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ABSTRACT

This thesis investigates the systems for hands-free mobile communication. In
hands-free communication, there are various kinds of disturbances in the microphone
reception due to the distance between the source and the receiver. The disturbances are
mainly background noise and reverberation. To overcome these problems, this thesis
uses two techniques: one is first-order adaptive differential microphone array, referred
to as Elko’s beamformer and the other is spectral subtraction using a minimum
statistics approach. The two techniques have different approaches in the way they
process the signals. In the adaptive beamforming technique, the basic principle of
noise suppression is purely based on phase information; based on the obtained phase
information the beam is steered to the direction of desired signal and reducing the
noise coming from other directions. Spectral subtraction, on the other hand, is a single
channel speech enhancement technique typically using omnidirectional microphone,
which does not use any phase information to process the signal. The spectral
subtraction algorithm estimates the noise spectrum in speech pauses and subtracts it
from the noisy speech spectrum to give an enhanced speech output.

In this thesis, Elko’s beamformer is realized by combining two omnidirectional
microphones to forms back-to-back cardioid. By using adaptive capabilities of the
system, the first order microphone null is restricted to rear half plane and it can
significantly improve the signal-to-noise ratio in hands-free communication. The other
technique involved is spectral subtraction using a minimum statistic approach. This
technique ignores the conventional way of approach, which estimates noise based on
voice active detection (VAD). The minimum statistic approach is capable of dealing
with non-stationary noise signals and requires low computational complexity. In this
thesis the two techniques, beamforming and spectral subtraction are combined to give
an even better system in terms of noise reduction.

The systems individual performance and also combined performance is tested.
Though the proposed algorithm shows lacking performance in the case of reverberant
environment, but outperforms in case of anechoic environment with the average SNR-I
of 19.5 dB and the average PESQ scores of 3.1.Thus, by taking these results into
consideration, it can be concluded that the proposed method yield’s improved speech

quality in an anechoic environment.

Keywords: Beamformer, Speech enhancement, Hands-free communication, Spectral

subtraction, anechoic, Noise suppression.
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1

INTRODUCTION

With the advancement of technology in communication systems, mobile phones
have gained increasing popularity and have become one of the essential devices in our
day-to-day life. People have got accustomed to the mobile phone as it is a portable and
easy to carry device that allows effective ways of communication with people living in
different time-zones. In hands-free devices, when the distance from the talker to the
microphone increases, the microphone picks up various kinds of disturbances such as
background noise and reverberation which severely degrades the speech quality and
decreases the intelligibility. Thus, to improve the performance of hand-free devices in
noisy environments several speech enhancement techniques have been proposed.

One common technique is array beamforming which is based on multiple
microphones and has the advantage over a single microphone in that it exploits both
spatial and temporal characteristics of a signal. Beamforming is the term derived from
pencil beams which receive the signal from specific location and attenuate the signal
from other locations [1]. Beamformer can be classified into fixed beamforming and
adaptive Beamforming [1]. The basic difference between fixed and adaptive
beamformers is that the filter coefficients of the adaptive beamformer are adjusted
based on the array data and steers the beam to the direction of desired signal, where as
in case of fixed beamformer they are fixed and do not depend on any array data which
restricts the beamformers directivity to a specific region. Generally, adaptive
beamformers have better noise suppression than the fixed beamformers. The delay-
sum beamformer, differential array beamformer and super-directive beamformer are
some of the fixed beamformer used in far-field and near-field communication [2].
Some of the adaptive beamforming techniques used in telecommunication and in
hearing-aid devices are the Generalized side lobe canceller (GSC) and Linear
constrained minimum variance (LCMV) [2]. By utilizing the adaptive filter
capabilities, Elko [3] has designed a first order adaptive differential microphone array
which is more suitable for hand-free applications.

This thesis consists of two speech enhancement methods: one is Elko’s
beamformer [3] and the other is spectral subtraction by Martin [4]. Elko’s beamformer
is a multi-channel speech enhancement technique designed using a first order adaptive
differential microphone array. The first order adaptive beamformer used in this thesis
consist of two microphones; the two microphones were connected in alternate sign
fashion to form a back-to-back cardioid. This system is chosen due to its high

directivity index and also since this concept has been proven to be successfully applied
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in the area of speech communication such as teleconferencing and hearing-aid devices
[5]. Differential microphone arrays have higher directivity compared to uniformly
weighted delay-sum array given the same array geometry [6]. In any beamforming
technique, phase information is vital. Based on the phase information of the two
microphone signals, the beamformer adjusts its beam pattern selectively towards the
direction of the desired signal and thereby reduces the amount of noise in the speech.

Another technique in speech enhancement is spectral subtraction. The spectral
subtraction algorithm is a single channel speech enhancement technique and is based
on the assumption that the background noise is additive and can be estimated when the
speech is absent, the estimated noise is then subtracted from the noisy speech signal
[7]. The conventional spectral subtraction algorithms are restricted to deal with
stationary noise signals. The method proposed by Martin [4] has improved the spectral
subtraction algorithm by eliminating the traditional way of estimating noise i.e., by
removing the need for voice active detectors (VAD) and instead using a minimum
statistics approach. The minimum statistic approach is well suited for tracking both
stationary and non-stationary noise signals and the computational complexity of the
system is also reduced compared to conventional methods. By considering the
individual capabilities of the system, the two approaches: Elko’s beamforming and
spectral subtraction are combined to increase the robustness of the overall system. The
evaluated results are shown using performance metrics like SNR and PESQ.

Overview of the proposed system

The block diagram of a proposed method is presented in Figure 1.1. The whole
system can be divided in two main functional blocks. The first block is an Elko’s
beamformer [3] consisting of two microphones. The two microphones are spaced very
closely compared to acoustic wavelength to realize the differential microphone array.
The signal received by the two microphones is properly delayed by using fractional
delay filter and further the beamforming is adapted using the NLMS algorithm, which
helps in reducing the noise. The processed output of the EIko beamformer is given as
input to the spectral subtraction block. In this stage the signal is windowed and by
applying FFT it is transformed into time-frequency domain, i.e. the signal is converted
to subband signals using a filter bank. Now, by using minimum statistic approach by
Martin [4], the noise estimate is updated and the estimated noise is suppressed from

the corrupted speech.
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Figure 1.1:Block diagram of Integrated speech enhancement system.

1.2  Research Questions

1. How to achieve robustness of speech pick-up in hands-free mobile phones?

2. How effective is an integrated system when compared with Elko’s Beamformer
(EB) and spectral subtraction (SS) in both reverberant and non-reverberant
environment?

1.3  Thesis Organization

The rest of this thesis is organized as follows. Chapter 2 covers the basic
foundations on the short time Fourier transform, filter banks and fractional delay
filters. Chapter 3 deals with virtual acoustics and simulation techniques involved in
generating synthetic room impulse responses. Chapter 4 & 5 introduces speech
enhancement techniques and also design of Elko’s beamformer and spectral
subtraction algorithms. Chapter 6 deals with implementation of room impulse
response, Elko’s Beamformer, spectral subtraction and combination of EB-SS systems.
Chapter 7 provides the simulation results of Elko’s Beamformer, spectral subtraction
and the combined of EB-SS systems. Finally, chapter 8 ends with conclusion and

future work.
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2.1

FOUNDATIONS

The purpose of this chapter is to introduce the short time Fourier transform, filter
banks and fractional delay filter. In this paper filter banks based on short time Fourier
transform (STFT) is considered. Filter banks splits the signal into several segments and
also restore the signal back to its original form. Basically, in audio processing the most
commonly used filter banks are designed based on STFT. In chapter 5, filter banks
used in spectral subtraction helps the system to accurately analyze the signal spectrum
for reducing the noise in the noisy signal.

