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Abstract
The whole dimension of communications has been changed by the rapid
growth of technology. Today people are more interested in hands-free commucation, which makes use of loud speaker and high gain microphone, in
place of the old modeled wired telephone. The main advantage of wireless
system is that, more than one person can participate in conversation while
freely moving in the room. The presence of large acoustic coupling between
speaker and microphone would produce a loud acoustic echo making the conversation difficult.
The term Acoustic Echo Cancellation (AEC) refers to a process of
removing echo from the received signal that contains one or more delayed
signals (copies of the original signal). The primary step while cancelling an
echo is to identify the transmitted signal which reappears with some delay.
Once the echo is identified it is cancelled by subtracting from transmitted
signal. Echo cancellation can be done using either echo suppressors or echo
cancellers, or in some case both. But suppressors support only half duplex
communication leading to the invention of echo cancellers which allows both
the speakers to talk at the same time.
The main objective of this research is to model a room and cancel the
acoustic echo being generated by a speaker and microphone. This
dissertation provides a comparison of LMS, NLMS, LLMS and RLS
adaptive algorithms in terms of echo return loss enhancement (ERLE) value
and provides the best suitable algorithm for usage in adaptive filters for
AEC. AEC is simulated and results are evaluated by using Matlab.
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Introduction
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Chapter 1

Problem Identification
1.1

Introduction

One of the primary challenges faced by services providers in delivering quality
voice communications is the elimination of echo which is ever present
on all most all telephone calls.In the context of mobile communication system, voice quality enhancement (VQE) has assumed a great deal of
importance [2]. Among the various factors that affects the quality of the
signal, Acoustic Echo, due tothe coupling of loudspeaker and microphone is
gainingimportance with the advent of hands free telephony.Acoustic Echo
has been the area of interest for the researchers
in
the
field
of
telecommunications since 1950s. Many efficient methods have been
proposed in order to cancel a linear echo. Low cost hands free communication
devices usecheaploudspeakers that produce artifactsinaddition to desired
sound resulting in nonlinear echo. As theseechoes cannot be cancelled by
linear echo cancellers, there is a need for a wide variety of nonlinear
echo cancellers.
Echo cancellation is an application of Adaptive filtering to control echo
in Telecommunication networks.Adaptive filtering has proved to be the most
popular solution in communications environment. This has led to the
development of many algorithms to optimize Adaptive filtering in presence
of additive noise and inevitable echo path variations that generally
decreases filter performance [1].
The need for acoustic echo cancellation has been increasing in acoustic
signal processing motivated mainly by the increasing demand for hands free
communication[2]. A great deal of research has been taken place in the past
decades to mitigate the effect of echo cancellation resulting in the advent of
advanced acoustic echo cancellation techniques which are integral part every
speech transmission device[2].

2
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1.2

3

Basics of Echo

In principle, echo is the phenomenon in which delayed and distorted version of
an original sound or electrical signal is reflected back to the source[3].In fields
of sonar and radar communications, echo can be used successfully for
detection and exploration. From the users prospective, echo is the worst type of
impairment that can disrupt a telephonic conversation.In such cases, one’s own
voice played back after a delay is termed as echo. Sometimes it may also be
overlaid with voice of the other party.

1.3

Types of Echoes

Eventhough users find it difficult to differentiate between them, there are
two types of echoes that exist in a typical communication network. They
are
• Hybrid Echo
• Acoustic Echo
Hybrid Echo is generated due to the impedance mismatch in the analog
local loop. Line echo, electrical echo or hybrid echo are different names
given to the echo generated by impedance mismatch. In old public
switched telephone networks (PSTN), subscriber is linked to local exchange
(centraloffice)by a local loop (which is a two wire analog connection). From
the central office, signal is carried to longer distances with the help of a four
wire digital link. For this link, separate wire pairs are used by sending and
receiving paths. Hybrid which converts four wire interfaces to the two wire
interface is present in between the two link methods. Hybrid is a four port
device in which fourth port is terminated by balancing impedance. The
balancing impedance must match the two wire line terminated by the
telephone to avoid reflections. As the two wire loop’s impedance cannot be
determined in advance,balance of the hybrid is nominal in practice.
Therefore, a small amount of signal is reflected back, that is heard as echo [4].
Acoustic EchoWhen a fraction of sound signal from the speaker of the
telephone is picked up by the microphone and gets transmitted back, an
acoustic echo occurs [4]. Source of Acoustic echo can be classified into two
types.
1. Acoustic Isolation Echo
2. Ambient Acoustic Echo
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Acoustic Isolation Echo is generated due to the poor isolation between
ear piece and microphone. Acoustic echo is found to be most common in
today’s wireless networks, because of the increasing use of headsets and
Bluetoothheadsets.
Ambient Acoustic Echo is generated when a telephone conversation
is help in acoustically reflective environment. It is most likely to
occur in hands free devices and loudspeakers, as the microphone of the
handset initially picks up the original sound signal followed by the
reflected signal from the walls[4].About 10% of the calls in today’s
wireless networks faces this problem of Acoustic echo[4].

1.4

Need for Echo cancellation

The main purpose of Echo cancellation is to cancel the echo present in the
communication system. Echo cancellation is also used to reduce bandwidth
consumption because of its silence suppression technique[5]. In hands free
telephony, the microphone pick up both the far end speech and the local
speech, where former is produced by loud speaker and the telephone and
the latter is produced by the local speaker. Besides degrading the recorded
speech, it can also result in Acoustic feedback. As the microphone signal is
amplified and sent to the far end where it’s again fed to remote microphone,
the acoustic feedback is often perceived as a loud tone. In a telephone
conferencing set up, the contribution of loudspeaker signal to microphone
signal can be eliminated using an adaptive echo canceller.

