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ABSTRACT 
 

            

            Dereverberation of speech signals in a hands-free scenario by adaptive 

algorithms has been a research topic for several years now. However, it is still a 

challenging problem because of the nature of common room impulse response (RIR). 

RIR is generated artificially based on parameters of the room and its intensity 

depends on the size, shape, dimensions and materials used in the construction of the 

room.   

 

        Speech signals recorded with a distant microphone in a usual room contains 

certain reverberant quality; this often causes severe degradation in automatic speech 

recognition performance. Resulting, the degradation of speech signal quality leads to 

reduced intelligibility to listeners.  

 

              In this thesis Non Blind and Blind Deconvolution algorithms such as Least 

Mean Square (LMS), Normalized Least Mean Square (NLMS), Recursive Least 

Square (RLS), Affine Projection Algorithm (APA) & Constant Modulus Algorithm 

(CMA) are implemented for removing reverberation in a room environment using a 

single microphone. The performances of these methods are analyzed using 

Reverberation Index (RR) and Speech Distortion (SD) parameters. The performances 

of these methods are tested for two different room sizes and three different reflection 

coefficients with a total of six different setups for five different filter orders. 

 
 

 

Keywords: Adaptive algorithms, CMA, Reverberation, Reverberation index, Speech 

Distortion. 
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1 INTRODUCTION 

1.1 Motivation for Research 
 

In a variety of multimedia applications, speech and audio play an important role 

as a human machine interface. However Speech signal acquired by a distant 

microphone in an enclosed space is often degraded by reverberation. 

Reverberation is the combined effect of multiple reflections from the walls of the 

room and its intensity depends on the size, shape, dimensions and materials used 

in the construction of the room. This has a detrimental effect on the perceived 

quality as well as the intelligibility of speech signal. Hence De-reverberation 

techniques play a key role in a variety of application. 

 

Some of the most popular De-reverberation algorithms are (a) Adaptive 

algorithms and (b) Blind Deconvolution algorithm.  In Adaptive algorithms, 

desired signal is given to the output. In the output, the algorithm coefficients are 

changed or adapted by using some adaptive algorithms such as LMS, RLS, 

NLMS and APA. So that the output of algorithm is closely matches the desired 

signal. In Blind Deconvolution algorithm, no desired signal is given to the 

output.  

 

In my thesis, Adaptive algorithms namely: LMS, NLMS, RLS and APA have 

been implemented for De-reverberation of reverberated speech by using one Mic. 

Also, Blind Deconvolution algorithm such as CMA has been implemented for 

De-reverberation of reverberated speech by using one Mic. Performance of all 

these algorithms is analyzed by calculating RR and SD values for the output 

signal. 

1.2 Research Question 
 

1) Is the above algorithms De-reverberates the reverberated speech using a 

single Mic? 

2) Is the effect of reverberation completely removed by the above adaptive 

algorithms and Blind Deconvolution algorithm? 
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1.3 Thesis Organization 
 

This thesis is organized into seven chapters, background theories including 

Reverberations, RIR, LMS, NLMS, RLS, APA and CMA have been explained 

in detail in chapter 2, 3, & 4.In chapter 5, Implementation of the LMS, NLMS, 

RLS, APA and CMA have been discussed and in chapter 6, the simulation 

results have been presented for all the conditions and then thesis work is 

concluded with Conclusion and future work in chapter 7. 
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2 ROOM IMPULSE RESPONSE 
 

This chapter deals with the origin, cause and effects of reverberation. The concepts 

of reverberation, room reverberation and Room Impulse Response (RIR), following 

the reduction of reverberation are also explained.  

2.1 Reverberation:  
      

Typical speech communication systems are hands-free (mobile) telephones, voice-

controlled systems, and hearing aids. The main user benefit of hands-free telephones 

is that they enable the user to walk around freely without wearing a headset or a 

microphone, and thereby providing a natural way of communication. Voice-

controlled systems are, for instance, used in an operating room where they allow 

surgeons and nurses to freely move around the patient. Obviously, the main benefit 

of hearing aid applications is to increase the hearing capacity, enabling a hearing-aid 

user to interact better with other people. In all the above instances, the desired 

acoustical source can be positioned at a considerable distance from the microphone 

(shown in Figure.2.1). As illustrated in Figure.2.1, the desired source produces sound 

waves. Some of these wave travel directly to the microphone. The arising direct 

signal can be degraded by reverberation, background noise, and other interferences 

[14]. 

 

 

Figure 2.1: Illustration of a desired source, a microphone, and interfering sources. 
  

  To counteract the degradations caused by reverberation, background noise and other 

interferences, high-performance acoustic signal processing techniques are required. 
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In the context of this work reverberation is the process of multi-path propagation of 

an acoustic sound from its source to one or more microphones. Room reverberation 

degrades the quality of speech and the automatic speech recognition performance 

[14][15]. A microphone transforms the sound to an electrical signal which is known 

as transducer. A block diagram which describes an application of acoustic signal 

processing is illustrated in Figure.2.1.1. Here the sound that is produced by the 

desired source, designated as the desired signal or the anechoic signal, is 

„transmitted‟ over the acoustic channels, and in combination with the interfering 

signals it results in the received microphone signals. The thick lines in Figure.2.1.1 

denote one or more signals, whereas the thin lines denote one signal. The interfering 

signals can either describe interfering sounds or electrical interferences, such as 

sensor noise. The received microphone signals are then processed using the acoustic 

signal processor to estimate the desired signal [14]. 

 

 

Figure 2.1.1: Application of acoustic signal processing concerned with the estimation of a desired 

signal [14]. 

 

      A major confrontation in acoustic signal processing originates from the 

degradation of the desired signal by the acoustic channel within an enclosed space, 

e.g., an office room or living room. Because the microphone cannot always be 

located near the desired source, the received microphone signals are typically 

degraded by (i) reverberation introduced by the multi-path propagation of the desired 

sound to the microphones and (ii) noise introduced by interfering sources introduced 

between desired sources to microphone[14][16]. 
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   In reverberation, the degrading component is dependent on the desired signal, 

while noise is independent of the desired signal. Reverberant speech can be described 

as sounding distant with noticeable coloration and echo. These detrimental 

perceptual effects generally increase with increasing distance between the source and 

the microphone. The spread in the time of arrival of reflections at the microphone, 

reverberation causes blurring of speech phonemes. These detrimental effects 

seriously degrade the intelligibility, the performance of voice-controlled systems, and 

the performance of speech coding algorithms that are used in telephone systems [14]. 

It is essential to minimize these detrimental effects for a considerable practical 

importance. This thesis basically focuses on providing a considerable speech quality 

by reducing/removing the reverberations in the speech signal. The algorithms that 

reduce these detrimental effects are called speech Dereverberation algorithms 

[14][16]. 

2.2  Reverberation in enclosed places 
      

  Reverberation is described by the concept of reflections. The desired source 

produces wave fronts, which propagate outward from the source. The wave fronts 

reflect off the walls of the room and superimpose at the microphone. In Figure. 2.2 

This is illustrated with an example of a direct path and a single reflection. Due to 

differences in the lengths of the propagation paths to the microphone and in the 

amount of sound energy absorbed by the walls, each wave front arrives at the 

microphone with a different amplitude and phase. 