Here in this paper fractional delay filter is used at microphone reception of the

Elko’s beamformer to approximately delay the signal to by its non-integer value.

Short Time Fourier Transform (STFT)

The discrete-time short time Fourier transform (STFT) is defined as a function of
two variables: time and frequency. The Fourier transform plays a major role in
analyzing frequency domain signal; it is used in analyzing stationary or deterministic
signals. However, in practice there are various kind of signals which are not stationary.
For instance, consider a quasi-stationary time varying speech signal, whose spectral
and temporal characteristics change over time. To be able to analyze this type of signal
in the time-frequency domain, the idea of STFT has been proposed [7, 8]. The STFT

of a signal x(n) is defined as,

XA, w) = EaZs x()w(n — e JOk" (2.1)

where A is the discrete-time index,

wp =25k =0,..N—1,

N is the length of the window,
x(n) denotes input signal and

w(n) represents the analysis window.

The STFT is obtained by segmenting the input signal using fixed-size sliding
window, which is then Fourier transformed. Moving the window one time point at a
time gives overlapping windows [9]. Finally, the segmented outputs are synthesized
using the inverse Fourier transform to reproduce the time domain signal. The
magnitude of STFT |x(4,w,)|? is also known as spectrogram which is a two

dimensional representation of the power spectrum as a function of time [7, 10]. The
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2.3

2.4

STFT is also known as windowed DFT, the Gabor transform and the local Fourier

transform [9].

Windowed Discrete Fourier Transform (WDFT)

The WDFT is typically used as an analysis window function it can be used to
transform a signal x(n), at pre-defined intervals of time, to obtain a time dependent
subband signal. The mathematical expression is obtained as

XA k) = YV w(n)x(AR + n)e~J2mkn/N (2.2)

Where w(n) is a window function.

The window which is used to truncate the signal at regular intervals with a
decimation factor R, forms an overlapping time window. Each segment is then
processed by DFT to give an output as short-time discrete Fourier spectrum.

In equations (2.1) and (2.2), the primary purpose of using the window is to limit
the extent of the input data sequence to be transformed so that the spectral
characteristics are reasonably stationary over the duration of the window.

In the definition of the equation (2.1), the window is shifted as A changes, keeping
the time origin for Fourier analysis fixed at the original time signal. In contrast, in
equation (2.2) the time origin of the window is held fixed and the signal is shifted.

Windowed IDFT (WDFT)

The WIDFT is used for reconstructing the signal from the analysis bank output and
is part of the operation performed in the synthesis bank. The mathematical expression

for the signal reconstruction is given as,

x(RA+1n) = — SN SId X (A + 1, k)el2men/N (2.3)

=0 ()
where L=N/R, n=0,...R-1. When L=2 then there is 50% overlap.

Filter Bank

In signal processing the concept of filter banks are popularly used and has a wide
range of application such as [10], speech processing, image processing, graphic
equalizer, subband coding, tele-transmission, signal detection and spectral analysis

.The filter bank used in this paper is based on the principle of STFT. It is an



arrangement of low pass, high pass and band pass filters used to filter the input signal
and perform DFT operation to give the output as subband signals {x;(4), ... xx (1)},
where k =1,...,K-1, is the sub-band index and A corresponds to time index. After
subband processing, the subband signals are then inverse discrete Fourier transformed
to construct a time domain signal [8, 11, 12]. The filter banks considered here involve
different sample rates, also known as multirate systems [12]. The two fundamental
operations involved in a multirate system are decimation and interpolation. The
decimator is used to decrease the sampling rate and interpolation is used to increase
the sample rate of a signal [13]. The symbolic representation of decimator and

interpolator is shown in figure 2.1.

x>y R > ym) xn) — 41— y(m)

Figure 2.1: Block diagram of Decimation and Interpolation.

Analysis
% Bank

Synthesis
Bank M

Figure 2.2: Block Diagram of Filter bank.

There are two classical methods delaying with the circular convolution problem
related to DFT, filter bank summation and weighted overlap-add (WOLA) [8]. Figure 2.2, is

an illustration of analysis-synthesis filter bank.

2.4.1 Design of WOLA Filter Bank

Using the weighted overlap-add method [14], the basic frame work of the analysis
filter bank remains the same, i.e. splitting the input signal by time windowing and then
overlapping with the adjacent time windows, which is then discrete Fourier
transformed to get subband signals. However, for the synthesis part, a second window

function is applied after the inverse discrete Fourier transform. Further, the windowed



signal is then again overlap-added to get the desired output. This kind of synthesis
window technique is also referred as “post window” or an “output window”.The
parameters used in design of WOLA filter bank are:

N- Length of the window.

K- Number of subbands.

L=N/R the Oversampling factor.

R- Decimation ratio.

2.4.1.1 Analysis Filter Bank

The operation of the analysis filter bank is as follows. The input signal is
decimated by a decimation rate R and a block of samples are stored in the input FIFO
buffer u(n) of length N. Then, samples are element-wise weighted by a window
function w(n), of length N samples and stored in the temporary buffer t1(n). The
elements of the vector t1(n) are then time aliased to another temporary buffer t2(n).
Ensuring that the results has a zero phase symmetry is done by circularly rotating
vector t2(n), by K/2 samples, that is the center sample of t2(n), is aligned to the starting
sample of the transform. Now the DFT of the circularly swapped data is computed and
the output is obtained as subband signals, x« (n), [8][11].

The figure 2.3 shows the analysis filter bank producing a set of subband signals
which are subjected to subband processors, denoted as g, to yield the subband output

signals Y.

R
+

‘4—|4—|4—u(n 4—|4—|4—‘;~.¥r

W) ___?
1

|
‘ | tr (1) | | ‘ N Clrcular shift
- - v v -
Iz -
[T | kK |7k [l kK [f] £ | || ™
AL(A) ¥YolA)
e

Figure 2.3: Block diagram of weighted overlap-add analysis bank. The subband
signal X (1) is processed by subband processor g, .



2.4.1.2 Synthesis Filter Bank

In the synthesis filter bank is where the actual implementation of WOLA resides.
The processing of synthesis filter bank shown in figure 2.4 is as follows. At the end of
the analysis bank K/2 complex values are removed, so during the reconstruction, prior
to applying inverse FFT the K/2 complex conjugate samples are added. The subband
signals are then inverse discrete Fourier transformed and the output is circularly
rotated in order to counter-act the process previously done by analysis bank the result
is then stored stored in a buffer t3(n).The data ts(n) is repeated in a vector ty(n) of
length N/ R. Then the elements of t,(n) is weighted by a window function w(n), and
then added to the output FIFO buffer ts(n) [5]. Here the signal is weighted by window
function w(n) and then overlap-added into the output buffer. Hence forming the

“weighted overlap-add” synthesis window.

Xo(4) Yo(A) R
—_—> Jo > |
A y1(1) Circular shift
— > 01
® IFFT
[ J
Xg-1(D) hd Vi-1(4)
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Jra ty(n)
|
t4(n) N/R
Synthesis ﬁé
Window ,
e N¢ Zero
Output FIFO J "
€« | €<— <—f5 (nf_ < <
N/R

Output ¥ (AR+n)

Figure 2.4: Block diagram of the weighted overlap-add synthesis filter bank.



2.5 Fractional Delay Filters

Delaying a signal with an integer time delay is straight forward, but the issue arises
due to the non-integer part. Fractional delay filters are designed to delay a signal by a
non-integer number of samples. It is a filter designed for band limited interpolation. It
is a technique which not only samples a signal at an arbitrary point in time but also in
between two sample points [16].In order to get an appropriate output satisfying the
Nyquist criterion it is required, apart from satisfying sampling rate to select exact
sampling instances[17].