1.5

The process of Acoustic Echo cancellation

When an audio signal is reverberated, acoustic echo occurs resulting in the
original intended signal plus attenuated time delayed images of the signal
[5]. To achieve an optimal desired output adaptive filters iteratively alter
the characteristics. In order to minimize a function of the difference between
the desired output and its actual output, an adaptive filter algorithmically
alters its parameters. This function is termed as the cost function of the
adaptive algorithm. The filter H(n) denotes the impulse response of acoustic
environment, W(n) denotes the adaptive filter used for cancellation of echo
signal. The main aim of adaptive filtering technique is to equate the output
y(n) to the desired output d(n). The error signal e(n)=d(n)-y(n) is fed back
at each iteration , where the filter coefficients are changed algorithmically
to minimize e(n), known as cost function. An adaptive filter aims at
calculating the mentioned error signal e(n) [6].
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The optimal output of the adaptive filter is equal in value to the
unwanted signal in case of acoustic echo cancellation. When the filter
output is equal to the desired signal, the echoed signal would be completely
cancelled making the far user inaudible to the echo. This is how echo
gets cancelled in adaptive filters [6].

1.6

Adaptive Filters

Digital signal processing (DSP) has been a major player in the current
technical advancements such as noise filtering, system identification, voice
prediction and echo cancellation. Standard DSP techniques, however, are
not enough to solve these problems quickly and obtain acceptable results.
Adaptive filtering techniques must be implemented to promote accurate
solutions and a timely convergence to that solution [7].
An adaptive filter is defined as a self-designing system that relies for its
operation on a recursive algorithm, which makes it possible for the filter to
perform satisfactorily in an environment where knowledge of the relevant
statistics is not available [7].
Adaptive filters are classified into two main groups: linear and nonlinear.
Linear adaptive filters compute an estimate of a desired response by using
a linear combination of the available set of observables applied to the input
of the filter. Otherwise, the adaptive filter is said to be nonlinear [7].

1.7

Adaptive Filtering

1.7.1 LMS
LMS stands for least mean square. It uses a gradient based method of
steepest decent i.e. estimation of gradient vector form the available data.
It neither requires correlation function calculation nor matrix inversions,
which makes it simple and easier when compared to other algorithms.
Minimization of mean square error is achieved due to the iterative
procedure incorporated in it to make successive corrections in the
directionof negative of the gradient vector. Update for the kth
coefficient in the weight vector equation requires only one multiplication
and addition, here lies the simplicity of the algorithm. An LMS filter
having n+1coefficients require n+ 1 multiplication in n+ 1 addition to
update th efilter coefficients. Besides this, an extra addition operation is
necessary to compute the errore(n)=d(n) -y(n) and one multiplication is
needed to form the producte(n).Finally n+1 multiplications and additions
are needed for the calculations of output in adaptive filter
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Thus, a total of 2n+3 multiplications and 2n+2 additions per output point are
required.

Figure 1.1: Summary of LMS algorithm

1.7.2 NLMS
If the applied signal to the adaptive filter is non-stationary, the major
problem for variable step size algorithm is the determination of upper bound
step size. The maximum step size is the rule of thumb for LMS adaptive
algorithm, as the step size is normalized by the input signal power .NLMS is
a natural choice to increase the convergence speed. For computation of each
coefficient,NLMS Adaptive algorithm requires only one multiplication and
one addition.
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Figure 1.2: Summary of NLMS algorithm

1.7.3 LLMS
LLMS is a contract form of leaky least mean square adaptive algorithm.
It is a derived from LMS algorithm. The presence of cost function
differentiates LLMS from that of a standard LMS algorithm. The Leaky
LMS mitigates the coefficients overflow problem, as the cost function
accounts for both meansquare error and the filter coefficients. If the cost
function is zero,then LLMS becomes standard LMS. Large steady state
erroris due to the large leaky factor.
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LLMS ALGORITHM
0 <ϒ<< 1
Initial conditions

Length of adaptive filter: L
Input vector X L,1 = [0,0,0,0]T
Weight vector W L,1 = [0,0,0,0]T

For each instant of time, n = 1, 2…., compute

Output signal

Y(n) = wT(n)x(n)

Estimation error

e(n) = d(n) – y(n)

Tap weight adaptation

W(n+1) = (1-μϒ)wn + μ e(n)XT(n)

1.7.4 RLS
RLS is acronym of recursive least squares algorithm. The major
drawback with LMS algorithm is the tradeoff between convergence and
computational complexity, especially λmaxλ mini.e., eigenvalues of
autocorrelation matrix has large spread convergence rate. Since step size
which is the single adjustable parameter for controlling the convergence
rate, is limited for stability purpose to a value less than that of the upper
bound, so that the modes corresponding to eigen values converge
at slow rate. So, we require more complex algorithms involving additional
parameters to obtain faster convergence. The statistical approach based on

8
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the MSE criterion is found to be more useful than least squares criterion in
deriving adaptive filtering algorithms that converge more rapidly.

RLS ALGORITHM
Order of adaptive filter is p
Exponential weighting factor is L
Initial conditions
Value used to initialize P0 is δ
Input vector is XL = [0,0,0…]T
Weight vector is WL = [0,0,0…]T

For each instant of time, n = 1,2…, compute,

Output signal

Y(n) = WT(n)x(n)

e(n) = d(n)-WnT x(n)
Estimation error

Tap weight adaptation

Wn = Wn+1 + α(n)g(n)

Figure 1.3: Summary of RLS algorithm.
Where α(n) = d(n) – Wn-1 x(n).
g(n) = z(n)/( λ + xT(n) z(n))
P(n) = 1/λ [ P(n-1) - g(n) zH(n)

1.8

Adaptive Filtering System Configuration

There are four major types of adaptive filtering configurations; adaptive
system identification, adaptive noise cancellation, adaptive linear
prediction, and adaptive inverse system. All of the above systems are
similar in implementation of the algorithm, but different in system
configuration. All four systems have same general parts: an input x(n),
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a desired result d(n), an output y(n), an adaptive transfer function w(n), and
an error signal e(n) which is the difference between the desired output u(n)
and the actual output y(n). In addition to these parts, the system
identification and the inverse system configurations have an unknown
linear system u(n) that can receive an input and give a linear output to the
given input.

1.8.1 Adaptive System Identification Configuration
The adaptive system identification is primarily responsible for determining a
discrete estimation of the transfer function for an unknown digital or analog
system [7]. The same input x(n) is applied to both the adaptive filter and
the unknown system from which the outputs are compared (see figure 1.4).
The output of the adaptive filter y(n) is subtracted from the output of the
unknown system resulting in a desired signal d(n). The resulting difference
is an error signal e(n) used to manipulate the filter coefficients of the
adaptive system trending towards an error signal of zero.
After a number of iterations of this process are performed, and if the system is designed correctly, the adaptive filters transfer function will converge
to, or near to, the unknown systems transfer function. For this configuration,
the error signal does not have to go to zero, although convergence to zero
is the ideal situation, to closely approximate the given system. There will,
however, be a difference between adaptive filter transfer function and the
unknown system transfer function if the error is nonzero and the magnitude
of that difference will be directly related to the magnitude of the error signal.