   

The term reverberation entitles the presence of delayed and attenuated copies of the 

source signal in the received signal. Reverberation is the process of multi-path 

propagation of an acoustic signal from its source to the microphone. The received 

signal generally consists of direct sound, reverberation and reflections that arrive 

after the early reverberation called late reverberation. The combination of the direct 

sound and early reverberation is sometimes referred to as the early sound component 

[14]. 
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Figure 2.2: Illustration of the direct path and a single reflection from the desired source to the 
microphone [14]. 

 

a) Direct Sound: The first sound that is received through free-field, i.e., without 

reflection, is the direct sound. In case the source is not in line of sight of the 

observer there is no direct sound. The delay between the initial excitation of the 

source and its observation is dependent on the distance and the velocity of the 

sound. 

b) Early Reverberation: The sounds which have undergone reflection to one or 

more surfaces such as walls, floors, furniture are received after a short time. The 

reflected sounds are separated in both time and direct ion from the direct sound. 

These reflected sounds combine to form a sound component called as early 

reverberation. Early reverberation provides the details about the size and position 

of the source in space as it varies when the source or microphone moves in the 

space. As long as the delay of reflections doesn‟t exceed the limit 80-100 ms 

approximately with respect to the arrival time of the direct sound, early 

reverberation is not perceived as separate sound. It is reinforced with respect to 

the speech intelligibility and also to enhance the direct sound known as 

precedence effect. This effect makes the conversations easier in small-room 

acoustics as the walls, ceiling and floor are very close. This reverberation also 

causes spectral distortion known as coloration [11].  
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c) Late Reverberation: Late reverberation results from reflections which arrive 

with larger delays after the arrival of the direct sound. They are perceived either 

as separate echoes, or as reverberation, and impair speech intelligibility.  

          The acoustic channel between a source and a microphone can be described by 

an Acoustic Impulse Response (AIR). This is the signal that is measured at the 

microphone in response to a source that produces a „sound impulse‟. The AIR can be 

divided into three segments, the direct path, early reflections, and late reflections, as 

shown in figure2.2.1. The convolution of these segments with the desired signal 

results in direct sound, early reverberation and late reverberation respectively. In 

signal processing perception, early reflections materialize as separate delayed 

impulse in RIR whereas late reflections materialize continuously without any 

separation with the delayed impulses [14]. 

Figure 2.2.1: A schematic representation of an acoustic impulse response [14]. 

2.3  Image Source Model: 
           

 In my thesis, Image Source Model(ISM) is used for generating Room Impulse 

Response (RIR).Image source method became a pre dominant tool in most of the 

research fields of speech processing. Due its flexibility results, it is widely 

implemented in acoustic and signal processing. ISM is implemented to generate 

impulse responses for a virtual source in a room. One of the most important part of 

implementation in ISM is, performance assistant of various signal processing 

algorithms in reverberation environment. For example ISM is implemented to 

validate the blind source separation, channel identification, equalization, acoustic 
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source localization and many others. In such cases ISM is used to test the specific 

algorithm in order to decide its endurance in different environmental reverberation. 

Image source model calculates the room impulse response of multiple reflections                                                               

from a single source in a room by transferring them into direct paths from 

multiple virtual sources. The virtual sources are the mirror images of the original 

source in the room. The figure shown below is a two dimensional structure of an 

original source and their mirror images of it. Although mirroring is performed in 

three dimensional structural but for illustration purpose two dimensional 

structural is shown Figure 2.3[26]. 

 

 

Figure. 2.3. Mapping of different virtual sources with mirror method. 

 

In the above figure (2.3) original room is the one in which black star and green 

circle is marked and all black circles are the virtual sources in mirror images of the 

original room. Black cricle with M is mic position, A circle with S is source and 

circles w h ic h  co ns is t  o n do t ed  l ine s  are virtual sources. For simple 

illustrate the direct path and reverberated path here simple figure (2.3.a) 
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Figure. 2.3.a. Path involving two reflections with two virtual source 

 

In the figure 2.3.a path between the source and mic without any deflection. Black 

path indicates the original sound waves and the blue path indicates the reverberation 

of the sound wave. 

2.3.1  Discrete time domain room impulse response 
      

 Representation of time domain in room impulse response is given by the equation 

below  

                                                     h[t] =  𝛼𝑖 ,𝑗 ,𝑘𝛽𝑖 ,𝑗 ,𝑘𝛾𝑖 ,𝑗 ,𝑘
𝑛
𝑖 ,𝑗 ,𝑘=−𝑛                                 (2.3.1.1)  

 

From the equation above we have α is the reflection coefficient, β is the propagation 

attenuation and γ is the unit impulse response function. α and β have the capacity to 

alter the magnitude of the each impulse of the room impulses response[26]. 

 

Locating of virtual sources: 

                 ISM is a well established model for simulating RIR in a given room. Here 

Cartesian coordinates system(x, y, z) are assumed for a enclosed room.i,j, and k are 

the reflection indexes. The locating of the virtual source is formulated with respect 

to one of the coordinates of the room is  

 

                                                     𝑥𝑖 = (−1)𝑖𝑥𝑠 +   𝑖 +  
1− −1 𝑖

2
  𝑥𝑟                          (2.3.1.2) 

 

Where 𝑥𝑖  is x coordinate of the virtual source, 𝑥𝑠 is the x coordinate of the sound 

source and 𝑥𝑟   is the length of the room in X dimension.Similarly we can calculate 

for y and z coordinates of the virtual source. Reflection indices i,j and k are along 
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the spatial axes of the room.As a part these indices can be positive or negative,if the 

indices i,j and k equals to [0,0,0] then the virtual source is original sound source. 

Virtual source with reflection indices i,j and k is shown in the equation[26]. 

 

                                                        𝑉𝑖,𝑗 ,𝑘 =  (𝑥, 𝑦, 𝑧)𝑖,𝑗 ,𝑘                                              (2.3.1.3)  

 

Unit impulse response and propagation delay: 

      The direct path propagation vector between the virtual source and microphone is 

expressed in equation  

 

                                                   𝑑𝑖 ,𝑗 ,𝑘 =  𝑥𝑚 , 𝑦𝑚 , 𝑧𝑚  − 𝑉𝑖 ,𝑗 ,𝑘                                     (2.3.1.4) 

 

(xm, ym, zm) Is the microphone coordinate and 𝑉𝑖 ,𝑗 ,𝑘   is virtual source location. Before 

generating unit impulse function there has a principle importance for finding out the 

time delay for each reverberation commence the time delay with respect to a 

function for generating unit impulse response. This time delay is also called as 

propagation delay  

 

                                                            𝛿𝑖,𝑗 ,𝑘 𝑡 =  𝑡 −  
𝑑𝑖 ,𝑗 ,𝑘  

𝑐
                                         (2.3.1.5) 

  

In the above equation t is the time 𝑑𝑖 ,𝑗 ,𝑘   is the propagation distance and c is the 

speed of the sound 
𝑑𝑖 ,𝑗 ,𝑘  

𝑐
  is the effective time delay for each reverberation. Now it is 

time to generate the unit impulse response function. It is formulated  

 

                                         𝛾𝑖 ,𝑗 ,𝑘   𝛿𝑖,𝑗 ,𝑘   t  =  
1 𝑖𝑓 𝛿𝑖,𝑗 ,𝑘   t =  0;

0  otherwise;
                               (2.3.1.6) 

 

Thiran all the pass filter: 

        In the simulation environments generation of fraction values is not as easy as in 

the case of theoretical expressions. In generating impulse response for each 

reverberation, time delay plays an important role. This time delay may be round off 

value or fraction value. For obtaining fractional time delays, thiran all pass filter is 

implemented.Thiran is popular because of it flat magnitude response and more 

concentration on the phase response. Transfer function for discrete time all pass 
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filter is formulated. 