2.5.1 Windowed SINC function

One of the most common fractional delay techniques is by using a sinc filter [18],
where the name is derived from the sine cardinal function. To get a fractional delay of

D, samples, multiply the shifted by D,., sampled, sinc function.

y(D;) = Xt y(n)sinc(n — D;.) (2.4)

where D,. is the positive real number with integer part and fractional part.

The ideal fractional delay interpolator can be written as,

sin(m(n—-Dy))

hp, (n) = sinc(n — D) = o

(2.5)
The sinc function can be viewed as hyperbolically weighted sine function, whose

zero-crossings occur at all integer values except at n = 0.

Ideally the impulse response of a sinc filter is of infinite length, i.e. non-causal
filter. So practically the ideal fractional delay filters are non-realizable [17]. In order to
produce a realizable fractional delay filter, a truncated finite length sinc function

should be used.
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Figure 2.5: SINC Interpolation plots is given with (a) D,,=3.0 samples and
(b) D,.=3.4 samples [11].

Figure 2.5 plot (a) shows the continuous sinc function sampled at integer number
and figure 2.5 plot (b) shows the continuous sinc function sampled by 3.4 samples. It
is very important to use fractional delay filter because if fractional samples are ignored
by rounding off, some amount of valuable information is lost. To get an adequate

signal, appropriate sampling instances must be properly selected.
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3

3.1

VIRTUAL ACOUSTICS

Acoustics is the science that studies sound; in particular its production,
transmission and effects [20]. The nature of acoustic properties varies depending on
the environment. For instance, a sound produced in an open space is perceived
differently by a listener in comparison to sound produced in an enclosed space.

In an enclosed space, such as room or concert hall, the acoustical properties
depend on the architectural configuration of space and the absorption properties of the
material covering the surfaces inside that space. The sound that is perceived by the
human ear in a room will be the combination of both direct sound and the reflected
sound [21]. This reflection phenomenon is referred to as reverberation.

Reverberation

Reverberation is the persistence of the sound which remains after the actual sound
stops as illustrated in figure 3.2. The reflections are the delayed form of the original
signal with decreasing in amplitude. To measure the duration of the reverberation, the
so-called reverberation time is used. The reverberation [22] time is defined as the time
require for the sound to decay to a level of 60dB below its original level. The
reverberation time is denoted as RT60 and can be expressed as

RT4 = 0.1611 % (3.1)
where v is the volume of a room (m°) and Sa is total absorption of a room
expressed in Sabine’s.

The impulse response obtained between the source and the ear of the listener
microphone can be said to consist of two parts, one represents direct sound and early
reflections and the other represents late reverberation as shown in figure 3.1. The
figure 3.2 is the pictorial representation of both the direct and reflected paths of the

sound wave.

Reverberated sound

Direct sound

B Early reflection

Figure 3.1: Division of reverberated sound into two parts.
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Figure 3.2: Illustrating direct path, first-order and second-order reflections

from a source to microphone [17].

3.1.1 Direct Sound

The first sound from the source that is received by the receiver is the direct sound
which has not been influenced by any reflections. In case the source is not in a straight
line to the listener then there is no direct sound. In an ideal anechoic room there is only

one propagation path that is from a source to microphone.

3.1.2 Early Reverberation

Within an enclosed environment, the direct sound hits the surfaces of the room,
followed by a series of indirect reflected sounds with a little time delay, forming the
so-called early reverberation. If a signal from a source reaches the microphone by
reflecting off only one wall, then it is called a first order reflection. If the signal
reflects off two walls before reaching the microphone then it is called a second-order

reflection.

3.1.3 Late Reverberation

Late reverberation is the sound that is obtained from reflections with larger time
delay. It consists of higher-order reflections with a dense succession of echoes of
diminishing intensity [24]. Generally late reverberation is perceived as annoying; one
important effect is lengthening of speech phonemes. The reverberation of one
phoneme is overlapped by other phonemes; this phenomenon is called overlap-
masking [28].

The response illustrated in Figure 3.3 is the real response of the sound energy in

the reverberant room.
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Figure 3.3: A schematic diagram of an impulse response of an enclosed

room consisting of direct sound, early and late reverberation.

Modeling of room acoustics

The computational modeling of room acoustics can be achieved using one of three
different methods [25], as shown in figure 3.4.

o Wave based method

o Ray based method and

o Statistical model.

Out of these three methods, the ray based method is most often used. Two
different ray based methods are Ray-tracing and the other is Image-Source method
(ISM). The basic distinction between these two methods is the way the reflection paths

are calculated [25].

COMPUTATIONAL MODELING
OF ROOM ACOUSTICS

WAVE-BASED RAY-BASED STATISTICAL
MODELING MODELING MODELING
DIFFERENCE ELEMENT RAY- IMAGE-SOURCE SEA
METHODS METHODS TRACING METHOD ‘
FEM BEM

Figure 3.4: A Block diagram showing the computational models for room

acoustics.
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3.3

In this thesis, the image-source method is used for generating the impulse response
of an enclosed space. It is very a simple technique to use but as the order of reflections

increases, its computational time increases exponentially.

Room impulse response generation using the image-

source method

Allen and Berkley [26] developed an efficient ISM to calculate a room impulse
response in an enclosed room. This method is mainly developed for evaluating
acoustic signal processing algorithms in a virtual environment and it is now the most

commonly used algorithm in the acoustic signal processing community.

The image method assumes specular reflections from smooth surfaces and is also
used in analyzing acoustical properties of an enclosed space. The model deals with the
point-to-point, i.e. source-to-microphone, transfer function of the room [26]. This
technique is used for creating virtual sources by taking mirror images of the room and
placing it adjacent to the original. In this way several images are placed one adjacent
to the other representing each image as a virtual source.

o o | o |

/ /=
(@) (b)

""""" T7°°""--"""7 Where o- source

O /O | O ! *- microphone

==

......... Lo

(¢

Figure 3.5:(a) Shows the direct sound from the source to the microphone.(b)
Shows one reflected path. (c) Shows two reflected paths.

Figure 3.5(a) shows only one path which is from the source to the microphone i.e.
the direct path signal. And the figure 3.5 (b) & (c) illustrates the direct path together
with the indirect paths. Each reflected path is represented as an echo and each mirror
image is symbolized as a virtual source. The reflection property of the walls depends

basically on its hardness. As walls become rigid the image solution of a room rapidly
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moves towards an exact solution of wave equation [26]. If the reflection coefficient of
a wall is Zzero’ then it is a perfect absorber that means no reflections and if its
reflection coefficient is ‘one’ then it is a perfect reflector.

3.4  Mathematical frame work of the image method

This section clearly shows the mathematical framework for generating RIR.

Hr
g
:-:m’q—
J_ 4 | fal
T [

Figure 3.6: A one dimensional room with one source and one microphone [27].

Figure 3.7 shows a one dimensional view of the image model. The plus sign
denotes the origin, the star denotes the microphone position and the green circle is the
real source position. The black circles which are present to the left and right of the

origin are the virtual sources. Now, nearest virtual source need to be located.

The x-coordinate of the i:th virtual source can be expressed as [27],

x; = (=1)ixg + (i + 1_(_1)1) X, (3.2)

2

Where x is the x-coordinate of sound source, x, is the length of the room in x-
axes and x; is the i"™ location of the virtual source. If i=0 then x;=x,. The distance dy,

between the virtual source and the microphone is calculated by subtracting the x,,

from x;, i.e.

dyy = (- + (i #7520 x, — (3.3)

Similarly, the distance between the microphone and the i:th virtual source position

alongy & z axes is

i . 1-(-1)}
dy, = (=D'ys + (1 +757) % = v (34)
dyy = (—Dizy + (1 + 5520 2, — 2, (3.5)

The distance vector of x, y & z axes can be expressed as

iz, = Jd;i 2, +d2, (3.6)
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Let

dx.y,z;
— iVi%i
Uyiyizg =L —— (3.7)

where u,,,.,. is the time delay of each reflection, t is the time, d,,, .. is the
distance from the virtual source to the microphone and c is the speed of sound. Now,
the unit impulse response (UIR) function is defined as w,,y, ;-

1 if Ueyyiz; = 0

axiyizi(uxiJ’izi) = {0 otherwise (3-8)

i.e. magnitude of the UIR function is one when u,,, ,. = 0. Basically there are two

things that effect magnitude of each reflection. That is,

e The distance travelled from source to microphone i.e.