Figure 1.4: Adaptive system identification configuration.
Additionally the order of the adaptive system will affect the smallest
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error that the system can obtain. If there are insufficient coefficients in
the adaptive system to model the unknown system, it is said to be under
specified. This condition may cause the error to converge to a nonzero
constant instead of zero. In contrast, if the adaptive filter is over specified,
meaning that there are more coefficients than needed to model the unknown
system, the error will converge to zero, but it will increase the time it takes
for the filter to converge.

1.8.2 Adaptive Noise Cancellation Configuration
Both of the noise signals for this configuration need to be uncorrelated to
the signal s(n). In addition, the noise sources must be correlated to each
other in some way as shown in the figure 1.5, preferably equal, to get the best
results.
Due to the nature of the error signal, the error signal will never become
zero. The error signal should converge to the signal s(n), but not converge to
the exact signal. In other words, the difference between the signal s(n) and
the error signal e(n) will always be greater than zero. The only option is to
minimize the difference between those two signals.

Figure 1.5: Adaptive Noise Cancellation Configuration

1.8.3 Adaptive Linear Prediction Configuration
Adaptive linear prediction is the third type of adaptive configuration (see
figure 1.6). This configuration essentially performs two operations. The
first operation, if the output is taken from the error signal e(n), is linear
prediction. The adaptive filter coefficients are being trained to predict,
fromthestatistics of the input signal x(n), what the next input signal
willbe.Thesecond operation, if the output is taken from y(n), is a noise
filter similar to the adaptive noise cancellation outlined in previous section.
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As in the previous section, neither the linear prediction output nor the
noise cancellation output will converge to an error of zero. This is true for
the linear prediction output because if the error signal did converge to zero,
this would mean that the input signal x(n) is entirely deterministic, in which
case we would not need to transmit any information at all.
In the case of the noise filtering output, as outlined in the previous
section, y(n) will converge to the noiseless version of the input signal.

d(n)
y(n)

x(n)

z -1(n)

+

e(n)

w(n)
-

Figure 1.6: Linear Prediction Configuration

1.8.4 Adaptive Inverse System Configuration
The final filter configuration is the adaptive inverse system configuration
as shown in figure 1.7. The goal of the adaptive filter here is to model the
inverse of the unknown system u(n). This is particularly useful in adaptive
equalization where the goal of the filter is to eliminate any spectral changes
that are caused by a prior system or transmission line. The way this filter
works is as follows. The input x(n) is sent through the unknown filter u(n)
and then through the adaptive filter resulting in an output y(n). The input
is also sent through a delay to attain d(n). As the error signal is converging
to zero, the adaptive filter coefficients w(n) are converging to the inverse of
the unknown system u(n).
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Y(n)

w(n)
e(n) -

+

z-1(n)

x(n)

d(n)

Figure 1.7: Adaptive Inverse Configuration

d(n)
Speaker+room+microphone

-

u(n)

e(n)
-

criterion

y(n)
model

optimization

Figure 1.8: Identification of system (speaker + room + microphone)
System can be modeled as shown in the figure 1.8 for implementation as
adaptive system always expects a feedback. So the desired echo cancellation
model can be realized as shown in the above figure and implemented.

1.9

Performance Measures in Adaptive Systems

Five performance measures will be discussed in the following sections;
convergence rate, minimum mean square error, computational complexity,
stability, and robustness. [7].
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1.9.1 Convergence Rate
The convergence rate determines the rate at which the filter converges to its
resultant state. Usually a faster convergence rate is a desired characteristic
of an adaptive system. Convergence rate is not, however, independent of all
of the other performance characteristics. There will be a tradeoff, in other
performance criteria, for an improved convergence rate and there will be
a decreased convergence performance for an increase in other performance.
For example, if the convergence rate is increased, the stability characteristics
will decrease, making the system more likely to diverge instead of converge
to the proper solution. Likewise, a decrease in convergence rate can cause
the system to become more stable. This shows that the convergence rate
can only be considered in relation to the other performance metrics, not by
itself with no regards to the rest of the system.

1.9.2 Minimum Mean Square Error
The minimum mean square error (MSE) is a metric indicating how well a
system can adapt to a given solution. A small minimum MSE is an indication
that the adaptive system has accurately modeled, predicted, adapted and/or
converged to a solution for the system. A very large MSE usually indicates
that the adaptive filter cannot accurately model the given system or the
initial state of the adaptive filter is an inadequate starting point to cause
the adaptive filter to converge. There are a number of factors which will help
to determine the minimum MSE including, but not limited to;
quantization noise, order of the adaptive system, measurement noise, and
error of the gradient due to the finite step size.

1.9.3 Computational Complexity
Computational complexity is particularly important in real time
adaptive filter applications. When a real time system is being
implemented, there are hardware limitations that may affect the
performance of the system. A highly complex algorithm will require much
greater hardware resources than a simplistic algorithm.

1.9.4 Stability
Stability is probably the most important performance measure for the adaptive system. By the nature of the adaptive system, there are very few completely asymptotically stable systems that can be realized. In most cases
the systems that are implemented are marginally stable, with the stability
determined by the initial conditions, transfer function of the system and the
step size of the input.

1.9.5 Robustness
The robustness of a system is directly related to the stability of a system.
Robustness is a measure of how well the system can resist both input and
quantization noise.
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Fractional Delay Filters

Filters designed for bandlimited Interpolation are called fractional delay
filters. Band limited interpolation is a technique useful for evaluating sample
of a signal at an arbitrary point of time, eventhough the point lies in between
two sampling points. These filters provide fine tuning of sampling interval
for Band limited interpolation, which finds its application in wide
communication, antenna, speech coding, audio & music technology and
time delay estimation. In order to introduce fractional delay in speech
signal, Fractional delay filters were used in this research [10].

