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ON SOURCE SIGNAL SEGREGATION BASED ON

BINAURAL INPUTS

By : Bagus Tris Atmaja
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Supervisor : Dr. Dhany Arifianto

Prof. Tsuyoshi Usagawa

ABSTRACT

Sound separation is interest problem in psychological and computational
science. How the human auditory processing solved this problem is not yet cleared
until now. This function of binaural hearing can not be easily transformed to the
computational methods. Independent Component Analysis (ICA) is one of meth-
ods to solve blind source separation (BSS) and the fast algorithm is implemented by
FastICA. Binary time-frequency masking is another approach using filtering meth-
ods to obtain basis signals. The combination of ICA and FastICA with binary mask
can estimates sources signals from binaural inputs. This research evaluate sistem-
atically various methods: ICA, ICA with binary mask, binaural model with PDCW,
FastICA and FastICA with binary mask. Performances were compared by means of
coherence measurement and PESQ. The results show that proposed method has the
best performance on male speech interference and white noise interference at -20
dB and -10 dB of SIR.

Key words: ICA, FastICA, Binaural Model, Binary Mask, Binaural Inputs,
Coherence, PESQ
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DARI BINAURAL INPUTS

Nama : Bagus Tris Atmaja

NRP : 2410 201 006

Pembimbing : Dr. Dhany Arifianto
Prof. Tsuyoshi Usagawa

ABSTRAK

Pemisahan sumber (source separation) merupakan teknik pemisahan be-
berapa sumber sinyal (suara) tercampur menjadi komponen-komponen (sumber-
sumber) penyusun campuran tersebut. Pemisahan dengan banyak sensor, seperti
large-scale microphone array umumnya menghasilkan kualitas pemisahan sinyal
yang lebih bagus untuk memisahkan sinyal-sinyal suara tercampur daripada meng-
gunakan mikrofon dengan jumlah lebih sedikit. Hal ini dikarenakan secara matem-
atik akan lebih mudah untuk merubah data ukuran besar menjadi lebih kecil dari-
pada sebaliknya. Sedangkan manusia hanya memiliki dua sensor pendengaran saja
(binaural sensors), telinga, namun mampu memisahkan sinyal suara dari berba-
gai macam sumber bunyi yang berbeda. Pada penelitian ini, dilakukan pemisa-
han sumber-sumber bunyi tercampur hanya dari dua mikrofon saja sebagai sensor.
(BSS) adalah metode pemisahan sumber berdasarkan sinyal campuran terukur sen-
sor saja, dimana sensor yang digunakan biasanya lebih dari satu (array sensor).
Proses pemisahan tersebut dilakukan dengan memanfaatkan kebebasan antar sum-
ber, dimana sumber satu bebas secara statistik terhadap sumber lainnya (/ndepen-
dent Component Analysis, ICA) dan komputasi secara cepat direalisasikan dengan
algoritma FastICA. Metode ICA dan FastICA dievaluasi pada penelitian ini serta
dikombinasikan juga dengan binay mask dan metode binaural model dengan teknik
phase difference channel weighting (PDCW). Beberapa kondisi yang dievaluasi
adalah variasi jumlah sumber bunyi, variasi perbedaan SNR dan variasi frekuensi
pencuplikan. Evaluasi performansi secara obyektif diberikan dengan kriteria ko-
herensi dan PESQ. Hasil penelitian ini menunjukkan metode FastICA dengan bi-
nary mask yang diusulkan memperoleh hasil terbaik pada beda SIR -20 dB dan -10
dB serta pada interference male speech.

Kata kunci: ICA, Binary Mask, Binaural Model, Pemisahan sumber bunyi,
Koherensi, PESQ
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CHAPTER 1

INTRODUCTION

I.1 Background

Signal enhancement is an important thing in which implemented speech recogni-
tion, hearing aids and telecommunication. In speech recognition, it will be difficult
to recognize sound with mixed noise. It applies also in hearing aids and telecommu-
nication. People with hearing aids require better sound quality to easily understand
communication to other person. In telecommunication, the signal enhancement us-

ing source separation is needed to separate sound of speaker from other noises.