1

bxiYiZi o @, (39)

e The number of reflections that a signal makes before reaching the microphone.
Usually, every wall has its own reflection property depending on the type of
material used. For simplicity, all the walls are considered to have the same
reflection coefficient. The equation can be shown as

— rlxi|+|yi|+|zi| ’ (3.10)

Txiyiz; w

where x;, y; and z; denotes the indices of the virtual sources on x, y and z axes.

By combining the two equations, equation 3.10 and 3.9, one obtains

=b (3.11)

€x;yizi = Oxiyizi Txiyiz; o

Finally, by multiplying a,,.,, and ey,,.,, and then applying summation to all x;,

y; and z; indices, the room impulse response can be obtained as

h(t) = ?z—n axiyizi rxiyizi . (312)
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4

BEAMFORMING

Beamforming is a technique used to control the directionality pattern of sensor
arrays, receiving the signals coming from the specific direction while attenuating the
signals from other directions. Usually the desired signals and the interfering signal
share different temporal frequency band, if both the signals occupy same temporal
frequency band then temporal filtering is not possible. A beamformer designed to
receive spatially propagating signals, may come across interfering signals along with
the desired signal. Figure 4.1, shows the pencil beams obtained from spatial filters.
Beamformers has found numerous applications in radar, sonar, wireless
communications, acoustics and biomedicine [1].The Beamformers can be classified
into two types:

1. Fixed and
2. Adaptive.

o8l | 4
0.6 1
o4k 4

o2 |

o -
~0.2 -
-

-0.6 - 1

-8B -

=1

Figure 4.1: A polar plot of typical antenna beam pattern [25].

Fixed beamformers are used to spatially suppress noise which is not in the
direction of the fixed beam. Fixed beamformers are often referred to as Data-
independent beamformers and have fixed filter coefficients which do not adapt to
changing noise environments. Examples of fixed beamformer are delay-and-sum,

Weighted-sum and filter-and-sum.

Adaptive beamformers have an ability to adjust the filter weights to suit the input
signal and adapt to varying noise conditions. Adaptive beamformers are also known as
Data-dependent beamformers. An example of an adaptive beamformer is LCMV

(Linear Constrained Minimum Variance) beamformer.
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4.1  Differential microphone

Differential microphones are one of the most commercially used viable
microphone products in the market, since the 1950s [29]. The term first-order
differential microphone array is referred to any array whose response is proportional to
the combination of both pressure and pressure gradient components. By adjusting the
ratio between two components a cardioid pattern is achieved. Differential arrays are
referred to as super directional arrays owing to their higher directivity index compared
to uniformly weighted delay-sum arrays. A super directional array is achieved by
placing the microphones very close, so that the spacing is much smaller than the
acoustic wavelength of the considered signal [6]. The microphone signals are

combined in alternating sign fashion to give an output in the desired direction [30].

4.1.1 First-order derivation

Consider a figure 4.2, which is a first-order array having two omnidirectional
microphones with distance between them as d, a signal s(t) arriving from a far-field

with spectrum S(w) and wave vector p received by the two-sensor array.

6 s(t)

O

y () «—0O d p
T v q

Figure 4.2: Diagram of First-order differential microphone.

The time delay T depends upon the distance d between the two microphones and
the angle @ of incoming wave s(t). The time delay 7 is the time taken by the sound
wave in reaching the two microphones.

T = (dcos8)/c 4.2)

c is the speed of sound. By changing the time delay 7, the beamformer can steer

the null to the desired angle. The output of the beamformer is

yt)=s(t—1)—5s(t—-T) (4.2)

18



The output y(t) can be expressed in the spectral domain as,

Y(w,0) =S(w)(1— e_j(wT+pdcose))
= S(a))(l — e—jw[T+(dc059)/c])' 43)

where, the substitution |P| = p = w/c is the wavenumber and T is equal to the
delay applied to the signal from one microphone. By taking magnitude of equation 4.3

gives

w|[T+(dcosB)/c]

Y (w,8)| =2 |S(w)sin >

(4.4)

If small spacing and delay (pd <« mand wT < m) is assumed, the spectral

magnitude can be approximated as

Y (w,8)| = w|S(w) [T + (dcosh) /c]|, (4.5)

As can be seen from equation 4.5, the first-order differential array has a monopole
term and a dipole termcosf. Also, it can be noted that the amplitude response
increases linearly with the frequency. However, this frequency dependence can be
easily compensated by using first-order lowpass filter at the array output. The

directivity response of first order array can be expressed as,

T T
D1(9) - T+d/c + (1 N T+d/c

) cos6 (4.6)
The implementation requires an ability to generate any time delay T between 0 <
T < d/c. Since generation of a fractional time delay in a digital domain is non-trivial
the solution is unrealistic for real-time implementation. By overcoming this issue, Elko
has designed a system with two back-to-back cardioids, whose outputs are weighted

and subtracted to give the desired result. Its implementation is discussed below.

The directivity pattern of adaptive directional microphone is illustrated by showing
the polar plots in figure 4.3. The adaptive directional microphone constantly adapts the
directivity pattern by putting the null to the direction of noise field . Figure 4.3 clearly
shows that the noise is blocked by the null and the desired signal is allowed to pass by

having the maximum directivity beam [36].
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Figure 4.3: Basic principle of adaptive directional microphones [36].

4.2 Elko’s algorithm

Elko has proposed an adaptive first order differential microphone solution by
implementing a scalar combination of the forward and backward cardioid
microphones. The system consists of two omnidirectional microphones, which are
spaced closely to form back-to-back cardioids by ensuring that the sampling period is
equal to d/c. At the output y(t) in Figure 4.4 a first-order lowpass filter is used to
compensate for the response of the differential microphone. Here in the Figure 4.4, T is

the delay which is applied internally in the system to the received microphone signals.

s(t)

\/<9

p
® . ®
T T |delay Cs(t)

%(_ +H
Lowpass
(\,—B W Filter [ >
- y (©)

Cr(t)

Figure 4.4: Adaptive first order differential microphone array by using the
combination of back-to-back cardioids.

By ensuring that the sampling period is equal to d/c in Figure 4.4, the expression
for the forward and the backward facing cardioids is given, assuming that the spatial
origin is at the array center [3]. Figure 4.5 shows the polar plot of forward and

backward cardiod for an adaptive differential microphone array.
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Cr(@,0) = 2j S(w)e o/ 25in PACL20)
and,

jwT _
Co(®,6) = 2j S(w)e™ 2 sin 2=

Y(w,0) = Cr(w,6) — BC,(w,0)

Normalizing the output signal by the input spectrum S(w) results in,

Y(w,0)| _ . pd(1+cosf) . pd(l—cos0)
| S(w) | =2 |sm 2 psin 2 |

Forward Cardioid
E e Backward Cardioid

180

270

(4.7)

(4.8)

(4.9)

(4.10)

Figure 4.5: Directivity pattern of back-to-back cardioids of first-order adaptive

differential microphone.