1.11

Outline

The rest of the document is organized as follows:
Chapter two deals with the related study that provides the brief background
prior to this research. It also describes the research gap and necessity for
thesis type of study.
Chapter three gives the complete description of Room modeling and
implementation of this research.
Chapter four shows the results of this research with the help of graphical
plots and last chapter deals with conclusions and future directions.

Related Study
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Chapter 2
Literature Review

2.1

Previous work

LMS, NLMS AP, RLS are the typical adaptive filter algorithms used for
the filter update procedure in AEC [11].Due to simplicity in structure, a
finite impulse response (FIR) filter is commonly used in AEC [12] .
However usage of FIR filter doesnot result in effective echo cancellation
due to its many required parameters[12]. In [13], authors had applied
Gaussian process to linear and non-linear acoustic echo cancellation. It was
shown that echo involving both linear and non-linear components can be
cancelled to an extent more than 70db [13]. A new NLMS (normalized
LMS)adaptivealgorithm,called the ES (Exponential Step) algorithm with
better convergence than the traditional NLMS, for an acoustic echo
canceller has been developed by adjusting each tap of coefficient of the
AEC by a different value of step gain which inturn are determined in
proportionate to the room impulse response [14].The newly proposed
algorithm has been implemented in a commercial sub-band echo canceller
constructed with multiple DSP chips by taking the room impulse response
into consideration [14].
The results are that, the ES algorithm has double convergence, while
the computational complexity remains same as NLMS [14].Teleconferencing
room was modeled by making real time measurements considering 3 people moving at a distance of 1meter from the microphone and 21 impulse
responses were considered as input for the computations [14]. [15] used
new adaptive algorithm named Hirschman optimal transform(HOT) based
adaptive filter in order to remove the acoustic echo from the input signal
and calculated mean ERLE of various adaptive algorithms used to compare
the amount of echo cancelled [15]. Input echo signal is generated by means of
matlab script [15].In [16] a joined LMS and LMF Adaptation algorithm
has been proposed, which exhibited better results compared to standard
LMS and LMF for data echo cancellation in a stationary frame work. In
[17] in order to compensate non-linear distortions in echo paths, a
non-linear echo cancellation algorithm has been proposed and investigated.
17
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Theproposed algorithm exhibits better performance even in double talk
situation.
In [18] an identification process which leads to LMS and RLS algorithms
was described. An echo cancellation software laboratory was implemented and optimized for real time testing of LMS,NLMS,
homogeneous and individual adaptation algorithms [18].In [18]
comparing the computational complexity of HA algorithm and also the
convergence speed with other algorithms,HA algorithm was proved to be
best from complexity/performance prospective. In [19], major concerns in
telecommunication which are channel equalization and echo cancellation
using adaptive algorithms are addressed in order to identify most efficient
methodology.
Authors
preferred
to
use
RLS
depending on the application priority for echo cancellation [19]. In [20] an
investigation has been carried out to study the effect of room thermal fluctations on the loudspeaker-microphone impulse response. It was observed that
small thermal variations can be a limiting factor in AEC performance [20].
In [11] updating NLMS based method which shows superior convergence
speed performance and complexity reduction as compared to conventional
complexity reduction schemes was proposed [11].
In [21] a new NLMS adaptive algorithm has been developed and implemented in a commercial acoustic echo canceller which has been constructed
with multiple DSP chips. This algorithm, when implemented in real time,
exhibits faster convergence than the conventional LMS [21]. An algorithm
based on LMS frequency domain adaptive filter which uses in all filter update technique using many simultaneously running filters was proposed in
[22]. In this multi filter approach suppress the echoes caused by far end
sounds better than using a single filter [22]. Values for the parameters those
may be suitable for designing multi filter echo cancellers were suggested in
[23]. Experimental evidence was provided in [24] that computationally complicated algorithms such as RLS or APA exhibits better echo cancellation
than NLMS when the acoustic path is almost linear.
In [25] a fast weighted sub-bands adaptive algorithm has provided a considerable improvement over NLMS with a reasonable level of complexity.
This algorithm was extended to stereophonicacoustic echo cancellation. The
decorrelating property of this algorithm helps in lowering the coefficient bias
of the adaptive filter which a consequence of undermodeling the receiving
room echo paths in both stereophonic and monophonic case. With a goal
of choosing an optimal algorithm for cancelling acoustic and line echo,
authors in [26] have observed that fast weighted sub-band adaptive algorithm
hasprovideacomputationalsavings.
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Research Gap

Previous researcher’s in the area of acoustic echo cancellation focused mainly on
modifying existing algorithms and combing different algorithms to
improve the performance of the acoustic echo canceller. Room modeling was
also implemented separately. Although previous research has done on acoustic
echo cancellation in reverberant environment in near and far talk modes, this
research provides a comparison study among different adaptive algorithms.

2.3

Research Significance

This research compares the most common algorithms in adaptive filter theory
i.e., LMS, NLMS, LLMS, RLS in terms of their ERLE values. This
research helps in choosing the better algorithm among these for acoustic
echo cancellation in a conference room.

Implementation
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Chapter 3
Implementation

3.1

Introduction

LMS, NLMS, LLMS, RLS are the most commonly used algorithms in Adaptive filters. So these 4 algorithms were used in this research for cancellation
of acoustic echo. Among the available schemes for room modeling, image
method was chosen for calculating the room impulse response. A predefined
input signal is multiplied to the room impulse response (RIR) generator
output to generate acoustic echo signal. The performance of individual
algorithms (all the4algorithms)was analyzed by calculating various
parameters like ERLE and SNRandtheresultswereplotted and displayed. This
section gives a brief account ofmethodologyadoptedin this research for
acoustic echo cancellation, in a conference room.