The enhancement task can be done through separating the target sound
and the interference sounds. This sound separation method is an interest problem
in psychological and computational science motivated by human auditory process-
ing. The way of human audiotory processing remanis unknown. The function of
binaural hearing can not be easily transformed to the computational methods. In-
dependent Component Analysis (ICA) is one of existing methods to solve blind
source separation (BSS) problem, This method separates mixed sources without
prior knowledge (blind) of source and mixing process. It exploits the statistically
independent nature of sources. FastICA implemented fixed point algorithm to ob-
tain faster convegence speed for ICA [?]. Another way to obtain basis signal from
mixed signal is by using binary time-frequency masks. This thesis evaluate some
methods in source separation from the point of view from computational science,
modeling and mathematic-statistics. There are five methods to be evaluated in this
thesis : ICA, ICABM, PDCW, FastICA and FastiICABM. Goal of this resarch is to
obtain enhanced signal target compared mixed signal from the left and right ears.
Therefore, enhanced signals were measured by means of coherence criterion and

PESQ score to obtain performance comparison.



1.2 Problem Statement

There are two problem statement adressed in this research :

1. Comparing some methods including proposed method on source separation

problem for signal enhancement task based on binaural inputs.

2. Measuring the objective evaluation by means of coherence and PESQ.

[.3 Research Purposes

The purposes of this research are to solve the problem statement in pre-
vious section. First, some methods on two-sensor source separation are evaluated
including ICA, ICABM, PDCW, FastICA and FastiICABM. Then, enhanced sig-
nal was evaluated by means of coherence criterion and PESQ score. This research
want to know which method has the fair quality and close to human source separa-
tion ability. However, it will be difficult because there are two different objective

evaluation and which one is the best depend on its application.

.4 Research Benefits

The results of this thesis should be beneficial for source separation, sig-
nal enhancement, sound engineering or in general signal processing. For a special
purpose, this research is can be useful for investigating of machinery fault diag-
nostic tools in Acoustic Laboratory, ITS, in which one of the problem is to reduce
the number of sensors to separate machine sounds. Since this research uses almost
all of speech data instead of machine sound data, for machine sound data further

evaluation is needed.

[.5 Thesis Outline

This thesis consist of five chapters and summarized as follows. The first chapter
(introduction) describes briefly reason why for conducting this research. It includes
thesis background, problem statements, purposes, benefits and thesis outline. Chap-
ter two of this thesis explained the theories used in this research. They are five meth-
ods used in this research: ICA, ICABM, PDCW, FastICA and ICABM. The theory



of objective evaluation which consist of coherence criterion and PESQ calculation
is also outlined. The third chapter explain simulation and experiment methodology
which describes step-by-step way to conduct this research and also the equipments
used along with their set up. Chapter four present result and discussion. Separation
result from different tasks are shown. The last chapter is conclusion which states

important findings of this thesis based on the conducted research.






CHAPTER II

SOUND SOURCES SEGREGATION

This chapter explains the theory and concept used in research as well as the method
to measure the objective evaluation. Some methods used in this research are ICA,
ICA with binary mask, binaural model using phase difference channel weighting
(PDCW), FastICA and FastICA with binary mask. The objective evaluation is given
by means of coherence criterion and perceptual evaluation of speech quality (PESQ)

score.

II.1 Independent Component Analysis (ICA)

Let S(n) be sampled signal of sound signal, n denotes the discrete time index. In
convolutive mixture problem, let N be statistically mutually independent sources
s(n) = [s1(n),...,sny(n)]” and M mixture observations x(n) = [x1(n),...,xy(n)]"

are given by

xi(n) = aj1s1(t) + aps(t) + ... + apsy(n) (I.1)

each of x; = x;(n) consist of samples in number of Ny = f;T. T is in second or
millisecond and f; is sampling frequency. Eq. II.1 can be written in matrices-vector

form as follows,

x(n) = As(n) +v(n) (I.2)
or,
N
xi(n) =Y aijsj(n) (IL.3)
=1

Eq. II.3 is named as model of independent component analysis (ICA) in
general form. The independent component (s) is latent variable, in which can not
be observed directly. The mixing matrices, A, is also not known, only measured

variable (x) is known. The component of A and s can be estimated from measured



signal x. Then, to estimate the observed signal s, one can use new variable namely

y and formulated as follows,

y(n) =W (x(n) =v(n)) (IL4)

where W = A~!

The main problem in ICA is to find W filter where W is inverse of mixing
matrix A. The more proper choice of W the better quality of separation results. As
explained in [2], the use of ICA methods is to separate mixing sound of industrial
machinery. The paper results reported of ICA implementation in machine sound
separation although the performance was reported not good enough [?]. However,

it proved that ICA method may work for machine separation problem.