 

                                                       𝐻 𝑍 =  
𝑧−𝑁𝐷 𝑧−1 

𝐷 𝑍 
                                                 (2.3.1.7) 

 

Where N is the order of the filter and D(Z) = 1+a1Z
-1

+a2Z
-2

+.....+aNZ
-N

 is the 

denominator polynomials with real value coefficient ak and the numerator 

polynomials are the  reverse version of the denominator ones.Thiran formula for all 

pass filters is 

 

                                         𝑎𝑘 =  −1 𝑘   𝑁
𝑘

  𝑑+𝑛

𝑑+𝑘+𝑛

𝑁
𝑛=0                                             (2.3.1.8) 

 

d is the delay parameter , k=1,2,3 ,4.......N, ak will generate the coefficients for the 

discrete time all pass filter[26]. 

 

Propagation attenuation: 

                Propagation is one of the factors that reduce the magnitude of the 

reverberations. Not all the reverberations have same magnitude will depend on a 

factor called as propagated attenuation. Propagation attenuation is expressed in 

equation. 

                                                          𝛽𝑖,𝑗 ,𝑘   ∝  
1

  𝑑𝑖,𝑗 ,𝑘
 
                                                  (2.3.1.9) 

 

Reflection Coefficient: 

              Reflection coefficient is another factor which will directly affect the 

magnitude of the reverberations. Sound wave experiences partial transmission when 

it hit to walls of a room. Reflection coefficient is the amount of sound wave reflects 

when it hits a surface (walls, objects in the room). In the thesis concern coefficient is 

not the ratio between reflection and transmission sound wave, here coefficient 

means amount of sound wave reflection after sound wave absorb by the surface. The 

most important factor in the ISM is found out the total number of the reflections that 

engage in the room. Indexing schema |i| , |j| and |k| are important for finding out the 

total number of reflections. Let‟s take wall reflection coefficient as α and raise 

exponent n where n=|i|+|j|+|k| will give the total reflection of the sound wave is 

given in equation. 
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                                                  α𝑖 ,𝑗 ,𝑘 =  α 𝑖 + 𝑗  +|𝑘|                                                   (2.3.1.10) 

 

Here α < 1, reflection never greater than 1. If each wall has different reflection 

coefficient then it will lead to some more complex equation. If  𝛼𝑥=0  is the 

reflection coefficient of the wall perpendicular to the x-axis near the orgin and 

𝛼𝑥=𝑥𝑟    is reflection of the wall opposite that, then the combined reflection 

coefficient by the ith virtual source is below 

 

                                         𝛼𝑥𝑖 =  𝛼𝑥=0

 1

2
𝑖−

1

4
+

1

4
(−1)𝑖 

𝛼𝑥=𝑥𝑟

 1

2
𝑖+

1

4
−

1

4
(−1)𝑖  

                                    (2.3.1.11) 

   

Similarly we can calculate the  𝛼𝑦𝑗  and 𝛼𝑧𝑘  with the indices j, k in order to generate 

the total reflection coefficient in equation. 

 

                                          𝛼𝑖 ,𝑗 ,𝑘   =  𝛼𝑥𝑖 . 𝛼𝑦𝑗 . 𝛼𝑧𝑘                                                       (2.3.1.12) 

 

The propagation attenuation and the reflection coefficient are directly propositional 

to the total number of reflection. As the total number of reflection increases then the 

both attenuation factors increases but this should be limited with the index schema 

to below reference order i.e[26]. 

 

                                                    |i|+|j|+|k|< Nref                                                         (2.3.1.13) 
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3 ADAPTIVE ALGORITHMS 
 

 

This chapter deals with the adaptive algorithms which are used for Dereverberation. 

The concept of Adaptive channel equalization and different algorithms used in it are 

explained in detail.  

 

3.1 Adaptive Channel Equalization 
 

       Adaptive channel equalization means an inverse filter is implemented to 

counteract the aberration that is caused by communication channel. Because the 

channel which impacted by temperature, climate and other environmental factors 

varies, adaptive technique is needed to track its variety. 

 

Because channel characteristic varies slowly, adaptive inverse filter (as shown in 

figure 1) is needed to equalize the channel and restore digital signal distorted by the 

channel in digital communication technology [3]. 

 
Figure 3.1 General adaptive channel equalization. 

 

3.2 Least Mean Square (LMS) Algorithm: 
 

                Since 1960 when Windrow and Hoff LMS algorithm, it has been applied 

increasingly broadly in the modern communication [5]. The  least mean  square 

(LMS)  algorithm has been  widely  used  in  adaptive filtering because  of  its 

stability  and simplicity of  implementation. Since its convergence rate is slow and 

the performance varies depending on the statistical characteristics of an   input signal 

[4].  

The update equation for the Least Mean Square (LMS) algorithm is given by 

                                            𝑤 𝑛 + 1 = 𝑤 𝑛 +  𝜇 𝑒 𝑛 𝑥 𝑛                                          (3.2.1) 

 

         Where 𝒆 𝒏 𝒙(𝒏) is the estimate of the gradient of 𝝃(𝒏) and 𝝁 is known as step size 
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and calculated as 

 

                                                 𝟎 < 𝜇 <
𝟐

 𝒑+𝟏 𝑬𝒙𝒑𝒆𝒄𝒕𝒂𝒕𝒊𝒐𝒏 𝒆(𝒏) 𝟐
                                        (3.2.2) 

 

         Where, p is the length of the filter and E|X (n) |² is power in the signal x(n).Choosing 

appropriate length of the filter is very important in designing of inverse filter. As a 

thumb rule, a designer has to choose filter length in such way that the MSE should be 

minimized. 

        LMS has been used widely due to the advantages of easy implementation and 

low computation complexity. However, LMS algorithm has the disadvantage of low 

convergence rate which is a drawback to the real-time requirement of modern 

communication. Therefore, it is necessary to do researches on fast-convergence 

adaptive algorithms [5]. 

 

      Figure.3.2 General Structure of LMS 

 

3.3 Normalized LMS Algorithm: 

  

                The  normalized least-mean-square (NLMS) algorithm, which is also known as 

the projection algorithm, is a useful method for adapting the coefficients of a finite-

impulse-response (FIR) filter for  a  number of  signal processing and control 

applications [7]. 
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 When the input signal is stationary, the step sizes of a filter are time-variable only 

on the early stages of adaptive process. In general, when the signal is non stationary, 

then a larger μ is used and when the signal is stationary and convergence rate is not 

important, a smaller μ is used. 

     The update equation for the Normalized LMS (NLMS) algorithm is 

 

                                    𝑤 𝑛 + 1 =  𝑤 𝑛 + 𝛽
𝑥 𝑛 

 𝑥 𝑛  2 𝑒 𝑛                                              (3.3.1) 

 

 𝑿(𝒏) 𝟐 Gives normalization to alter the magnitude of gradient vector but not the 

direction. Where, 𝜷 is the normalized step size which should be in the bound𝟎 <

𝛽 < 2, and plays very important role in convergence of the algorithm. 