4.2.1 The NLMS algorithm for Elko’s first order beamformer

In a time varying environment it is advantageous to use an adaptive algorithm to

update the steering parameter . The optimum value S is used to minimize the mean-

square error of the microphone output. Therefore, to make the system adaptive the

NLMS algorithm which is simple and ease to implement is used [31] .Lets take,

y(t) = Cr(t) — BCp(1)

Taking square of the equation 4.10 on both sides,

Y2(t) = Ci(t) — 2BCr(t)Cp(E) + B*Cy(t)

(4.11)

(4.12)
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The steepest descent algorithm is used in determining the minimum mean square
error E[ y2(t)] by stepping in the direction of negative gradient with respect to

parameter . Thus steepest descent update equation is

d 2
/3H_1 =B, —u E[Zg(t)] (4.13)

Where p is the update step-size.

Performing the differentiation yields,

= —ZCF(t)CB(t) + 2ﬁC§

= —2y(£)Cy (D) (4.14)

Thus, the LMS update equation is,

Biy1 =B, — 2uy(®)Cp(0) (4.15)

Normalizing the step size u, leads to the normalized least-mean-square (NLMS)
algorithm, giving the update equation as

Cp(t)

= -2 —_—,

(4.16)

where the brackets indicate a block average. Figure 4.6 shows the directional

pattern of a first-order adaptive differential array with varying p.

270

Figure 4.6: Directional response of first-order adaptive array for0 < g < 1
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5

5.1

SPECTRAL SUBTRACTION

Spectral subtraction (SS) is a single channel speech enhancement technique. It is
one of the earliest algorithms proposed for noise reduction. Boll developed the spectral
subtraction algorithm in 1979 [32] and there after many related approaches have been
proposed. The objective of a speech enhancement algorithm is to improve the quality
and intelligibility of the speech by reducing the noise. In a real environment, there are
various kinds of noise interfering with the speech, which severely distorts the speech
components. The basic principle of the SS algorithm is to subtract the estimated noise
magnitude spectrum from the noisy speech spectrum to obtain a clean speech signal.
The noise spectrum is often estimated by the help of a technique called voice activity
detector (VAD), resulting in a technique that estimates the average noise magnitude
during non- speech activity.

Basic Method

Spectral subtraction algorithms are designed to remove the additive noise. It is
commonly assumed that the background noise is stationary and that the speech signal
is short-time stationary. Furthermore, the noise and the speech are considered to be
uncorrelated to each other [33]. Now, let us consider the noise corrupted speech signal
x(n), which is said to be the sum of clean speech s(n) and additive noise d(n) [7], i.e.

x(n) =s(n)+dn). (5.1)
As the signals are assumed to be short-time stationary the processing can be
carried out on frame-by-frame basis. The noisy signal x(n) is segmented and
windowed and then discrete Fourier transform (DFT) is calculated to obtain a short-
time magnitude spectrum. In the Fourier domain equation 5.1 then becomes

X(w) = S(w) + D(w), (5.2)

where X (w), S(w) and D(w) represents the noisy spectrum, speech spectrum and

noise spectrum, respectively.
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Equation 5.2 can be written in polar form as

X(w) = [X(w)|e/?x), (5.3)

Where |X(w)| denotes the magnitude spectrum of X (w), and ¢, (w) is the phase.
The phase term is ignored initially as it does not affect speech intelligibility [7] and
added back at the output.

Similarly, the polar form for noise spectrum is given as
D(w) = |D(w)|e/?al) (5.4)

The magnitude of the noise spectrum, |D(w)| is unknown, but it is measured
during the periods of non-speech activity. Similarly, the noise phase ¢ (w) is replaced
by noisy phase ¢, (w). The clean speech spectrum can be estimated by subtracting the
estimated noise spectrum from the noisy speech spectrum. The symbol ~ indicates
estimated spectrum. Hence, the estimated clean speech spectrum magnitude can be

written as

1S(@)| = (1X(w)| = |D(w)|)e/#=) (5.5)
where |D(w)| is estimate of noise spectrum magnitude.

The spectrum magnitude can be replaced by the power spectrum by simply
squaring the magnitude of the spectrum, also called the squared-magnitude spectrum
[7] [34]. Now, the equation for the short-time power spectrum is obtained by
multiplying the conjugate X*(w) to X(w) in equation 5.2, giving

1X(w)|? = IS(@)I? + [D(@)|? + S(w)D*(w) + $™(w)D(w)
= |S(w)|? + ID(w)]? + 2Re{S(w)D*(w)}, (5.6)

where D*(w) and S*(w) are the complex conjugates of D(w) and S(w)

respectively. By taking expectation on both sides of equation 5.6, and assuming that

the speech and noise are uncorrelated with each other and both have zero mean, then

the cross terms are reduced to zero, i.e.
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E[S(w)D*(w)] = 0and E[S*(w)D(w)]=0 (5.7)

Where E [.] is the expectation operator. Thus, by using the  above assumption
of the cross terms, the estimate of clean speech spectrum can be obtained as

1S@)|* = 1X(w)I? = [D(w)|", (5.8)

Equation 5.8 defines the power spectrum subtraction algorithm. The algorithm
involves subtraction of averaged estimated noise spectrum from the instantaneous
noise corrupted signal. The enhanced signal |§(w)|2, is not guaranteed to be non-
negative, which is obviously not correct. Hence, caution needs to be taken to ensure

that |§(a))|2 is always non-negative. One of the solution is to half wave rectify to zero,

forcing the negative spectral values to zero [7], i.e.

S = {|X<w>|2 ~P@[ if XK@E> D@ (59

0 else

As the estimate of clean speech spectrum power/magnitude is obtained, it is then
inverse Fourier transformed along with the noisy phase, giving the enhanced output

signal §(n) as

$(n) = IDFT{[S(w)|’ e/}, (5.10)

The generalized form of spectral subtraction is obtained by modifying equation 5.8

and equation 5.9, yielding

()| = 1X(@)|% - |D()|* (5.11)
and
S = @I~ |ﬁ<a8>| Zslf(w)la >DP@|* (519

The exponent a = 2 corresponds to power spectrum and a = 1 corresponds to
magnitude spectrum [7]. The generalized form of basic spectral subtraction is show in
the figure 5.1.
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Figure 5.1: Basic principle of spectral subtraction.
5.2  Spectral Subtraction using minimum statistics

The early spectral subtraction algorithms are based on the basic principle that
noise is additive and one can estimate the noise spectrum in speech pauses by using a
voice active detectors (VAD). The noise estimation is the most important factor in
spectral subtraction. If the estimate of the noise is too low, residual noise is introduced
and if the estimate is too high, a problem occurs with a decrease in intelligibility due to
distorted speech components in the signal. The VAD algorithm is used to detect the
absence of speech. The whole process runs on frame-by-frame basis, using 20-40 msec
windows. The VAD based process works only to remove stationary noise, but in real
environments there are various kind of noise whose spectral characteristics are not
constant (e.g. babble noise) [7].

To overcome this problem Martin [4] has proposed solution known as minimum
statistics. It is a technique which addresses the problem of noise power estimation by
essentially eliminating the need for voice activity detectors without a substantial
increase in computational complexity. The algorithm is capable of tracking non-
stationary noise during the speech activity. The algorithm divides the signal into small
segments and transforms them into short-time subband signal power. The short-time
subband signal power estimate of the noisy signal exhibits distinct peaks and valleys,
where peaks determines the speech activity and the valley of the smoothed noise
estimate gives the estimate of subband noise power. In addition, the algorithm
eliminates residual noise by taking the oversubtraction as a function of subband SNR.
Based on the oversubtraction factor and the noise power estimate, the optimal
weighting of spectral magnitude is obtained. Oversubtraction factor is a parameter

used in controlling the noise spectrum which is to be subtracted from the noisy speech
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spectrum. Figure 5.2, is showing a block diagram of spectral subtraction using

minimum statistics approach.

Phase l
I
D Polar . Polar
F—> Magnitude R X 0
T rect 4 rect F
T
x(n) . T l o
T l Overlapadd —»
\ 4
Noise Power Computational
estimate  ———»  Of spectral
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Figure 5.2: Block diagram of spectral subtraction using minimum statistics.