Maximum likelihood concept can be used to determine separation matrix
W = (wi,wy,...,wy)T for ICA method [?]. Likelihood from a model is probability
function of set of data which is used as model parameter. Model of mixed signal, x
was parameterized by mixing matrix A, and density of p source can be defined as

the following

L(W) = log ﬁ pa(X (n)) (IL5)
n=1

where p,(X) is pdf (probability density function) of mixed signal and it is correlated

with the pdf or source signal with the following formulation
px(X) = || ps(S) (IL6)

where |J|is absolute value of Jacobian matrix from equation I1.4. Jacobian matrix

is determinant of partial derivative,

asl 8s1
aX] e BsM
J =det oo (IL.7)
Isy ISy,
ox; 7 Odxy
Hence,
J=detW (I1.8)

Equation I1.4 and I1.8 can be included in equation IL.5 so that the following



formula can be obtained,

N
L(W) =Y logps(Wx(n))+Tlog|detW| (I1.9)

n=1

If the sources are statistically independent then that equation become,

log pi(Wx(n)) + T log |det W| (I1.10)

HME

m-LY

where p;(s;) is density of i — th sources. That equation can be solved using natural

gradient or Newton and similar iteration.

I1.2 ICA with Binary Mask

The use of binary time-frequency mask in this research was motivated from the
phenomena in human auditory system in which a sound is rendered by louder sound
within critical band [?]. The term of “masking” here means weighting (filtering)
the mixture, which is different from the same term used in psychoacoustics where
it means blocking the target sound by using acoustic interference[?]. The mask

M (n,k) in time-frequency domain is expressed as

1 ifs)(nk)—sy(nk)>0
m(n,k) = fo1(n k) =s2(n.k) (L11)
0 otherwise

where n and k are index of time and frequency. s;(n,k) and s,(n,k) define spectral
components of the interference and target signal. Due to m(n,k) has binary linear

weighting function hence it is called as binary mask. Threshold 0 is chosen to be 0

referred to 0 dB as stated in reference [?].

Combination of ICA and binary mask can be obtained by filtering the out-
put of ICA with binary mask [?]. This method estimates basis signals from mixed
signal in iterative way from two input channels. The number of outputs can be dif-
ferent depend on input signal and algorithm when working while the output of ICA
or FastICA is the same as the number of inputs. Figure II.1 shows the diagram block
of ICA with binary mask. It can be shown from that ICABM works in iterative way
(indicate by loop arrows) to estimate sources signal and it also eventually saved the

estimated signal as stereo wav sound.
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Figure II.1: Block diagram of ICA with binary mask (CABM)[?]: showing the pro-
cess of ICABM to obtain basis signals from the output of ICA

I1.3 Binaural Model

Binaural model is common approach to model human auditory system and gen-
erally it is derived from the concept of ILD (interaural level difference) and ITD
(interaural time difference) between right ear and left ear. By exploiting ITD and
ILD in different ways, some binaural model can work to separate and localize sound
sources.

The binaural model examined here is derived from phase difference in
frequency domain to estimate the ITD as described in [?]. The binaural model
is referred to Phase Difference Channel Weighting (PDCW) and it is described
as follows. At first, binaural signals are observed by two microphones, they are
transformed into time-frequency domain by means of short time fourier transform
(STFT). Then ITD is estimated through comparison of binaural signals at each fre-
quency. The time-frequency mask is identified in time-frequency domain at which
ITDs are closed to the ones corresponding to the target source. After the gamma-
tone channel weighting is applied, the resynthesis process is performed by means
of inverse STFT (STIFT) and overlap-add method (OLA). Details explanation of



PDCW algorithm can be found in [?]. Key of this method is how to identify the
specific time-frequency bin which is dominated by target source. PDCW makes
the binary decision whether the time-frequency bin belongs to target source or not
based on the ITD for each time-frequency bins. Figure ?? shows the way PDCW

work to separate sound sources and obtain enhanced target signal.

Right
Channel
— STFT Target
Si |
ITD TFBin | |Cammalone) [Foppr) Soma
Estimation | | Selection | | (Shamnel == ¢ o1 a
TET Weighting
Left S
Channel

Figure I1.2: Block diagram PDCW

Basic formulation of input signals in binaural model using PDCW method
can be shown in the following equation. xzis mixed signals entering left channel

and xg is mixed signal at the right channel.