 

     The NLMS algorithm has two distinct advantages over the least-mean-square 

(LMS) algorithm: 1) potentially-faster convergence speeds for  both  correlated and 

whitened  input data and 2) stable behavior  for  a  known range  of parameter values 

(0 < 𝜷 < 2)  independent of  the input data correlation statistics. The NLMS 

algorithm requires a minimum of one additional multiply, divide, and addition over 

the LMS algorithm to implement for shift-input data.  Even so, the multiplies 

required for the algorithm update may still be prohibitive in certain high-data rate 

applications. In these situations, it is useful to determine modified versions of the 

NLMS algorithm that retain the fast convergence properties of the algorithm while 

reducing the amount of computation per iteration [7]. 

 
Figure.3.3. General Structure of NLMS 
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3.4 RLS Algorithm: 
 

The RLS adaptive filtering algorithm can be considered as a special case of the 

Kalman filter with a constant multiple of the identity matrix as its state transition 

matrix and a zero vector as its state process noise. Therefore, the RLS algorithm is an 

optimal estimator for linear time-invariant systems. It is also able to track slow 

variations in the target system by exerting exponential weighting and a forgetting 

factor to limit the size of the input data window [8]. 

 

  The RLS algorithm utilizes least squares approach, it minimizes least square 

error. Strictly speaking it minimizes error between least squares and mean squares. 

RLS minimizes weighted least square error at time „n‟ given by the equation 

 

                                                        휀 𝑛 =   𝜆𝑛−𝑖𝑛
𝑖=0  𝑒(𝑖) 2                                         (3.4.1) 

     

       Least squares approach does not require statistical information about the data but 

can be evaluated from x(n) or d(n) directly. As RLS algorithm uses information from 

all past input samples therefore it estimate the inverse of input signal x(n) 

autocorrelation matrix recursively, that is it solves Wiener Hopf equation for every 

iteration.         

                                       

    However, for fast varying systems, either a very small forgetting factor is required 

that can lead to instability and high sensitivity to measurement noise or the algorithm 

loses track of the system changes. Several methods to tackle this innate problem of 

the conventional RLS algorithm have been proposed, e.g. the variable-forgetting-

factor, self-perturbing and extended RLS algorithms. Some other approaches assume 

an autoregressive (AR) or a polynomial process model for the time-varying target 

system. Although all these algorithms offer enhancements to some extent and exhibit 

performance improvement compared to the conventional RLS algorithm in certain 

applications, most of them have fundamental limitations and drawbacks such as high 

complexity, requirement of prior knowledge about rate of the variations and/or 

background noise power and being only suited to track jumped changes in the target 

system [8]. 
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Parameters that are used in RLS are λ, which is nothing but Exponential weighting 

factor and 𝛿 is a vlue used to intialize P(0).Intitallize W0=0  and P(0)= 𝛿-1
I.One final 

simplification may be realized to evaluate the gain vector g(n) and the inverse 

autocorrelation matrix P(n),it is necessary to compute the product. 

                                    𝑍 𝑛 = 𝑃 𝑛 − 1 𝑋∗(𝑛)                                                                (3.4.2) 

 

                                  𝑔 𝑛 =
1

𝜆+𝑋𝑇 𝑛 𝑍 𝑛 
𝑍(𝑛)                                                                (3.4.3) 

 

                                  𝛼 𝑛 = 𝑑 𝑛 − 𝑊𝑛−1
𝑇 𝑋(𝑛)                                                            (3.4.4) 

 

                                    𝑊𝑛 = 𝑊𝑛−1 + 𝛼 𝑛 𝑔(𝑛)                                                             (3.4.5) 

 

Therefore we may evaluate this filtered information vector and then use it in the 

calculation of both g(n) and  P(n).Equation with updating vector Wn is known as 

Exponentially weighted Recursive Least Square Algorithm. Since RLS algorithm 

involves the recursive updating of the vector Wn and the inverse autocorrelation 

matrix P(n),initial conditions for both of these terms were required[25]. 

 
Figure.3.4. General Structure of RLS 

 

3.5 Affine Projection Algorithm: 
 

      The APA is a generalization of the NLMS method for adaptation of adaptive 

filter weights. In NLMS, given the present weight vector  wn (of length M), the 

reference input vector Xn=[Xn,Xn-1,..,Xn-M+1]
T
 and the present value of the desired 
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Signal d(n) is the desired signal, a new coefficient set  wn+1 is calculated to minimize 

||wn+1 – wn|| subject to the condition 

 

                                                                           𝑤𝑛+1
𝐻 𝑋𝑛  = 𝑑(𝑛)                         

                                               (3.5.1) 

 

In NLMS, the new adaptive filter weights have to best fit the last input vector to the 

corresponding desired signal. In APA, this fitting expands to P-1 past input vectors 

[4]. i.e., 

                                                   𝑤𝑛
𝐻𝑋𝑛−𝑖   = 𝑑𝑛−𝑖            i=0, 1,…., p-1                           (3.5.2) 

Given the output signal vector yn =[ yn, yn-1,….. yn-p+1]
T
 and error signal vector 

en=[en,en-1,…en-P+1]
T
 , the adaptation algorithm for p

th
 order,APA(P), can be 

summarized as   

                                                              𝑒𝑛 = 𝑦𝑛 −  𝑋𝑛
𝑇𝑤𝑛                                                 (3.5.3) 

                                         

                                                             𝐶𝑛 = [𝑋𝑛
𝐻𝑋𝑛 + 𝛿𝐼]                                               (3.5.4) 

 

                                                         𝑤𝑛+1 =  𝑤𝑛 + 𝜇𝑋𝑛𝐶𝑛
−1𝑒𝑛                                         (3.5.5) 

  

Where 𝜇 is the adaptation step size limited to 0< 𝜇<2.The input signal matrix 𝑋𝑛  is 

an M by P matrix and has the structure [23]. 

                                                         𝑋𝑛 = [𝑋𝑛 , 𝑋𝑛−1, … , 𝑋𝑛− 𝑝−1 ]               (3.5.6) 

 
       Figure.3.5 General Structure of APA 
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4 Blind Deconvolution  
 

This chapter deals with CMA which is being used in Blind Deconvolution of 

Dereverberation. The concept of Blind Deconvolution and CMA algorithm are 

explained in detail. 

4.1 Reverberation cancellation 

 

The Dereverberation problem can be viewed as the inverse filtering of the acoustic 

impulse response. In the usual formulation of the deconvolution problem, it is 

assumed that the system input s(t) and system output x(t) are both known. In the case 

of Dereverberation and many other physical cases the system input is unknown. It is 

in situations of this kind that we speak of Blind Deconvolution (see Fig. 4.1). 

 
Figure 4.1: Block diagram illustrating the background to the Blind Deconvolution problem [10]. 

 

There are two distinct techniques to this problem of Blind Deconvolution: 

 Estimate s(t) directly, or the parameters and excitation of an appropriate 

parametric model, as a missing data problem by treating the parameters of the 

system L(t) as nuisance parameters. 