3.2

Need for RIR calculation

The nature of adaptive filter in real time allows estimating the true value
of the impulse response of a specific room. Having the exact room impulse
response in hand provides the benefit of comparing the calculated value to
the exact value for verification. Besides, by comparing, correct convergence
of the adaptive filter can be obtained by adjusting factors that affect the
RIR.
The acoustic characteristics of a room are frequency response, cumulative
spectral decay, energy decay, and reverberation characteristics [29]. These
are different for different rooms and mainly depend on
• Size of the room
• Materials of the room (hard wood, concrete, ceramics .. ).
• Objects inside the room (tables, chairs, people ... ),

21

CHAPTER 3. IMPLEMENTATION

3.3

22

Room Modeling

Image method is one of the ray based methods that is used to calculate the
impulse response of the room. The working of the room model can be
explained in 3 major steps.
• Visualizing the individual echoes that together produce vibration
• Finding the unit impulse response of each echo with proper time delay.
• Calculating the magnitude of individual echo’s unit impulse response.
The time and magnitude of each echo is being calculated as if it is the
echo is being heard from a particular position in the room. All this
information put together into a one dimensional function of time which
will be the room impulse response. In this function time is made discrete so
as to use it as an FIR filter in simulation.

3.3.1 Visualization
Figure 3.1 shows a rectangular in which green circle represents sound
source black star indicates the position of microphone. Impulse response is
calculated at the microphone’s location. Black line represents the path of
the sound wave which is the direct sound.

Figure 3.1: Rectangular room

Another part of sound wave which gets reflected from the walls and encroaches upon the microphone is termed as Echo. To a listener this echo
will be perceived as radiating from a point past the wall from which it is
being reflected. This scenario can be depicted by taking the mirror image
of the room and placing it adjacent to the room as shown in the Figure 3.2.
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Figure 3.2: Rectangular room

If a person is located at the point of black star, black circle in the mirror
image will be a virtual source, from which he will perceive the echo to be
radiating. This process can be repeated by making mirror image of room’s
mirror image.
Figure 3.3 shows a real sound source along with two virtual sources. In
the figure black line represents actual path of the sound wave whereas blue
line represents perceived path of the sound wave.

Figure 3.3: Rectangular room

This process can be extended in two dimensions. The Map of virtual
sources when extended in two dimensions is given in Figure 3.4 below

Figure 3.4: Rectangular room

The two dimension model can also be extended to three dimensions. In
this research virtual sources are treated as individual sound sources and
corresponding echo of each virtual source is ignored.
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3.3.2 Unit Impulse Response Function and its Magnitude
To locate the nearest virtual sources, consider the one dimensional model of
figure 4 depicted in figure 5. Initially distance between the i th virtual
sound source and the microphone is found in one dimension and can be
extended to three dimensions. To accomplish this, x, y, z coordinates are
plugged into Pythagorean Theorem and it represents the distances in the form
of a three dimensional matrix. In the next step to find the unit Impulse
response of each virtual source a function is defined such that its
magnitude is 1 at the origin and zero elsewhere citeSG3.
Magnitudes of the echoes are affected by two factors. One is the distnace travelled by sound to reach the microphone from source and the other
is the number of reflections it makes while in transit. If all the walls have
same reflection coefficient, the total number of reflections that the sound
wave has made can be represented by taking wall reflectioncoefficient say
rk and raising it to an exponent which is the sum of three individual indices.
Since each wall has different reflection coefficient, in this research, the situation demands extra effort for implementation. Finally impulse response is
thought as the summation of all the sounds as they stream from all of the
virtual sources.

3.4

Room parameters

There are various factors that affect the room impulse response. The major
factors are:
• Position of the source
• Reflection Coefficient
• Absorption Coefficient
• Order of the filter

3.5

Implementation in Matlab

The process is explained briefly in the following steps
1. Initially a room with dimensions 6x6x6 was considered with a
microphone and speaker are separated by some distance, assuming that
room doesn’t contain any obstacles.
2. With desired room dimensions and room parameters, room impulse
response is generated.
3. A stationary input signal of sampling frequency 16 kHz is
considered and additive white gaussian noise is added to it and it is
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given as input to the designed echo canceller.An Echo
canceller consists of an adaptive filter which uses adaptive algorithms
(LMS, NLMS, LLMS, RLS was used in this research) to cancel out the
undesired speech.
After that, a speech signal of sampling frequency 16 kHz was considered
and it was convoluted with the RIR and external noise is added, which
generates a signal with echo that serves as the input for the echo
canceller.The reason behind this is the signal generated contains echo
which has to be cancelled and a speech signal of direct path. Now again
this input is fed to the designed echo canceller and then the results while
using each of the four algorithms are plotted and listed in results section.
4. The results in both cases, i.e. first case when a wide band signal ( a
sinusoidal signal) is considered as the input and sampling frequency
is 16kHz with additive white gaussian noise is added as external noise
and then the output of the system is plotted.In the second case non
stationary signal is given as an input to echocancellers and the
corresponding results are listed in results section. Echo path impulse
response, h(n), in the near end environment
was
measured
at
microphone and loudspeaker. The order of filter is set to 12. The
non-stationary input signal used is “benny.wav “is a male speech of
sampling frequency 16kHz and of length 72077 samples
5. From the plots in two cases i.e., using stationary input signal and
non-stationary input signal, it is evident that RLS adaptive algorithm
has highest ERLE value.
Some comparisons are made in order to determine which of the four
algorithms performs better for performing echo cancellation. The outputs
of echo canceller using all the four adaptive algorithms are plot. ERLE is
calculated for all the four cases, varying the room dimensions as 6x6x6,
7x7x7, 8x8x8,9x9x9,10x10x10, ERLE Vs. impulse response graphs are plot.
RLS algorithm is found to exhibit a higher ERLE value when the room dimension is 10x10x10 when compared to other room dimensions when a
non-stationary input signal is used. When stationary input is taken,
ERLEishigh for room with dimension 7x7x7.Other parameters
computationalcomplexity and signal to noise ratio. All in all, it is found
outthat,RLS exhibits higher ERLE value at the expense of a higher
computational complexity.

3.6

Limitations

Few assumptions in room modeling are known to cause error. It was assumed that reflection coefficients are angle and frequency independent, also
no change in phase takes place upon reflection. Also an assumption was
made that air will have negligible effect on the magnitude of sound wave.