L L
xg[n] = le [n],xg[n] = le n—906(1)] (I.12)
=0 =0

II.4 FastICA

Fixed-point theorem stated that function /' minimum has one fixed value (at x where
F(x) = x), in some same condition, F can be stated generally [?]. Fixed-point
point theorem can be expanded to fixed-point iteration. Fixed point iteration the is

formulated as follows,

Xnr1 = g(x) (I1.13)

where g is function obtained from the transformation of x = g(x). The FastICA is
based on a fixed-point iteration scheme for finding a maximum of the nongaussian-
ity of wl'x [?]. The FastICA learning rule is designed to find a direction, i.e. a unit

T

vector w such that the projection w' x maximizes nongaussianity. Nongaussianity

here is measured by the approximation of negentropy J(w’ x),

1 372 1 2
J) ~ —E —k 114
0= Y+ Zgkurt(y) (I1.14)



The random variable y is assumed to be zero mean and unit variance[?].
However, the validity of such approximations may be rather limited. In particular,
these approximations suffer from the nonrobustness encountered with kurtosis [?].

This problem can be tackled by using new approximation based on the

maximum-entropy principle:

J(y) = Y KIE{Gi()} ~ E{Gi(v)}]? (IL15)

P
i=l
where k; are some positive constants, and v is a Gaussian variable of zero mean
and unit variance (i.e., standardized). The variable y is assumed to be zero mean
and unit variance, and the functions G; are some nonquadratic functions. It is noted
that even in cases where this approximation is not very accurate, can be used to
construct a measure of nongaussianity that is consistent in the sense that it is always
non-negative, and equal to zero if y has a Gaussian distribution.

In the case where we use only one nonquadratic function G, the approxi-

mation becomes

Jo< [({G()} —E{G(v)}}] (IL16)

for practically any non-quadratic function G. This is clearly a generalization of the
moment-based approximation in, if y is symmetric taking G(y) = y*, one then ob-
tains exactly, i.e. a kurtosis-based approximation [?].

It is important that G that not grow too fast, one obtains more robust esti-

mators. The following choices of G have proved very useful[?],

1
G (u) = —logcoshaju (I1.17)
ai
2
Gy = —exp (—?> (I1.18)

where 1 < a; < 2 is constant variable. Equation II.17-18 can be simplified:

g1(u) = tanh(au) (I1.19)
Lt2
g2(u) = uexp (—3> (11.20)

For a; = 1, then FastICA algorithm for one unit can be started using ran-

dom separating filter of w according to the size of input matrix. Then, the next w

10



based on [?] can be obtained by using the following formulation,

wh=E {xg (wa) } —E {g, (wa) } w I1.21)
wt

= 11.22

" T —

where g is contrast function from non-gaussianity approach and norm w is to check
whether the new w is convergent or not. If it is not convergent, it will go back to

calculate w'. Convergent means the new w and the old one at the same direction.

I1.5 FastICA with Binary Mask

FastICA with binary mask used in this research is similar to ICA with binary mask
from [?] and as explained in section II.4. The reported ICA as shown in Fig. II.1 is
changed to FastICA. Based on previous research [?], it can be concluded that output
of FastICA result remains noise although it has the highest objective evaluation
score and also close to the original signals. In the other side, the sound quality of
enhanced signal by ICABM is fair enough but it is degraded and has low objective
score measured by means of coherence criterion [?]. The combination of FastICA
with binary mask may accommodate the advantages and disadvantages of those two
methods.

The diagram block of FastICABM can be show in Fig. ??. The figure
shows the work of FastiCABM in which it exploits FastICA output after scaling
process and performing binary mask filtering in iteratively to obtain estimated sig-

nals. These signlas are then as stereo signals.

I1.6 Objective Evaluation

1I1.6.1 Coherence Criterion

Coherence is the measure how well a signal correlated to other signal. Coherence
measurement is usually used to measure the quality of processed signal compared

to original clean signal. Coherence can be formulated as follows,

Cry(k) = (11.23)

Wxy(k) ‘
Wi (k) Wy (k)

11
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Figure I1.3: Block diagram of FastICA with binary mask (FastiCABM) adapted
from [?]

where W,y (k) is cross spectrum from x(n) and y(n), W (k) is power spectrum from
x(n) and Wy, (k) is power spectrum from y(k).

The magnitude of a coherence is a function of frequency. The coherence
value can be scored by its averaged and it is varied from 0 — 1, where 0 indicates
no correlation between two signals in frequency domain and 1 refer to processed
signal being exactly same as original clean signal. The averaged coherence value

can be obtained from the following formulation.