 Model the linear system L (t), estimate the parameters of the system L (t) by 

treating s(t) as a nuisance parameter, and then deconvolve x(t) with L−1(t) to 

recover s(t).  

     These techniques are in general based on simplistic source signal models. Many 

Blind Deconvolution techniques assume the source signal is contained within a finite 

support and that its samples are Independent and Identically Distributed (IID). 

However, when the source signal is highly correlated, these techniques cannot be 

directly applied. Additionally, many techniques assume quasi-stationary of the 

system, and do not take global non-stationary into account. Utilizing the global non-
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stationary of the system allows the identification of system characteristics which may 

otherwise be unattainable. 

4.2 Blind Deconvolution: 
 

      Blind Deconvolution is an important task in signal processing for several 

applications. In broadcast communications, Blind Deconvolution can be used to 

remove intersymbol interference (ISI) without devoting channel capacity to 

embedded training sequence. In teleconferencing, Blind Deconvolution can be used 

to remove reverberation effects from speech signals for which no training signals are 

available [24].  

 

      In Blind Deconvolution, it is assumed that the observed discrete time signal x(k) 

is generated from an unknown source signal s(k) by convolution model. 

                                      𝑥 𝑘 =   𝑎𝑖𝑠(𝑘 − 𝑖)∞
𝑖=−∞                                                           (4.2.1) 

      Thus, delayed versions of the source signal are mixed together. The general Blind 

Deconvolution task in which, both the source signal s(n) and convolution coefficient 

𝑎𝑖  are filtered by an unknown transmission channel, which is denoted by  impulse 

response 𝑖 . The received signal or to find de-convolution filter y(k) is given by  

                                           𝑥 𝑘 =  𝑖𝑠 𝑘 − 𝑖 ∞
𝑖=−∞                                                      (4.2.2) 

      Bussgang family of blind decovolution algorithms includes Godard, Sato and 

Constant modulus algorithm (CMA). In particularly, CMA is known to be globally 

convergent to a valid equalizing solution for a doubly infinite equalizer filter.  

      It is well known that many Bussgang – type adaptive algorithms performs well 

when deconvolving communication signals. The ability of any Bussgang algorithm 

to perform deconvolution depends on the amplitude distribution of source sequence.  

4.3 Constant Modulus Algorithm (CMA): 
 

        Blind equalizers are used in modern digital communication systems to remove 

intersymbol interference introduced by dispersive channels. The Constant Modulus 

Algorithm (CMA) is the most popular for the adaptation of finite impulse response 

(FIR) equalizers due to its low computational complexity. Based on the link between 

blind and supervised equalization of CMA can be interpreted as the blind version of 

the Least-Mean-Square (LMS) algorithm [19]. 
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         Adaptive equalization techniques are of great importance in modern high-

efficiency communication systems. Conventionally, an adaptive equalizer is 

employed with the aid of a training sequence known to both the transmitting and 

receiving ends. This training session, however, can be rather costly or even 

unrealistic in certain applications such as asynchronous wireless network. To 

improve the overall throughput of a transmission system, the use of a training period 

is avoided by performing blind equalization on the receiver side. Among all 

algorithms for blind equalization, the constant modulus algorithm (CMA) plays a 

vital role. One of the most important features of CMA is that it can equalize constant 

modulus as well as non-constant modulus (like QAM) signals [18][20]. 

 

         Constant Modulus Algorithm (CMA) is a special case of Godard algorithm and 

belongs to the Buss gang family of algorithms, which uses a memory less non 

linearity function in the output of the equalizer in order to obtain the desired 

response. Godard algorithm is a steepest descent algorithm and for the cases that no 

training period is present, it is applied. Godard‟s approach is introduced to separate 

between the equalizing process and carrier recovery in the baseband, so the cost 

function for the equalization process which does not depend on the carrier phase can 

be formulated by: 

 

                                        𝐽 𝑘 = 𝐸   𝑦𝐾 2 −  𝑅𝑃 2                                                          (4.3.1) 

 

Where 𝑦𝐾  is the filter output and 𝑅𝑃  is a positive real constant. This cost function‟s 

optimization results in the filter coefficients update which equalize only the symbol 

amplitude, without depending on the carrier phase, and also it is differentiated to the 

derivative at which an LMS type algorithm is obtained. The resulting update 

equation for the equalizer coefficients is as below 

 

         𝑤𝑖 𝑘 + 1 =  𝑤𝑖 𝑘 +  𝜇𝑥 𝑘 − 𝑖 𝑦𝐾 𝑦𝐾 𝑝−2 𝑅𝑃  −   𝑦𝐾 𝑝                                   (4.3.2) 

 

Where 𝜇 is a suitable step-size, 𝑤𝑖 𝑘  is the ith tap of the filter at time k, 𝑥 𝑘 − 𝑖  is 

the input at time 𝑘 − 𝑖 , p is a positive integer. The 𝑅𝑃  can be obtained from:   

                                                               𝑅𝑃 =  
𝐸( 𝐼𝑘  2𝑝)

𝐸( 𝐼𝑘  𝑝)
                                                     (4.3.3) 
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Where 𝐼𝑘  is the decision output from the decision device. The algorithm must stop 

adaptation when perfect equalization is achieved, so the constant𝑅𝑃‟s value results in 

the gradient of the cost function to be equal to zero, when𝑦𝑘 = 𝐼𝑘 . So, the error term 

for the algorithm is: 

 

                                                         𝑒 𝑘 =  𝑦𝐾 𝑦𝐾 𝑝−2 𝑅𝑃  −   𝑦𝐾 𝑝                            (4.3.4) 

With this error term, the algorithm uses the LMS algorithm to update the 

coefficients. Since the algorithm does not need carrier recovery, the algorithm has 

low convergence rate. The benefit is the separation of equalization and carrier 

recovery. Carrier recovery can be done with a decision directed LMS algorithm. In 

the case which 𝑝 − 2 , the algorithm gets a simple view. 

 

                                        𝑤𝑖 𝑘 + 1 =  𝑤𝑖 𝑘 +  𝜇𝑥 𝑘 − 𝑖 𝑦𝐾 𝑅𝑃  −   𝑦𝐾 2                (4.3.5) 

 

 

The value of 𝑅𝑃  this time is as below: 

                                                                                       𝑅𝑃 =  
𝐸( 𝐼𝑘  4)

𝐸( 𝐼𝑘  2)
                             (4.3.6) 

 

For the case of p=2, the algorithm is called constant modulus algorithm (CMA). 

Along the Buss gang algorithms, the CMA algorithm is the most successful blind 

equalization algorithm, with respect to MSE; the CMA algorithm has better 

performance than other Buss gang algorithms and also proves that CMA algorithm is 

convergent [20] 

 

Figure.4.3. General Structure of CMA 
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4.3.1  Properties of Constant Modulus: 
 

 Many communication signals such as FM, PM, PSK, FSK, etc. have the 

constant modulus (CM) property [20]. 

 If these are corrupted by noise/interference, the CM property is lost [20]. 

 We find a filter w to restore this property, without knowing the sources. It 

is obtained by the constant modulus algorithm (CMA) [20]. 