Results
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Chapter 4
Results
The Echo Return Loss Enhancement or ERLE is the degree to which the
echo canceller suppresses, the echo signal, i.e., the ratio of the echo signal to
residual echo signal. In order to obtain an estimate of convergence or Echo
Return Loss Enhancement (ERLE), one must first estimate the coupling factor or Echo Return Loss (ERL) of the loudspeaker-microphone enclosure.
An estimate of the ERL is required to determine how much attenuation of
the echo can be attributed to the echo path and how much can be attributed
to the echo canceller. The coupling factor determines the attenuation or possible gain in the echo path.
There are two main approaches to estimating the coupling factor of an
echo canceller. The first method is amplitude based. The second method
is cross-spectrum based. The amplitude based method is the average spectral energy of the near-end signal over the average spectral energy of the
far-end signal. This approach should only be updated during periods of
known far-end signal energy and should not be update during periods of
double-talk. In the cross-spectrum based method, the far-end and near-end
spectrum signals are multiple and summed over long period of frames. Then
it is normalized by the far-end signal energy. This method is unaffected by
double-talk of the near-end speaker and far-end speaker as long as they are
uncorrelated. The downfall to this method is the echo path changes are not
followed accurately due to the long averaging period. A combination of the
two methods, will allow for quick and accurate estimation of the ERL, and
hence proper control of the entire echo cancellation system.
ERLE is determined in an echo cancelling arrangement by estimating
an echo signal from a received signal and is subtracted from an incoming
signal to produce an output signal. ERLE determined in this manner is a
relatively good estimate of actual ERLE, which accordingly may be used to
facilitate double-talk conditions.
27
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In order to evaluate the performance of an echo canceling system, the
ratio of the expected value of the microphone output squared E[s(n)] divided by the expected value of the error signal squared E[e(n)] is monitored.
This quantity, in dB, is called the Echo Return Loss Enhancement, or ERLE:
( [

(

]

[

]

(

The expected value is estimated as follows
[

4.1

]

∑

(

Plot of ACE with a stationary input signal

Figure 4.1, shows the implementation of acoustic echo cancellation system
with a sinusoidal signal as input. The frequency of the input sine wave 16
kHz. Fig b is a plot of room impulse response h; fig c is pure echo
signal, and fig d represents the plot of noise introduced into the system.
Parameters in the figure are: on x axis is the number of samples X(n), on
y axis is the amplitude , step size =0.01, length of the filter is 12.
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Figure 4.1: 1 General representations for stationary signal. Fig. a. Original
signal, Fig. B. Impulse response, Fig. C. Echo signal, Fig. d. Noise signal

4.2 Plot of acoustic echo canceller with stationary input for
different Adaptive Algorithms
Figure 4.2 shows the plot of outputs of ACE when different adaptive algorithms are used. Fig 4.2 a shows plot of echo and noise signal which is
given as input to the system. Fig4.2 b represents the output of ACE when
LMS algorithm is used. fig4.2 c is output of ACE when LLMS
algorithm is used. Fig 4.2 d represents the output of ACE when NLMS
algorithm is used. Fig4.2 e represents the output of ACE when RLS
algorithm is used . Here μ=0.1,
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beta=0.3 , λ is set to one, filter length is 12.The length of input signal is
182824 with frequency of 16 KHz.

Figure 4.2: The output plot of ACE. Fig a. Plot of the echo and noise
signal. Fig b. Plot of output using LMS algorithm Fig c.Is output plot
using LLMS algorithm Fig d. Is plot of the output using NLMS algorithm
and Fig e. represents the output of the RLS algorithm for stationary signal
as input.

4.3

Plot of ERLE vs room impulse response using
LMS algorithm for a stationary input signal

Figure 4.3 shows a plot of Echo Return loss enhancement verses room impulse
response using LMS algorithm and room length as a variable parameter. Different
colored bars are used in order to represent the difference in room
dimensionswhich are presented on the right side of the plot. X axis scales the
number of samples X(n),Y axis scales the ERLE values. In the plot where
LMS algorithm is used, it can be inferred that ERLE values are almost
same for different room dimensions.
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Figure 4.3: ERLE in dB Vs. Room Impulse Response LMS algorithm for
stationary input signal

4.4

ERLE Vs room impulse response using LLMS
algorithm for stationary input signal

Figure 4.4 shows a plot of Echo Return loss enhancement verses room impulse
response using LLMS algorithm and room length as a variable parameter. X
axis scales the number of samples X(n),Y axis scales the ERLE values. In the
plot where LLMS Algorithm is used, it can be observed that ERLE values are
remain the same when room dimensions are large and decreases with decrease
in the room dimensions.
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Figure 4.4: ERLE in dB Vs. Room Impulse Response LLMS algorithm for
stationary input signal

4.5

ERLE Vs room impulse response using NLMS
algorithm for stationary input signal

Figure 4.5 shows a plot of Echo Return loss enhancement verses room impulse
response using NLMS algorithm and room length as a variable parameter. X
axis scales the number of samples X(n),Y axis scales the ERLE values. In the
plot where LMS Algorithm is used, it can be observed that ERLE values are
almost same for different room dimensions.
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Figure 4.5: ERLE in dB Vs. Room Impulse Response NLMS algorithm for
stationary input signal.
From the above Figure 4.3, Figure 4.4 and Figure 4.5, ERLE value is high for NLMS algorithm i.e.
Figure 4.5 when compared to LMS and LLMS algorithms for room dimensions 7 7 7. By
increasing the room dimensions from 7 7 7 to 10 10 10, ERLE value is decreased because
larger the room size, larger is the amount of echo in the signal.

4.6

Resultant ERLE by varying reverberation time
for stationary signal

A reverberation occurs when the reflected sound wave reaches ones ear in
less than 0.1 second after the original sound wave is heard. The two sound
waves tend to combine as one very prolonged sound wave as there is no time
delay between the perception of the reflected sound wave and the original
sound wave. in the figure 4.6 below, a plot of ERLE Vs Reverberation plot is
made where it can be observed that, with an increase in reverberation, there
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is a decline in the ERLE values whereas RLS algorithm exhibits the maximum
ERLE .The methods with acoustic echo cancellers have higher ERLE levels.
Xaxis gives the reverberation time in seconds and the Y axis gives the ERLE
in (dB).