CoCy (11.24)
Nc

Averaged Coherence =

where C)’Cy is transpose of Cy, and N, is length of vector Cyy.

I1.6.2 PESQ Score

Perceptual evaluation of speech quality (PESQ) is objective evaluation for sound
quality measurement proposed by ITU-T Recommendation P.862 [?]. PESQ takes

into account human perceptual and psychoacoustic models to generate results like

12



the mean opinion score (MOS) derived from human listener. It also used cognitive
model beside perceptual model to measure the processed sound to the clean speech
sound. The perceptual model process transforms the original and processed signals
into the interaural representation based on perceptual frequency (Bark) and loudness
(Sone). The estimated subjective MOS is given by the cognitive model evaluating
the difference between the original and processed signals. In the simulation, the
reference signal, i.e. the original signal as shown in Fig. ??, is always the target
signal. The PESQ score of input signal is obtained when the processed signal shown
in Fig. ?? is y or estimated signal. The range of the PESQ score is from 0.5 ~ 4.5
with 4.5 being the condition that the processed signal is exactly the same as the

original signal.

original signal Perceptual
(clean speech) model
Time Cognitive PESQ
—
alignment model source
delay
estimates
processed signal Perceptual
(enhanced speech) model

Figure I1.4: The overview of PESQ [?]
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CHAPTER III

SIMULATION AND EXPERIMENT

Most of data used in this research are from simulation. The experiment is performed
to analyze the difference between them. Sound separation methods described in

previous chapter are used to process data obtained from the following methods.

III.1 Simulation

Simulation to obtain mixed sound data can be done by convolving source signal
with head related transfer function. The observed signals from simulation can be

defined as follow,

xp(n) = Zhl(Q,-) xsi+n(n) =ln)+1L(n)+hL(n)+...+nn), (IIL.1)

and

xr(n) = Zh,(@i) xs;+n.(n) =ro(n)+ri(n)+rn)+...+n.(n), (1IL.2)

i

where x, and xg are observed signal at left and right, 4;(6;) and h,(6;) are HRTFs
from the direction 6; and s; is sound from the i — th direction. ly(n) and ro(n) are
target signal observed at left and right, /; (n) and r(n) are interference signals. The
goal of separation system is to obtain better target signal symboled with y(n). The
* symbol represent convolution operation. n;(n) and n,(n) represent additive noise
at left and right. The noise was assumed from the hardware (wire, PC, recorder and
microphones). Figure 3.1 shows the diagram block of simulation in computational
method.

15



h(6,) h (6, h(8,) h(8,)

n () i n (1)

x,(t) x,(t)

Algorithms:
ICA, ICABM, PDCW,

FastICA, FastiICA+BM

l y(t)

Figure III.1: Block diagram of simulation and separation system

III.2 Experiment

For the experiment, sound sources were located in anechoic room at Usagawa-
Chisaki Laboratory where recording process was undertaken to obtain sound data.
The location and position of sound sources i.e target signal and interference for ex-
ample can seen in figure ??, which also represents for simulation data. In that figure,
target signal was located at elevation 0° and azimuth 0°(0°,0°) while interference
noise was located at elevation 0° and azimuth —45° (0°, —45°). Screenshot of ex-
periment in anechoic room can be seen in Figure 3.3. Figure ?? show the realization
in experiment set up using dummy head or head and torso simulator (HATS) Biuel
& Kjar type 4128 with loud speaker as the sound sources. In the dummy head are
exist small microphone located in ear of dummy head. The recording process was
performed by contacting wire from microphone to amplifier then to recorder. For
this purpose, Roland R-44 recorder was employed. Figure II1.4 shows the block
diagram of recording process.

The experiment used Japanese female speech as target signal as well as
for simulation data. The interference signals were white noise and Japanese male
speech. The sentence spelled by Japanese female target is /o-n-se-i-ke-n-kyu-ka-i-
shu-s-se-ki-su-ru-yo-te-i-de-su-ga-i-ki-ka-ta-ga-wa-ka-ri-ma-se-n/ which means “I
will attend speech seminar but I don’t know how to go there”. Sampling frequency

used when record sound is 44100 Hz. While in computational process, 16000 Hz

16
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Figure III.3: Screenshot of experiment

was used because the main focus is human speech. Others sampling frequencies i.e
48000 Hz, 22050 Hz and 8000 Hz were also used to evaluate the impact of different
sampling frequency in separation result.