5.2.1 Description

Let us take a speech s(n) and noise d(n) signal, both with a zero mean and

assume that the received signal is

x(n) =s(n) +dn), (5.13)

Further, assuming that s(n) and d(n) are statistically independent, then the

variance is given by

E{x*(n)} = E{s*(n)} + E{d*(n)}, (5.14)

The input signal is processed through a WOLA filter bank, see section 2.4.1. The
analysis bank process the segmented input signal by windowing and transforming into

short-time spectrum, i.e.
X4, k) = ¥N2wn)x(AR + n)eJ2mkn/N, (5.15)

5.2.2 Subband power estimation

The output of the analysis bank is the squared magnitude squared and the

smoothing factor « is applied to the first order recersive network to give the smoothed
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short time subband signal power P, (4, k).The smoothing constant value is given in
between @ = 0.9, ...,0.95 [4].

5.2.3

P,(Ak) = aP,(A—1,k) + (1 — a)|X(A, k)| (5.16)

Subband Noise Power Estimation

By using recursively smoothed periodograms, short time signal power P, (4, k) is

estimated. The noise power estimate P,(4,k) is obtained from P,(4,k). Let us

consider P, (4, k) of length D samples, then the noise power is estimated as

P,(A, k) = ominP,,;, (4, k), (5.17)

Where P, (4, k) is the minimum noise power and omin is a bias compensation

factor. Due to computational complexity and delay the data window of length D is

decomposed into W windows of length M i.e., M*W=D. The window length must be

large enough to bridge the broadest peak in the speech signal. It was experimentally

proven that the window length of approximately 0.8s-1.4s gives good results.

The minimum of the M consecutive subbband power samples is determined as

follows:

1.
2.

5.2.4

First M samples are assigned to variable Py, (4, k).

The minimum of the M samples are found by sample wise comparison of
Ppract (A, k) with P,(4, k).

Then the obtained minimum power of the last M samples are stored in Ppypin (4 =
A1+ M — 1, k) and the search for next minimum begins until last subband power
sample.

These Pymin (4, k) samples are updated in the variable P,,;, (4, k).

If the actual subband power P, (4, k) is smaller than the estimated minimum noise

power P,,in (4, k), then the noise power is updated immediately [4], i.e.

Ppin(A + 1, k) = min(P,(4, k), Ppin(4, k)) (5.18)

SNR estimation

The SNR is estimated in each subband to control the oversubtraction factor

osub(A, k) .

Py (A, k)—min(P, (A,k),Px(/l,k))
Pnh(Lk)

SNR, (1, k) = 10.log( (5.19)
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SNR, (A, k) is calculated because it forms the basis in deciding the oversubtraction
factor. The oversubtraction (osub) factor is a parameter which controls the amount of
estimated noise spectrum to be subtracted from noisy speech spectrum. If a high SNR
value is obtained then the oversubtraction factor is less and if the SNR value is low,
then it is subtracted with high value. Berouti et. al. [35], have clearly explained about
the relationship between the subband SNR, and oversubtraction factor osub. By
proper selection of the oversubtraction factor the residual noise can be eliminated,
which infact improves the quality of speech by suppressing the low energy phonemes
[4]. The oversubtraction factor is defined as

Ir 1 SNR(A, k) = 20
3
osub(A, k) = 4 4—~—SNR(4,k), —5<SNR(%k) <20 (5.20)
L 4 SNR(A, k) < —5

5.2.5 Subtraction Rule
The amount of subtraction is controlled by oversubtraction factor osub(4, k) and
limitation to maximum subtraction by a spectral floor constant subf(0.01 < subf <
0.05). The spectral magnitudes are subtracted based on the following principle,

YL 0| :{ Jsubf. B, (LK), if IX(LK)I.Q(A k) < /subf.B, (4, k)

IX(LK).Q(A k),  else

Where Q(A, k) = (1 - Josub(z, k) %) (5.21)

After the subtraction part is done, the phase of the noisy speech spectrum is added
back to the output of the magnitude spectrum |Y' (4, k)|. It is then further processed
through WOLA synthesis bank to transform the spectrum into a time domain enhanced

speech signal y(t).
5.2.6 Description of parameters

The following are the parameter used in spectral subtraction to get an enhanced
speech signal.

a. Smoothing constant (¢): The smoothing constant o is used in equation 5.16 to
obtain recursively smoothed periodograms. The optimal choice of the smoothing is
very important. If the estimated spectrum is smoothed too much then the peaks of
the speech becomes broader and the small notches in the speech gets eliminated,

which leads to inaccurate estimation of noise levels and valleys of the power in
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figure 5.3 will not pronounced enough. The smoothing constant is set between
0=0.9...0.95[4].

b. Bias compensation factor (omin): This is the parameter used as bias
compensation of minimum noise estimate. It sets the noise floor for the noisy

speech signal as shown in figure 5.3 [4].

¢. Window for minimum search (D): To get an effective noise power estimate
choosing an appropriate window length is very important. It should be large
enough to bridge any peaks of speech activity and short enough to follow non-
stationary noise variations. The window length of 0.8s-1.4s has proven to give

good results [4].
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Figure 5.3: Estimate of smoothed power signal and the estimate of noise floor for
noisy speech signal.

d. Oversubtraction (osub) and spectral floor constant (subf): The oversubtraction
factor ‘osub’ subtracts the estimate of the noise spectrum from noisy speech
spectrum. After the subtraction there remains peaks in the spectrum. By using osub
> 1, we can reduce the amplitude of the peaks and in some case it also eliminates
them. By doing this, there remains a deep valley in spectrum surrounding the
peaks. To avoid this, a spectral floor has been introduced. When we put subf > 0
then there is no more long deep valley between the peaks compared to subf=0
and also masks the remaining spectral peaks by assigning a suitable spectral
components. The suggested range for spectral floor constant is mentioned in

section 5.2.5.
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6

6.1

IMPLEMENTATION AND PERFORMANCE
METRICS

This chapter explains the implementation details on EB, SS and the proposed
method, i.e. the combination of EB and SS. All system were implemented and tested
offline in MATLB.

Elko’s Beamformer (EB)

The beamformer used in this thesis is based on a first order adaptive differential
microphone array having a high directivity index. It consists of two microphones Micl
& Mic2 spaced at 0.0214 cm apart. The sampling frequency of 16 kHz is used. The
two microphones are placed in alternate sign fashion, forming back-to-back cardioid
shown in figure 4.3. The experiment is conducted in time domain. It is assumed that
the signals reaching the microphones originates from the far-field, therefore by taking
the midpoint of the two microphones as a receiving point the direction of arrival of the
signal at the two microphones Micl & Mic2 will be same, with the time delay of

i(g*cose). To simulate an appropriate time delay to the two microphones, a

fractional delay filter (i.e. sinc interpolator) is used. The outputs of the microphone
signals are again internally delayed by one sample each and by the combination of two
microphone signals the present samples are subtracted from previous samples forming
forward cardioid and backward cardioid. Then the output signal from the beamformer
in the figure 6.1 used for training an adaptive filter which adjusts its filter coefficient
so that the beamformer is steered towards the speech and the null is steered towards
the noise. Finally, the obtained output is passed through a low-pass filter to remove

any additional unwanted high frequency components.