Figure 4.6: ERLE in dB Vs. Reverberation time in seconds adaptive
algorithms for stationary signal
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Resultant ERLE by varying reverberation time
for non-stationary signal

Figure 4.7: Plot showing variation in the resultant ERLE by varying the
reverberation time

The fig 4.7 is a plot of ERLE vs Reverberation time when a non-stationary
input is fed as an input. It is clearly evident that ERLE value tends to decrease
as the reverberation time increases. RLS exhibits maximum ERLE value of
26 when the reverberation time is 0.2 seconds.
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Resultant ERLE by varying the length of adaptive filter for stationary signal

Here in Figure 4.8,the variations in ERLE value is plot with the
variations in the length of adaptive filter while using LMS adaptive
algorithm with a stationary input signal. order of the filter is set to 12.
With an increase in the length of the filter, the ERLE value is found to
decreasein-caseorNLMS and LLMS while it remains constant in case of
RLS algorithm.

Figure 4.8: Plot showing variation in the resultant ERLE by varying the
length of adaptive filter
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4.9 Resultant ERLE by varying the length of adaptive filter
for non-stationary signal
Figure 4.9 plots the variations in the ERLE value while
varying length of the adaptive filter when a non-stationary
signal is fed as an input.

Figure 4.9: Plot showing variation in the resultant ERLE by
varying the length of adaptive filter

4.10 Plot of resultant ERLE by varying the room
dimensions using non stationary input signal
Below are figures 4.10, 4.11, 4.12, 4.13 each of them plot of
ERLE value for different room dimensions using different
adaptive algorithms (each algorithm in a single plot) for
non-stationary signals used as input signal.
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LMS

Figure 4.10: Plot showing variation in the resultant ERLE by varying the
Room dimensions
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NLMS

Figure 4.11: Plot showing variation in the resultant ERLE by varying the
Room dimensions
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LLMS

Figure 4.12: Plot showing variation in the resultant ERLE by varying the
Room dimensions
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RLS

Figure 4.13: Plot showing variation in the resultant ERLE by varying the
Room dimensions.

From the above Figure 4.10, Figure 4.11, Figure 4.12 and Figure 4.13, ERLE value is high for
RLS algorithm i.e. Figure 4.13 when compared to LMS, NLMS and LLMS algorithms for room
dimensions 10 10 10. By increasing the room dimensions from 7 7 7 to 10 10 10, ERLE
value is increased because larger the room size, larger is the amount of echo in the signal as the
signal is non-stationary.

4.11

Simulation Results

The graphs below are the plots showing variation in the resultant ERLE by varying the
room dimensions simulated in MATLAB. Plots for each algorithm are presented
separately. In each plot from top to down the signals are
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1. Original signal
2. Room Impulse Response
3. Echo signal
4. Input to our Room (Echo plus Noise signal)
5. Output signal

4.11.1

LMS

Figure 4.14: Plot showing speech signal corrupted with reverberation
and noise and output of LMS filter.
From the figure 4.14, fig a represents clean speech signal, fig b
represents room impulse response, fig c represents clean speech signal
corrupted with reverberation, fig d represents reverberated clean speech
signal corrupted with noise and fig e represents output of LMS filter.
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NLMS

Figure 4.15: Plot showing speech signal corrupted with reverberation
and noise and output of NLMS filter.

From the figure 4.15, fig a represents clean speech signal, fig b
represents room impulse response, fig c represents clean speech signal
corrupted with reverberation, fig d represents reverberated clean speech
signal corrupted with noise and fig e represents output of NLMS filter.
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LLMS

Figure 4.16: Plot showing speech signal corrupted with reverberation
and noise and output of LLMS filter.
From the figure 4.16, fig a represents clean speech signal, fig b
represents room impulse response, fig c represents clean speech signal
corrupted with reverberation, fig d represents reverberated clean speech
signal corrupted with noise and fig e represents output of LLMS filter.
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RLS

Figure 4.17: Plot showing variation in the resultant ERLE by varying the
Reverberation time.
Figure 4.17 represents variation of ERLE with respect to reverberation time in
seconds. With the increase of reverberation time, ERLE tends to decrease
slowly.

4.12 Plot of mu Vs ERLE with a variation in
Reverberation time
4.12.1 Stationary signal as input
The figure 4.18 shows the plot for mu vs ERLE while varying the
reverberation time (values shown on the left hand side) for a stationary input
signal.
As value of mu is increased from 0.00001 to 0.0005 the ERLE value decreases
and the reverberation is indicated using different colors on the left hand
side of the plot.

CHAPTER 4. RESULTS

46

Figure 4.18: Plot showing ERLE in dB Vs. LMS filter by varying Reverberation time for stationary signal

4.12.2 Plot of mu Vs ERLE varying reverberation time with
a non-stationary input signal
The below figure 4.19 is the plot of step size Vs ERLE for leaky least mean square algorithm output. As the value of step size goes on increasing the ERLE value
decreases. The reverberation time in sec is shown on the left hand side of thefigure indicated
with different colors.
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Figure 4.19: Plot showing ERLE in dB Vs. LMS filter by varying
Reverberation time for non-stationary signal.

From above figure 4.18, ERLE increases up to certain extent and then
remains almost as a constant value. From the figure 4.19, ERLE value starts
decreasing when reached to a certain level with increase in mu value. So in
stationary signals, ERLE value remains constant with increase in mu value
where as in non-stationary signals, ERLE value decreases with increase in
mu value.

4.12.3 Plot of mu Vs ERLE by varying reverberation time
using LLMS adaptive algorithm for stationary
input signal
The below figure 4.20 shows the leaky least mean square algorithm output
value on the X axis and the ERLE values on the Y axis.As value goes on
increasingthe ERLE value decreases by varying the reverberation time in
sec which is shown on the left hand side of the figure indicated with
different colors.
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Figure 4.20: Plot showingERLE in dB Vs. LLMS filter by varying
reverberation time for stationary signal
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Plot of mu Vs ERLE by varying reverberation time
using LLMS adaptive algorithm for
non-stationary input signal

Figure 4.21: Plot showing ERLE in dB Vs. LLMS filter by
varying Reverberation time for non-stationary signal.

From above figure 4.20, ERLE value increases with increase in mu value and remains as
constant. From the figure 4.21, ERLE value decreases with increases in mu value. So for
LLMS algorithm, ERLE value remains as constant for stationary signals and decreases
for non-stationary signals with increase in mu value.

