorem and this 

provides Kalman filter its massive power to solve a wide range of problems 

on statistic inference.  

 

 The filter is designed to distinguish and predict the state of a model in the 

past, present and future without knowing the exact nature of the modeled 

system.  

 

 Kalman filter method is distinguished by its dynamic modeling of a system.  

 

4.11.2 Disadvantages:  

 

The most common disadvantage of Kalman filter is to know the initial 

conditions of the mean and variance state vector to start the recursive process. The 

algorithm is designed in such a way that it does not have a specific way to determinate 

the initial conditions. Hence, Kalman filter developments are limited to its research 

and application. When the Kalman filter is designed with autoregressive models, the 

results are conditioned to the past information of the variable under study.  

 