As the result of recording process, sound data were obtained in form of
two .wav (16 bits PCM) files for each condition which representing sound listened
at left and right ears. Those two wav files will be used to extract target signal from
interference noise and it is expected that target signal is free from interference sound
after separation process. To accommodate other noises which can be avoided, two
independent additive noises were added to simulation as shown in equation ?? and
?? and also in diagram block in Figure ??. The SIR (Signal to Interference Ratio)
for target and white noise is 20 dB while female target and male interference has 4
dB of SIR. The additive noise was also varied to evaluate the separation result as the

function of additive noise. Block diagram of recording process in anechoic room,

17



Usagawa-Chisaki laboratory can be seen in figure I11.4.

|',a\‘\
\ }
Ly

Speaker 1 Speaker 2

BNC
Connector

TRS
Connector

Figure I11.4: Diagram of multi-channel recording in anechoic room. Remarks: (1)
Biuel & Kjer Head and Torso Simulator, Type 4128, (2) BNC con-
nector (microphones to amplifier), (3) Roland R-44 Recorder (wiring
using konektor TRS), (4) Speaker Bose Type 101VM (Sound sources:
female speech, male speech and white noise), (5) Amplifier Bose Type
170611, (6) PC (Macbook MB403JA).
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CHAPTER IV

RESULTS AND DISCUSSION

This chapter presents the result of sound source segregation using some methods
explained in Chapter II and methodology as explained in Chapter III. Some tasks
and conditions are evaluated as well as objective evaluation by means of coherence

criterion and PESQ score.

IV.1 Results of Simulation as Opposed to Experiment
Data

Figure 4.1 shows waveform and spectrogram of source segregation task from sim-
ulation data (section III.1) and Figure 4.2 shows waveform and spectrogram from
experiment data (section III.2). Location and condition for these result were shown
in Figure?? where target signal is located in (0°,0°) and interference signal in
(0°,—45°).

Data from simulation are combination of the following variation of vari-

ables.

» Sound sources: Japanese female speech (target signal), Japanese male speech,

white noise (interference signals)
e FElevation : -10, 0, 10
* Azimuth : £90, £75, £60, +45, £30, 15, 0
» SIR (Target signal vs interference) = 20 dB, 10 dB, 0 dB, -10 dB, -20 dB

* SNR (Target signal vs additive noise) = 0 dB, 5 dB, 10 dB, 15 dB, 20 dB, 25
dB

* HRTF = MIT, Nagoya University

» Sampling Frequency = 48000, 44100, 22050, 16000, 8000 Hz
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Not all data were examined in this research because the complexity and space. As
example, the previous data as shown in Figure ?? is the data where target signal
located in elevation of 0° and azimuth 0° while interference sound using white noise
was located at elevation 0° and azimuth —45°. For the next, sound data located in

position of elevation and azimuth was symboled by (elevation,azimuth).
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Figure IV.1: Waveform and spectrogram from simulation data. The top one is orig-
inal signal, the following two signals are observed signals and the last
three signals are ehnahnced signal from some methods.
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Figure IV.2 ilustrates waveform and spectrogtam analysis of experiment
data. It is seen that result of waveform from ICABM is close to original target
signal as well as by listening enhanced sound. From spectrogram analysis, the
FastICA is more similar to the original and it also supported by averaged coherence
score in which enhanced signal from FastICA has the highest score among other
methods. In other side, enhanced signal by ICABM has low coherence although it
has similar sound and waveform. The respective experiment data were performed
to separate target signal from interference noise. The results of separation task from

experiment data was given in Figure 4.2.
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Figure IV.2: Waveform and spectrogram from experiment data. From the top are
target signal, observed signal at left ear position, one at right, enhanced
signal by the PDCW, FastICA and ICABM.

Table IV.1: Comparison of averaged coherence score from simulation and experi-
ment data

| Methods | Simulation Data | Experiment Data |

PDCW 0.542 0.283
FastICA 0.669 0.351
ICABM 0.539 0.277
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Table I'V.1 shows the averaged coherences among the target signal and each
of three enhanced signals. In this table, results of simulation were also provided for
the comparison. According to preliminary subjective evaluation, noise in mid fre-
quency range is reduced by PDCW and the sound quality of PDCW seems to be
among FastICA and ICABM. FastICA provides the best separation result according
to the coherence criterion. ICABM provides fair performance according to the spec-
trogram and coherence criterion. Although the waveform of ICABM seems to be
similar to target signal, it has low coherence. ICABM minimizes interfering noise
and remains degraded target signal. Its spectrogram indicates that sound quality is

degraded as can be seen in Figure IV.2.