Speech

s(n)
— D

Xi(1) ,
\ b— Elko’s Output
& = — X (n)
| /Y ) | Beamformer .

o7 W M@

Figure 6.1: Block diagram of Elko’s Beamformer.
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6.2

Spectral Subtraction (SS)

The spectral subtraction algorithm is implemented based on the minimum statistics
approach by Martin [4]. The SS algorithm is processed in spectral domain, using
weighted overlap-add analysis and synthesis filter bank as shown in figure 6.2. A 16
ms hamming window with 50% overlap is used for the analysis. The analysis bank
processes the segmented time signal x(n) by applying the windowing function w(n)
and then a FFT operation is used to transform into short-time subband signal X; (4).
The output of the analysis bank is fed to the noise estimation block which estimates the
short-time noise power P,(1, k). The estimated short-time noise power is then
subtracted from short-time subband signal power P,.(A,k),based on the factors
oversubtraction ‘osub’ and spectral floor constant ‘subf”. These are the parameters
which control the amount of subtraction on short-time subband signal power. In
addition to the oversubtraction factor and the spectral floor constant, additional
parameters are the smoothing factor («) , the window length for minimum search (D)
and the bias compensation factor (omin) see section 5.2.6. The parameter values used
in this thesis are: ¢ = 0.9, D=200, omin=0.99.

Further, after the subtraction part is done the output is added with phase
component and then inverse FFT to give time domain signal. Finally, the enhanced

speech output is produced by using the weighted overlap-add method.

Speech x(n) M

Analysis Synthesis ytﬂ)

—

Bank Bank

Noise

Figure 6.2: Block diagram of the spectral Subtraction algorithm.
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6.3

6.4

Proposed system

The proposed system is an integration of Elko’s beamformer and spectral
subtraction. There are several stages to realize system starting from fractional delay
filter to synthesis filter bank.

Yi(e)
—
D Xi1) "
b_ Beamformer
D (1)

Figure 6.3: Block diagram of the cascaded system: EB & SS.

In figure 6.3, the speech signal s(n) and noise signal d(n) are reaching the
microphone with different time delays. By, using a SINC interpolator fractional delay
filter, see section 2.5.1, the signal with appropriate time delay is produced. After
receiving the signals with appropriate time delay Elko’s Beamformer suppresses the
noise using adaptive filters. The output of the EB is given as an input to the analysis
filter bank, see chapter 2. The analysis filter segments the input signal and gives output
as subband power signals. Each subband signal is processed by a spectral subtraction
algorithm which subtracts the noise spectrum using equation 5.20. Now by passing
through the synthesis bank a time domain signal y(n), i.e. enhanced speech output is

constructed.

Performance metrics

The system performance is evaluated by the objective measurements. Objective
speech quality measures are usually calculated by taking both the original speech and
the distorted speech into account using some mathematical formula. Objective
measures calculate a rough estimate of the speech quality as perceived by humans. The
metrics used in this thesis are the signal-to-noise ratio (SNR) and perceptual evaluation
of speech quality (PESQ).
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6.4.1 Signal-to-Noise Ratio (SNR)

The signal-to-noise ratio is defined as ratio between desired signal and undesired

background noise, using a logarithmic scale as

SNRyg = 10  log;y (=22), (6.1)

where Pg;gnq is the power of the pure speech and Py, is the power of pure

noise.

The SNR improvement is obtained by calculating the SNR at the input and also at
the output of the enhancement system and then subtracting the input SNR from the
output SNR, i.e.

SNR improvement= output SNR-Input SNR

6.4.2 Perceptual Evaluation of Speech Quality (PESQ)

PESQ is an objective quality metric for measuring the speech quality,
recommended by the International Telecommunication Union, ITU-T P.862 [37].
PESQ shown in figure 6.4, compares the original signal X (n)with the degraded output
signal Y (n). Output scores of Y (n)is obtained by comparing with a large database of
subjective listening test. PESQ scores is mapped to mean opinion scores (MOS) which
is a scale ranging from -0.5 to 4.5 [41]. Usually most of the scores are in between 1
and 4.5. The low value -0.5 indicates poor quality of speech and the high value 4.5

indicates excellent speech quality [38].

original
input
Perceptual Internal Representation
model of original
Time Difference in internal Cognitive quality
alignment representation determines —»| model
the audible difference
T1212870-00
delay estimate d; 1

Perceptual Internal Representation 7

degraded model of original

output

Figure 6.4: Structure of perceptual evaluation of speech quality (PESQ) [38].
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2

SIMULATION RESULTS

This chapter shows the experimental results obtained by evaluating the
performance of Elko’s Beamformer (EB), Spectral subtraction (SS) and combined
system, i.e. Elko’s and SS (EBSS).

To test the each individual system, a clean speech signal with 16 kHz sampling
frequency was used; contains both male and female voices in it. The experiment is
conducted, by corrupting the speech by three different types of noise signals of which
the intensity is varied from 0 to 25 dB SNR with an increment of 5 dB scale. The
three noise signals are babble noise, factory noise and wind noise. The performance
metrics Signal-to-Noise Ratio (SNR) and Perceptual Evaluation of Speech Quality
(PESQ) is used for evaluation of the system.

The formula used to set the correct gain for the noise given the desired SNR is
given by [39],

1

Su = = (7.1)

SNR;,~SNR
100 10

Where S, is used to vary the noise power, SNR;, is the desired value given to set
input SNR, i.e. 0 dB, 5dB, 10 dB, 15 dB, 20 dB and 25 dB and SNR is the value
calculated at microphone as input SNR defined in equation 6.1. By multiplying the
factor S, with the noise signal d(n) the desired SNR can be attained.

Figure 7.1 shows the power spectral density (PSD) of the babble noise, the factory
noise and the wind noise.
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Figure 7.1: Power spectral density of the three different noise signals.
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7.1

Performance of Elko’s Beamformer (EB)

Performance of the Elko beamformer is evaluated by simulating the speech source
at 45° and the noise source at 270° relative to the microphone array. The system is
tested for different noise environment and the results shown in tables 7.1, 7.2 and 7.3.
These tables include the SNR-I and PESQ values for input SNR of 0 dB, 5 dB, 10 dB,
15 dB, 20 dB and 25 dB. From table 7.1 it can be seen that the SNR-I is varying from
13 to 12 dB and the output PESQ scale is varying from 2.04 to 3.66. Similarly, table
7.2 and 7.3 shows the performance details in case of factory and wind noises. Figure
7.2 and 7.3 shows the comparison plots of babble noise, factory noise and wind noise:
in figure 7.2 SNR-1 is compared for the three different noise signals and figure 7.3
shows the comparison in terms of output PESQ values. From all comparisons it can be
conclude that the performance is high in case of factory noise with an average SNR
improvement of 19 dB and an average PESQ improvement of around 0.3. It can be
noted that while the SNR improvement is largest for the factory noise, the PESQ
improvement (of around 0.46) is highest for the wind noise.

Input SNR Output SNR SNR-I Input Output PESQ-I
PESQ PESQ
0 13.8492 13.8492 1.639 2.049 0.410
5 18.5162 13.5162 2.033 2.389 0.356
10 23.2513 13.2513 2.385 2.734 0.349
15 28.0051 13.0051 2.709 3.059 0.350
20 32.8042 12.8042 3.018 3.346 0.328
25 37.6527 12.6527 3.328 3.662 0.334

Table 7.1: Elko’s beamformer evaluated by using speech at 45° and noise at 270°. The

corrupting noise is babble noise.