4.3.2 Advantages of CMA: 
 

 The algorithm is extremely simple to implement 

 Adaptive tracking of sources 

 Converges to minima close to the Wiener beam formers (for each source) 

4.3.3 Disadvantages of CMA: 
 Noisy and slow 

 Step size µ should be small, else instable 

 Only one source is recovered 
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5 DESIGN AND IMPLEMENTATION 
 

5.1 Microphone Setup 
 

               In my thesis, a single microphone is used to do de-reverberation for a 

speech signal. Here the speech signal is sampled at 16 KHz and for testing the 

algorithms I have taken 2 different setups: 

(a) Setup-1: The speech source position is Src= [1.5, 1.5 1]; Microphone position is    

Mic=[1 1 1]; and Room Size is Rm=[2 2 2]; 

(b) Setup-2: The speech source position is Src= [2, 2 1.5]; Microphone position is    

Mic=[1.5 1.5 1.5]; and Room Size is Rm=[3 3 3]; 

         So for every setup the microphone position is taken as centre of the room size, 

the distance between the microphone to the speech source is 0.5m and the speech 

source position is fixed at an angle of 45 degrees from the microphone. Figure 5.1.1 

shows the setup-1 scenario in 2D coordinates and figure 5.1.2 shows the setup-2 

scenario in 2D coordinates. 

 

     Figure 5.1.1 shows the setup-1 in 2D                          Figure 5.1.2 shows the setup-2 in 2D 
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5.2 Thiran Fractional Delay Filter: 
 

In my thesis, the amounts of signal delayed in reaching to the microphone are 

performed by using Thiran FD filter. To test the Thiran FD filter, a white Gaussian 

noise signal is given as input and its position is at Src= [1.5,1.5,1] and microphone 

position is at Mic=[1 1 1], then the signal gets a time delay in samples of D=34.92 

samples in reaching to the microphone. The delay D contains both integer and 

fractional parts, and the Thiran FD filter is constructed for this delay and then 

convoluted with the signal to get the delayed signal as shown in figure 5.2.1. 

    Figure 5.2.1 Showing the Original Input signal and Delayed version of it using Thiran FD filter 

5.3 Room Impulse Response: 
 

                In my thesis, RIR setup is used to perform a real implementation scenario. 

This setup filters the signals using room impulse response filter and the resulted 

signal consists of direct path signal and also reverberated signals, which usually we 

will see in real implementation scenario. The parameters which plays key role in 

modeling a RIR are Number of virtual sources N, reflection coefficient of the wall R, 
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size of the room Rm and position of microphone in the room Mic. Here I 

implemented six different room scenarios, (i) Setup-1: N=10, i.e, the model will 

count for (2*10+1)
3
 = 9261 virtual sources, R=0.95, Rm=[2 2 2] & Mic=[1 1 1], 

(ii) Setup-2: N=10, i.e, the model will count for 9261 virtual sources, R=0.5, Rm=[2 

2 2] & Mic=[1 1 1], (iii) Setup-3: N=10, i.e, the model will count for 9261 virtual 

sources, R=0.75, Rm=[2 2 2] & Mic=[1 1 1], (iv) Setup-4: N=10, i.e, the model will 

count for 9261 virtual sources, R=0.50, Rm=[3 3 3], & Mic=[1.5 1.5 1.5] (v) Setup-

5: N=10, i.e, the model will count for 9261 virtual sources, R=0.75, Rm=[3 3 3], & 

Mic=[1.5 1.5 1.5] (vi) Setup-6: N=10, i.e, the model will count for 9261 virtual 

sources, R=0.95, Rm=[3 3 3], & Mic=[1.5 1.5 1.5]. The figures 5.3.1 shows the RIR 

filter coefficients for setup-1, figure 5.3.2 shows the RIR filter coefficients for setup-

2 and figure 5.3.3 shows the RIR filter coefficients for setup-3. 

Figure 5.3.1 shows the RIR filter coefficients for setup-1 
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Figure 5.3.2 shows the RIR filter coefficients for Setup-2 
 

 

Figure 5.3.3 shows the RIR filter coefficients for Setup-3 
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5.4 LMS: 
 

                In my thesis, LMS is implemented for 5 different filter orders i.e. [20, 50, 

70, 90 and 100] and the step size 𝜇 is set to 0.09. Figure 5.4.1 shows the 

implementation of LMS for one Mic. S(n) is the speech source and the input to the 

Mic is x(n) which is the reverberated signal, d(n) is the delayed desired signal and 

output is y(n) is de-reverberated signal. 

      
Figure 5.4.1 shows the implementation of LMS for one Mic 

5.5 NLMS: 
 

                In my thesis, NLMS is implemented for 5 different filter orders i.e. [20, 50, 

70, 90 and 100] and the step size 𝛽 is set to 0.01. Figure 5.5.1 shows the 

implementation of NLMS for one Mic. S (n) is the speech source and the input to the 

Mic is x (n) which is the reverberated signal, d (n) is the delayed desired signal and 

output is y(n) is de-reverberated signal. 

Figure 5.5.1 shows the implementation of NLMS for one Mic  
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5.6 RLS: 
 

                In my thesis, RLS is implemented for 5 different filter orders i.e. [20, 50, 

70, 90 and 100] and the step size 𝛿 is set to 0.1 and 𝜆 is set to 0.1. Figure 5.6.1 shows 

the implementation of RLS for one Mic. S(n) is the speech source and the input to the 

Mic is x(n) which is the reverberated signal, d(n) is the delayed desired signal and 

output is y(n) is de-reverberated signal. 

         Figure 5.6.1 shows the implementation of RLS for one Mic  

5.7 APA: 
 

In my thesis, APA is implemented for 5 different filter orders i.e. [20, 50, 

70, 90 and 100] and the step size 𝜇 is set to 0.1. Figure 5.7.1 shows the 

implementation of APA for one Mic. S (n) is the speech source and the input to 

the Mic is x (n) which is the reverberated signal, d (n) is the delayed desired 

signal and output is y (n) is de-reverberated signal. 

         Figure 5.7.1 shows the implementation of APA for one Mic 
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5.8 CMA: 
 

In my thesis, CMA is implemented for 5 different filter orders i.e. [20, 50, 

70, 90, 100] and the step size 𝜇 is set to 0.01 and R2=2. Figure 5.8.1 shows the 

implementation of CMA for one Mic. S (n) is the speech source and the input to 

the Mic is x (n) which is the reverberated signal and output is y (n) is de-

reverberated signal. Since CMA is a blind de-convolution method, d (n) desired 

signal is not required. 

 
 

          Figure 5.8.1 shows the implementation of CMA for one Mic 

 

5.9 Measurement of Reverberation Suppression (De-

Reverberation) 
 

5.9.1 Reverberation Index (RR): 
 

         This reverberation is an index which can estimate the amount of 

reverberation present in the signal. Figure 5.9.1 shows the impulse response 

diagram, from that it is clear that maximum power accumulated in the early 

reverberation. So this power estimation helps us to find the amount of 

reverberation. So the reverberation index can be formulated as  
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             𝑅𝑅 = 10 𝑙𝑜𝑔10 
(𝐿𝑎𝑡𝑒  𝑅𝑒𝑓𝑙𝑒𝑐𝑡𝑖𝑜𝑛𝑠 )2

(𝐸𝑎𝑟𝑙𝑦  𝑅𝑒𝑓𝑙𝑒𝑐𝑡𝑖𝑜𝑛𝑠 )2                                                 (5.9.1.1) 

 

 

               𝑅𝑅𝑖𝑚𝑝  = 𝑅𝑅𝑜𝑢𝑡  - 𝑅𝑅𝑖𝑛                                                                 (5.9.1.2) 

 

       Input signal RR (RRin) and output signal RR (RRout) can be estimated using 

above formula. The RR improvement (RRimp) indicates the amount of reverberation 

suppression in the input signal. 