IV.2 Types of Interferences

The first task was performed with two different types of interferences. This can be
casted into three conditions of separations based on types on interferences; separa-
tion of target signal from white noise interference, separation of target signals from
male speech interference and separation of target signal from male speech and with
noise interferences. The results of those conditions were compiled in Table ??, 2?

and ??, respectively.

Table IV.2: Separation task of target signal and white noise interference (SIR= 20
dB, SNR= 10 dB)

’ Methods \ Coherence \ PESQ ‘

ICA 0.72 1.94
ICABM 0.68 1.95
PDCW 0.58 1.91
FastICA 0.72 1.94

FastiCABM 0.79 1.90

Result of separation task from where target signal was corrupted with white
noise interference was shown in ??. The SIR (target vs interference) was set to 20
dB while SNR (target vs additive noise) was 10 dB. Noise was included to simula-
tion to close the real environment. From this condition, the highest coherence score
was obtained by FastiICABM and the PESQ scores are almost similar of the five
methods does not differ significantly.

The second task in analyzing effect of different interference was done by
using male speech interference. Although the SIR between target signal and in-

terference noise is only 4 dB, the result was fair enough by means of PESQ score
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Table I'V.3: Separation task of target signal and male interference (SIR= 20 dB and
4 dB, SNR= 10 dB)

| Methods | Coherence | PESQ |

ICA 0.74 2.08
ICABM 0.72 2.5
PDCW 0.55 1.56
FastICA 0.73 2.08
FastiCABM 0.72 2.46

(Table IV.3). PDCW has 1.562 of PESQ score while others exhibit PESQ score
above 2.0. PDCW method has the lowest score in coherence criterion and PESQ
score. The method previously used 4 cm of microphone distance [?], but in this
research, simulation of binaural recording was performed using HRTF in which the
distance of left and right ear is about 19 cm. Spatial aliasing might occurr in PDCW
method and it reduced the separation quality of PDCW method [?].

Table IV.4: Separation task of target signal with male and white noise interference
(SIR=4 dB and 20 dB, SNR= 10 dB)

| Methods | Coherence | PESQ |

ICA 0.72 1.75
ICABM 0.68 2.02
PDCW 0.58 1.33
FastICA 0.72 1.75
FastiICABM 0.72 2.01

The last condition of evaluating different types of interference was per-
formed by corrupting female speech target with male and white noise simultane-
ously. The male speech was located in (0°, —30°) and white noise interference was
in (0°,—30°). The results from that condition is listed in Table ??. The values of
SIR and SNR were set to be same as the previous values i.e 20 dB and and 4 dB of
SIR, and 10 dB of SNR. In this case, [ICABM has the highest score of PESQ while
the highest score in coherence was obtained by ICA and FastICA.

From this evaluation of different types of interference, it can be shown
that signal enhancement by source separation method is better performed with male
speech interference. To decide which method is the best, there are two choices of
criterion, coherence and PESQ score. The coherence criterion is good for further ap-
plication like speech recognition and the similar tasks, while PESQ is perceptually
motivated from human hearing system, so it is suitable for perceptual application

such as hearing aids and telecommunication.
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IV.3 Effects of Various SIR

The third task of separation problem presented in this paper is to evaluate the ef-
fect of various signal to interference ratio (SIR) on separation result by means of
coherence criterion and PESQ score. White noise was chosen as interference signal
located in (0°,30°) while target signal remains in (0°, 0°). The separation result
by means of coherence criterion are presented in Table IV.5 which shows all re-
sult from five methods with various SIR. However, when SIR between target signal
and interference signal was changed to 0 dB, 10 dB and 20 dB, conventional ICA
method exhibits the highest coherence score. Table IV.5 also indicates that ICA,
PDCW, and FastICA methods has no significant change particularly at -20 dB, -10
dB 10 dB and 20 dB of SIR. It migth suggest that the algorithm cannot differentiate
SIR from -20 dB and -10 dB, also 10 dB and 20 dB. In hearing science, the binary
mask will work like in two tone suppression on certain threshold of dB SIR. In this
research, the threshold can be predicted between -10 dB to O dB and O to 10 dB. It
is also can be concluded that the result of computational method is similar and obey
the result from psycological approach. However, further investigation are needed to

check the results for human auditory behavior and experiment data.