Input SNR Output SNR SNR-I Input Output PESQ-I
PESQ PESQ

0 20.4617 20.4617 2112 2.434 0.322
25.1907 20.1907 2.446 2.766 0.320

10 29.923 19.923 2.76 3.064 0.304

15 34.7137 19.7137 3.073 3.352 0.279

20 39.5756 19.5756 3.39 3.674 0.284

25 44.506 19.506 3.725 4,041 0.316

Table 7.2: Elko’s beamformer evaluated by using speech at 45° and noise at 270°. The

corrupting noise is factory noise.
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Input SNR | Output SNR SNR-I Input Output PESQ-I
PESQ PESQ
0 15.3281 15.3281 1.641 2.156 0.515
5 20.0307 15.0307 2.006 2.473 0.467
10 24.7341 14.7341 2.345 2.784 0.439
15 29.4872 14.4872 2.646 3.092 0.446
20 34.2743 14.2743 2.944 3.397 0.453
25 39.1296 14.1296 3.249 3.705 0.456

Table 7.3: Elko’s beamformer evaluated by using speech at 45° and noise at 270°. The
corrupting noise is wind noise.
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Figure 7.2: Comparison of SNR-I for Elko’s beamformer.
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7.2

Performance of spectral subtraction (SS)

The method is evaluated under different noise environments and the corresponding
details and results are shown in tables 7.4, 7.5 and 7.6, showing the SNR-1 and PESQ
values for varying input SNR levels. In the table 7.4 for the babble noise the average
SNR-I is noted as 4.8 dB and the average output PESQ scale is 2.5. Similarly the

corresponding values for the factory noise and wind noise can be observed in table 7.5

and 7.6. In figure 7.4 and 7.5, the comparison plots of SNR-1 and output PESQ are

shown. The highest improvement observed from the comparison plots are for the

factory noise where the average SNR-I is 8.4 dB and the average output PESQ is

approximately 2.9.

Input SNR Output SNR SNR-I Input Output PESQ-I
PESQ PESQ
0 5.4812 5.4812 1.454 1.596 0.142
5 10.696 5.696 1.824 2.048 0.224
10 15.3467 5.3467 2.203 2.435 0.232
15 19.7744 4.7744 2.538 2.751 0.213
20 24.2115 4.2115 2.85 2.992 0.138
25 28.6287 3.6287 3.149 3.21 0.061

Table 7.4: Results for the spectral subtraction algorithm in terms of SNR and PESQ for

babble noise.
Input SNR Output SNR SNR-I Input Output PESQ-I
PESQ PESQ
0 8.9009 8.9009 1.919 2.281 0.362
14.0875 9.0875 2.271 2.565 0.294
10 18.85 8.85 2.589 2.808 0.219
15 23.4391 8.4391 2.902 3.064 0.162
20 27.9619 7.9619 3.206 3.303 0.097
25 32.2602 7.2602 3.414 3.489 0.075

Table 7.5: Results for the spectral subtraction algorithm in terms of SNR and PESQ for

factory noise.
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Input SNR | Output SNR SNR-| Input Output PESQ-I
PESQ PESQ

0 6.7024 6.7024 1.482 1.720 0.238
11.6408 6.6408 1.825 2.115 0.290

10 16.0097 6.0097 2.17 2.439 0.269

15 20.1553 5.1553 2.487 2.696 0.209

20 24.3441 4.3441 2.775 2.932 0.157

25 28.6059 3.6059 3.075 3.170 0.095

Table 7.6: Results for the spectral subtraction algorithm in terms of SNR and PESQ for
wind noise.
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Figure 7.4: SNR-I for SS in different noise environments.
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7.3

Performance of the proposed system (EB-SS)

The proposed system is a combination of Elko’s beamformer and spectral
subtraction. The performance measures for evaluating this integrated system are as for
the previously discussed systems the amount of reduced noise level in the output
speech and also the intelligibility of the enhanced speech, i.e. PESQ.

In this evaluation, the source and noise signals are assumed to be far-field and the
direction of the speech signal is set to 45° and the direction of the noise signal is set to
270°. Table 7.7 shows the results obtained when the noise is babble noise and as can
be seen, the measurement values are as follows: at low input SNR, i.e. at 0 dB, the
improvement is around 19 dB and as the input SNR increases a decreasing SNR
improvement is observed. At 25 dB input SNR the SNR-I is 13 dB. For the same noise
condition output PESQ values varies from 2.4 to 3.4. Similarly, in table 7.8 and 7.9 for
the factory and wind noise the average SNR-I is 23 db and 18 dB, respectively and the
average output PESQ scores are 3.2 and 3.07, respectively. Figure 7.6 and 7.7 shows
the performance comparison of SNR-I and PESQ for the three different noise

scenarios.
Input SNR | Output SNR SNR-I Input Output PESQ-I
PESQ PESQ
0 19.888 19.888 1.639 2.454 0.815
5 24.271 19.271 2.033 2.742 0.709
10 28.455 18.455 2.385 2.973 0.588
15 32.366 17.366 2.709 3.186 0.477
20 35.827 15.827 3.018 3.349 0.331
25 38.487 13.487 3.328 3.486 0.158

Table 7.7: Evaluation of the proposed method in terms of SNR and PESQ for babble noise.

Input SNR | Output SNR SNR-I Input Output PESQ-I
PESQ PESQ

27.06 27.06 2.112 2.816 0.704

30.762 25.762 2.446 3.018 0.572

10 34.217 24.217 2.76 3.227 0.467

15 37.226 22.226 3.073 3.399 0.326

20 39.409 19.409 3.39 3.533 0.143

25 40.617 15.617 3.525 3.592 0.067

Table 7.8: Evaluation of the proposed method in terms SNR and PESQ for factory noise.
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Input SNR | Output SNR SNR-I Input Output PESQ-I
PESQ PESQ

0 21.902 21.902 1.641 2.562 0.921
5 25.840 20.840 2.006 2.787 0.781
10 29.713 19.713 2.345 2.995 0.65
15 33.433 18.433 2.646 3.195 0.549
20 36.697 16.697 2.944 3.383 0.439
25 39.142 14.142 3.249 3.517 0.268

Table 7.9: Evaluation of the proposed method in terms SNR and PESQ for wind noise.
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Figure 7.6: Comparison of SNR-I for EB-SS system under different noise conditions.
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7.3.1 Comparing the proposed system with EB and SS

Figures 7.8 and 7.9 shows the SNR-I and output PESQ scores of the EB, SS and

combined (proposed) EB-SS system for babble, factory and wind noises. By analyzing

the graphs, it can be said that the combined system performance is better than the other
two systems. The average SNR-I for the combined system is 17 dB, 22 dB and 18 dB

PESQ

SNR Improvement (dB)

25

noise, the improvement is largest, with 22 dB.

SNR-l of three systems against different noises
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Figure 7.8: Comparing SNR Improvement of EB, SS and EB-SS systems.
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Figure 7.9: Comparing PESQ scores of EB, SS and EB-SS systems.

in varying environmental conditions and the PESQ is around 3. In the case of factory
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8
8.1

8.2

CONCLUSION AND FUTURE WORK

Conclusion

The aim of the thesis work is to design a system that work efficiently in removing
the noise and the reverberation in a hands-free mobile phone. In this thesis, First-order
adaptive differential microphone array and spectral subtraction algorithm i.e., EB and
SS has been investigated. The performance is measured using objective metrics such
as SNR and PESQ. First, the performance of Elko’s beamformer and Spectral
subtraction were evaluated by corrupting clean speech signals with different kind of
noises such as babble noise, factory noise and wind noise and the test results shows

that EB has better performance than SS.

The two systems EB and SS are combined and the performance is tested by
comparing with the results for the EB and SS algorithm. The integrated system was
tested with three different noise signals both in anechoic and reverberant
environments. But the test results obtained in the reverberant environment was not
convincing, therefore the results were not reported in the thesis report. Whereas,
coming to the test results in an anechoic room the integrated system showed its
outstanding performance when compared to EB and SS. The system has high
performance when the speech was corrupted with factory noise, with average SNR-I of
22 dB and average output PESQ of 3.2. The algorithm proved to be robust in anechoic
environment, even down to SNR’s as low as 0 dB. Finally the results conclude the

integrated system is more efficient then the individual EB and SS.

Future Work

The investigation described in this thesis can be extended by,
» Increase the number of microphones and apart from doing it in a regular
linear array different array geometries like semi-circle, circular and spherical

arrays can be investigated.
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