 

Figure 5.9.1 shows the Room Impulse Response coefficients 
 
 

 

 

5.9.2 Speech Distortion (SD): 
 

Speech Distortion (SD) is defined as the spectral deviation in the power of 

input clean speech signal and the power of processed speech signal at the 

output. SD is given by: 

                       𝑆𝐷 = 10 log 10    𝑃𝑠𝑥 𝜔 −  𝑃𝑠𝑦  𝜔  𝑑𝜔
𝜋

−𝜋
                       5.9.2.1 

 

Where 𝑃𝑠𝑥   is the power of clean speech at input and 𝑃𝑠𝑦  is the power of the 

processed speech signal at output. 
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6 RESULTS 
 

6.1 Test Signal: 
 

                 In my thesis, a reference speech signal ‘Speech_all.wav’ with sampling 

frequency of 16 KHz with a duration of 11 seconds and contains 182824 samples of 

data is used to test the methods with different Room environments. This speech 

signal is recorded following ITU standards and has both male and female voices so 

as to incorporate for testing on both the genders. It is as shown in figure 6.1 and the 

durations are shown in Table 6.1. 

 

 

Figure 6.1 Shows the Test speech signal Speech_all 

 

Table 6.1: Shows the Description and Duration in seconds of Speech_all speech signal 
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6.2 Evaluation of LMS, RLS, NLMS, APA and CMA 

methods using 6 different setups 
       In this evaluation scenario, all the methods are implemented for 5 different filter 

orders i.e. [20, 50, 70, 90 and 100] for all the 6 setups. 

6.2.1 Setup-1 
           

                In this setup, the speech source position is Src= [1.5, 1.5 1]; Microphone 

position is   Mic=[1 1 1]; Room Size is Rm=[2 2 2]; N=10, i.e, the model will count 

for (2*10+1)3 = 9261 virtual sources & R=0.95. Figure 6.2.1 shows the RRimp of 

LMS, NLMS, APA, RLS and CMA, where X-axis is filter order and Y-axis is RRimp. 

 

Figure 6.2.1 Shows the RRimp of LMS, NLMS, APA, RLS and CMA for SET-UP 1 

     

 From the figure 6.2.1 it is clear that all the methods showing more than 18 dB 

improvement and NLMS works better than LMS; NLMS, APA, RLS are 

approximately same and CMA works as same as LMS. 

20 50 70 90 100

LMS 22.8483 21.6919 20.8871 19.3327 18.6633

NLMS 24.8276 23.5573 23.8548 24.1224 24.2534

APA 24.6108 24.3867 23.9176 21.5355 23.6627

RLS 22.3779 20.4932 20.4766 21.8508 22.4665

CMA 22.2182 20.0486 18.852 18.777 18.0941
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Order  20 50 70 90 100 

LMS 
-35.0083 -34.463 -33.6952 -33.0933 -32.8634 

NLMS 
-28.2041 -28.411 -28.5676 -29.7243 -34.2779 

RLS 
-31.1559 -31.1006 -32.4336 -35.8105 -35.9734 

APA 
-27.148 -28.2107 -31.093 -35.1067 -35.4548 

CMA 
-30.5887 -30.3017 -30.2526 -30.2252 -30.2159 

Table 6.2.1 shows the SD values for Setup-1 

 

   By varying sub band orders, the SD values for all the algorithms under Setup-1 

conditions are shown in Table 6.2.1 
 

6.2.2 Setup-2 
           

                In this setup, the speech source position is Src= [1.5, 1.5 1]; Microphone 

position is   Mic=[1 1 1]; Room Size is Rm=[2 2 2]; N=10, i.e, the model will count 

for (2*10+1)3 = 9261 virtual sources & R=0.5. Figure 6.2.2 shows the RRimp of 

LMS, NLMS, APA, RLS and CMA, where X-axis is filter order and Y-axis is RRimp. 

 

Figure 6.2.2 Shows the RRimp of LMS, NLMS, APA, RLS and CMA for SET-UP 2   

20 50 70 90 100

LMS 14.8804 13.2428 13.4698 13.4563 13.5282

NLMS 16.2291 16.676 16.7579 16.8016 16.9437

APA 17.1469 17.0463 15.8833 16.3523 16.6908

RLS 17.7737 16.941 16.0624 16.2307 16.7179

CMA 17.973 16.8791 16.4847 16.3219 16.0341
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From the figure 6.2.2 it is clear that all the methods showing more than 13 dB 

improvement and NLMS works better than LMS; NLMS, APA, RLS and CMA are 

approximately same. RRimp is decreased when compared to setup-1 because in this 

setup R is 0.5 and so that we have less reverberation in input as compared to setup-1. 

 

Order  20 50 70 90 100 

LMS -35.5428 -32.9015 -32.1904 -31.7056 -31.5168 

NLMS -28.7433 -29.1724 -31.0338 -32.7161 -35.1572 

RLS -30.4973 -31.5841 -32.641 -35.0199 -35.0295 

APA -27.2428 -27.7273 -31.0321 -35.2635 -35.9413 

CMA -35.8012 -35.4633 -35.1749 -34.716 -34.5702 
Table 6.2.2. Shows the SD values for Setup-2 

 

   By varying sub band orders, the SD values for all the algorithms under Setup-2 

conditions are shown in Table 6.2.2 
 

6.2.3  Setup-3 
           

                 In this setup, the speech source position is Src= [1.5, 1.5 1]; Microphone 

position is   Mic=[1 1 1]; Room Size is Rm=[2 2 2]; N=10, i.e, the model will count 

for (2*10+1)3 = 9261 virtual sources & R=0.75. Figure 6.2.3 shows the RRimp of 

LMS, NLMS, APA, RLS and CMA, where X-axis is filter order and Y-axis is RRimp. 

 

Figure 6.2.3 Shows the RRimp of LMS, NLMS, APA, RLS and CMA for SET-UP 3             

20 50 70 90 100

LMS 16.138 14.3065 14.5857 15.1104 15.0701

NLMS 17.6 18.218 18.491 18.7083 18.8362

APA 19.7326 19.4685 17.8292 17.6399 17.6206

RLS 18.6611 17.4019 17.1651 17.6875 17.7941

CMA 20.1492 18.7364 17.7655 17.235 17.0633

0

5

10

15

20

25

R
R

-I
M

P

SETUP-03



  41 

From the figure 6.2.3 it is clear that all the methods showing more than 15 dB 

improvement and NLMS works better than LMS; NLMS, APA, RLS and CMA are 

approximately same. RRimp is increased when compared to setup-2 because in this 

setup R is 0.75 and so that we have more reverberation in input as compared to setup-

2. 