4.12.5 Beta Vs ERLE by varying reverberation time (in seconds)
for a stationary input signal
The below figure 4.22 shows the plot of beta verses ERLE by varying the reverberation
time in sec. From the plot, it is evident that as the values of beta goes on increasing the
ERLE values goes on decreasing. The reverberation is shown on the left hand side of the plot.
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Figure 4.22: Plot showing ERLE in dB Vs. NLMS (beta) filter by
varying reverberation time for stationary signal
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4.12.6 Beta Vs ERLE by varying reverberation time (in seconds) for a non-stationary input signal

Figure 4.23: Plot showing ERLE in dB Vs. NLMS (beta) filter by
varying reverberation time for stationary signal.
The above figure 4.23 shows the plot of beta (NLMS) verses ERLE by
varying the reverberation time in sec. From the plot, it is evident that as
the values of beta goes on increasing the ERLE values goes on decreasing.
The reverberation is shown on the left hand side of the plot

4.12.7 ERLE Vs room reverberation time using RLS adaptive
algorithm with a stationary input signal
It can be observed from figure 4.24 that, as the reverberation time
increases, the ERLE value increases to a certain extent, reaches a
maximum value of 28, then starts decreasing .
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Figure 4.24: Plot showing variation in the resultant ERLE by varying the
Reverberation time

4.12.8 ERLE Vs room reverberation time using RLS adaptive
algorithm with a non-stationary input signal
The below figure 4.25 shows the plot of λ ( fixed at 1) vs ERLE by varying
the reverberation time (in sec) .From the plot, it is evident that with the
increase in reverberation time , the ERLE values decreases.
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Figure 4.25: Plot showing variation in the resultant ERLE by varying the
Reverberation time.
From the above figure 4.24, ERLE value starts at 14 dB and increases up to 28 dB and
starts decreasing slowly with increase in beta value. From the figure 4.25, ERLE value
stars at 25.7 dB and decreases with increase in beta value. So ERLE value increase with
beta value for stationary signals and decreases with increase of beta value for
non-stationary signals.

4.13

Signal to Noise Ratio of Adaptive algorithms
for stationary signal

The below figures 4.26 and figure 4.27 is the plot of signal to noise ratio for different
algorithms using a stationary input signal. It is evident from the plots that the
NLMS has maximum SNR when compared to other algorithms. Blue line indicates the
SNR before the echo cancellation and remaining colors indicated the outputs of different
algorithms after echo cancellation.
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Figure 4.26: ERLE in dB Vs. SNR for LMS, NLMS, LLMS and RLS for
non-stationary signal
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Signal to noise ratio of adaptive algorithms
For non-stationary signal

Figure 4.27: Plot showing SNR of various Adaptive algorithms.

From the above figure 4.26, NMLS algorithm has high SNR value of 5 dB than other
algorithms. From the figure 4.27, NLMS algorithm has high SNR value of 15 dB than
other algorithms. So SNR value if high for NLMS in both stationary and non-stationary
case and implies that NLMS succeeds in removing noise better that other algorithms.

4.15

Computational Complexity

As time consumption plays a major role while selecting an adaptive algorithm, computational complexity is calculated for all the four algorithms
used in this thesis. LMS algorithm requires O(M) where M represents the
order of the filter, N represents the length of the input signal. RLS
algorithm requires O(M*M ).
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ALGORITHMS

MULTIPLICATIONS

ADDITIONS

SUBSTRACTION

LMS

N(2M+1)

N(2M)

2N

LLMS

N(3M+1)

N(2M)

2N

NLMS

N(3M)

N(2M)

2N

RLS

N(6M)

N(3M)

N(2M)

DIVISIONS

2M

Figure 4.28: Tabularform showing computational complexity
In the table there are 1 multiplication, M+1 multiplications, M+1
additions and the error equation has one addition, one multiplication. In
the output we have M+1 multiplications, M additions, so all together we
have input signal length (2M+1) multiplications, N(2M) additions and 2N
subtractions.
From the tabular form 4.28 and figure 4.29, it is clear that LMS has the
least computational complexity of all while RLS has the highest
computational complexity among all the adaptive algorithms.
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Chapter 5
Conclusions
In the pursuit for greater call clarity, echo cancellers have been given a great
deal of importance by the network managers. To this day, they stand as
center of attention in the field of research and development. An excellent
elimination of echo in the network holds the key to improve the call quality
thereby improving user satisfaction which ultimately leads to the increase
in revenue.
This research is initiated with an aim to evaluate the performance of
LMS,NLMS,LLMS and RLS adaptive algorithms for acoustic echo
cancellation. Unlike the previous researchers, a conference room is modeled
in order to perform acoustic echo cancellation.
Initially, all the four adaptive algorithms (LMS, NLMS, LLMS,
RLS) are implemented by using a sample input i.e. a sinusoidal signal and a
wide band signal (additive white Gaussian noise). So echo canceller is
implemented and the performance of different adaptive algorithms is
compared. Then, the echo canceller is implemented in a conference room, i.e.
the considered input signal (benny.wav) is convolved with room impulse
response which resulted in generating the acoustic echo signal from which
the original signal is recovered by adaptive filtering.
Results are presented individually for each and every algorithm implemented. When the final results were observed, it is clearly observed that RLS
algorithm exhibits a higher ERLE value i.e. 27.19 whereas LMS, LLMS exhibited ERLE value of 26.2. These values are scaled in the graphs of ERLE
vs room impulse response. In the next plot, where ERLE vs reverberation
time, RLS has maximum ERLE value at 0.2. The filter parameters used for
the above plots are, for LMS, μ is 0.006, for NLMS β is 0.3, for
LLMS μ is 0.01 and λ is set to 1.When ERLE verses filter length is plot,
RLS again exhibits maximum value. Considering the
58
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average value of ERLE for different algorithms show that its value is high
for RLS algorithm.
Another parameter that stands as a measurement to the performance
of
the
system
is
the
SNR
value.
It
was
observed that the SNR value is high for NLMS algorithm when
compared to other algorithms. Computational complexity plays a vital role
in deciding the performance of the adaptive algorithms too. Among the
chosen adaptive algorithms, LMS exhibits a lower computational complexity than the other algorithms, whereas it is high for RLS algorithm.

5.1

Future Work

Future work can be extended by implementing the above realization using
digital signal processors and for higher filter orders with more
computational
parameters
and
to
improve
speech
quality.
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