Order  20 50 70 90 100 

LMS -35.1728 -34.4873 -33.643 -33.0096 -32.7694 

NLMS -29.1341 -29.3845 -30.0203 -31.2016 -34.8871 

RLS -31.2929 -30.4088 -32.1168 -34.2952 -35.8326 

APA -29.3625 -30.5115 -33.607 -35.2707 -35.9112 

CMA -31.2843 -30.9009 -30.836 -30.7999 -30.7877 
Table 6.2.3.Shows the SD value for Setup-3 

   

 By varying sub band orders, the SD values for all the algorithms under Setup-3 

conditions are shown in Table 6.2.3 
 

6.2.4 Setup-4 
           

                 In this setup, the speech source position is Src= [2, 2, 1.5]; Microphone 

position is     Mic=[1.5 1.5 1.5]; Room Size is Rm=[3 3 3]; N=10, i.e, the model will 

count for (2*10+1)3 = 9261 virtual sources & R=0.95. Figure 6.2.4 shows the RRimp 

of LMS, NLMS, APA, RLS and CMA, where X-axis is filter order and Y-axis is 

RRimp. 

 

Figure 6.2.4 Shows the RRimp of LMS, NLMS, APA, RLS and CMA for SET-Up 4 

20 50 70 90 100

LMS 18.014 18.321 18.445 18.654 19.011

NLMS 19.695 19.929 20.012 20.123 20.1656

APA 19.123 20.874 21.065 21.312 21.345

RLS 18.234 18.943 19.567 19.876 20.546

CMA 19.645 19.678 19.987 20.134 20.918

16

17

18

19

20

21

22

R
R

-I
M

P

SETUP-04



  42 

 From the figure 6.2.4 it is clear that all the methods showing more than 19 dB 

improvement and NLMS works better than LMS; NLMS, APA, RLS and CMA 

are approximately same. In this setup, for all the methods RR imp is increasing as 

the filter order is increasing.  

 

Order  20 50 70 90 100 

LMS -34.8621 -32.2034 -31.5799 -31.1578 -30.9896 

NLMS -27.9129 -28.4763 -30.4608 -33.2261 -35.4265 

RLS -30.0976 -29.9825 -30.7314 -33.9582 -35.5691 

APA -29.4701 -30.0541 -29.9947 -32.3477 -35.0271 

CMA -24.769 -25.6642 -25.8393 -25.9382 -25.9729 
Table 6.2.4. Shows the SD values for Setup-4 

 

By varying sub band orders, the SD values for all the algorithms under Setup-4 

conditions are shown in Table 6.2.4 
 

6.2.5 Setup-5 
            

                In this setup, the speech source position is Src= [2, 2, 1.5]; Microphone 

position is     Mic=[1.5 1.5 1.5]; Room Size is Rm=[3 3 3]; N=10, i.e, the model will 

count for (2*10+1)3 = 9261 virtual sources & R=0.75. Figure 6.2.5 shows the RRimp 

of LMS, NLMS, APA, RLS and CMA, where X-axis is filter order and Y-axis is 

RRimp. 

 

Figure 6.2.5 Shows the RRimp of LMS, NLMS, APA, RLS and CMA for SET-UP 5 

20 50 70 90 100

LMS 15.0368 15.8127 16.0759 16.2681 16.3835

NLMS 16.6102 16.9748 17.391 17.6051 17.8832

APA 16.6752 16.4847 16.8546 17.1477 17.8034

RLS 16.3242 16.6815 17.2527 17.3131 17.6616

CMA 16.7062 16.5646 16.4774 17.6771 17.8802
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From the figure 6.2.5 it is clear that all the methods showing more than 15 dB 

improvement and NLMS works better than LMS; NLMS, APA, RLS and CMA are 

approximately same. In this setup, for all the methods RRimp is increasing as the filter 

order is increasing. RRimp is decreased when compared to setup-4 because in this 

setup R is 0.75 and so that we have less reverberation in input as compared to setup-

4. 

Order  20 50 70 90 100 

LMS -35.0803 -32.5626 -31.9965 -31.6048 -31.4544 

NLMS -28.1454 -28.7113 -29.7832 -30.9911 -35.2814 

RLS 
-29.872 -31.6687 -33.8789 -35.7524 -36.1296 

APA -26.3717 -26.8735 -27.3198 -28.7129 -35.7311 

CMA 
-30.8607 -30.5377 -30.4828 -30.4522 -30.4416 

Table 6.2.5. Shows the SD values for Setup-5 

 

By varying sub band orders, the SD values for all the algorithms under Setup- 5 

conditions are shown in Table 6.2.5 

6.2.6 Setup-6 
           

                In this setup, the speech source position is Src= [2, 2, 1.5]; Microphone 

position is     Mic=[1.5 1.5 1.5]; Room Size is Rm=[3 3 3]; N=10, i.e, the model will 

count for (2*10+1)3 = 9261 virtual sources & R=0.50. Figure 6.2.6 shows the RRimp 

of LMS, NLMS, APA, RLS and CMA, where X-axis is filter order and Y-axis is 

RRimp. 

 

Figure 6.2.6 Shows the RRimp of LMS, NLMS, APA, RLS and CMA for SET-UP 6 

20 50 70 90 100

LMS 12.1562 12.9699 13.2224 13.4113 13.5223

NLMS 14.1909 14.2175 14.6668 15.6403 15.8379

APA 14.0039 14.2986 14.6284 14.9326 15.6187

RLS 14.5645 14.841 14.9028 15.2782 15.5599

CMA 14.2767 14.2864 14.6949 15.3901 15.4885
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 From the figure 6.2.6 it is clear that all the methods showing more than 12 dB 

improvement and NLMS works better than LMS; NLMS, APA, RLS and CMA are 

approximately same. In this setup, for all the methods RRimp is increasing as the filter 

order is increasing. RRimp is decreased when compared to setup-5 because in this 

setup R is 0.50 and so that we have less reverberation in input as compared to setup-

5. 

Order  20 50 70 90 100 

LMS -35.1404 -32.5986 -32.0488 -31.648 -31.4947 

NLMS -21.638 -22.441 -23.5192 -26.3259 -35.5589 

RLS -29.906 -30.414 -31.121 -33.2464 -35.0387 

APA -21.0241 -22.3679 -25.2697 -29.0297 -35.4544 

CMA -30.3857 -30.1238 -30.0789 -30.0538 -30.0452 

Table 6.2.6. Shows the SD values for Setup-6 
 

By varying sub band orders, the SD values for all the algorithms under Setup-6 

conditions are shown in Table 6.2.6 
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7 CONCLUSION AND FUTURE WORK 
 

         This thesis mainly deals with the cancellation of reverberation in room acoustic 

environment using different Dereverberation methods for single microphone. 

Different algorithms used for Dereverberation are LMS, NLMS, RLS, APA and 

CMA. All the above mentioned algorithms were implemented and evaluated by 

using reverberation index (RR) and speech distortion (SD) for different setups such 

as two different room dimensions and varying reflection coefficients. Above 

mentioned parameters are analyzed for different filter lengths. 

 

      Simulation results shows that all algorithms succeeded in removing reverberation 

and improves the quality of speech to a desired level as improvement in 

reverberation index gives 15 dB and speech distortion gives -30dB on a average. So 

by choosing optimum filter parameters and filter length, reverberation in a speech 

signal can be removed successfully and quality of speech can be improved by using 

single microphone. 

 

     This thesis can be extended for future work by implementing it in protective mask 

applications. 
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