Table IV.5: Comparison of coherence criterion from separation task in various SIR

SIR
Methods 5 BT 70dB T0dB [ 10dB | 20 dB
ICA 060 | 060 | 059 | 0.63 | 0.63

ICABM 0.60 0.60 | 039 | 033 | 0.33
PDCW 0.51 0.50 | 040 | 0.21 0.2
FastICA 0.60 0.59 | 059 | 0.63 | 0.63
FastiCABM | 0.63 0.61 | 032 | 042 | 047

Table I'V.6 shows results of separation task in PESQ score for various SIR.
Again, at -20 dB and -10 dB of SIR, FastiICABM reveals the highest score, while
at 0 dB highest PESQ score was obtained by ICABM and at 10 dB and 20 dB,
conventional ICA has the highest value among others. The result of ICABM are
close to perceptual evaluation by listening the enhanced sound. In this case, PESQ
score is more suitable when sound separation is designed for perceptual application

such as in hearing aids and telecommunication.
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Table IV.6: Comparison of PESQ score from separation task in various SIR

SIR
Methods 0 BT 70 dB T0dB [ 10dB | 20 dB
ICA 118 | 1.18 | 1.18 | 138 | 138

ICABM 1.19 208 | 1.55 | 0.69 | 0.70
PDCW 1.17 1.17 | 1.19 | 0.99 1.00
FastICA 1.18 1.18 | 1.18 | 1.38 1.38
FastiCABM | 1.27 2.11 1.28 | 0.94 1.27

IV.4 Effects of Various SNR

In the previous task of separation problem, condition of sound sources segrega-
tion were varied using various value of SIR while the value of SNR was fixed at
20 dB. This research takes into account the additive noises assumed from back-
ground noises or other noises from hardware which usually being excluded in other
research[?, 2, ?].

Six different SNR values were evaluated from 0 dB to 25 dB with interval
of 5 dB. The results show increasing objective evaluation score for both coherence
and PESQ scores. As shown in Figure IV.3, at 0 dB of SNR, the averaged coher-
ence criterion is 0.45 while the PESQ score at that condition is 1.04. The highest
sampling frequency was achieved at the highest dB SNR i.e 20 dB with averaged
coherence value of 0.72 and PESQ score of 2.69. As oppossed to of previous task in
section ??, this task was performed with fixed value of signal to interference ratio
(SIR) i.e 4 dB between female speech and male speech interference. The results
show hat the additive noises affect the separation results indicating that the addi-
tive noises strongly affect the separation results of separation task. FastiCABM
algorithm was used to evaluate separation result of different SNR and the obtained

PESQ score was the highest among all data and tasks.
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Figure IV.3: Comparison of coherence criterion for various dB SNR (target vs ad-
ditive noise)

26



2.5

2 4

PESQ

1.5+ /

19

0.5

SNR (dB)

Figure IV.4: Comparison of PESQ score for various dB SNR (target vs additive
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IV.5 Effects of Various Sampling Frequency

The last task of separation problem was performed by evaluating different sampling
frequency to the sound sources and HRTF. The standard sound files from simula-
tion was recorded in 16000 Hz is down sampled and up sampled to be 8000 Hz,
22050 Hz, 44100 Hz and and 48000 Hz. The HRTF which has 44100 Hz of sam-
pling frequency is also down sampled and up sampled to those kinds of sampling
frequency. The different sampling frequency data then was used later as input of
ICA algorithm. The objective evaluation for this task was only given by coherence
criterion because PESQ was designed for 8000 Hz and 16000 Hz of sampling fre-
quency only. Other algorithms like PDCW also cannot processed data above 16000
sampling frequency, therefore conventional ICA method is used.

The highest objective evaluation value by means of coherence criterion
was obtained at frequency of 16000 Hz as shown in Figure IV.5. That figure also
shown the use of higher sampling frequency does not gives significantly improve-
ment for this research. However, using 16000 Hz of sampling frequency in real time
processing such as in telecommunication needs more effort and my slowdown the
separation process. The calculation of cost function should be considered for real
application. At the 22050 Hz of sampling frequency, the highest coherence criterion
was 0.84 which is the highest value among all data.

Further investigation of higher sampling frequency should be undertaken
by implementing additional steps in computational program. Such as in music data,

the higher frequency will give the better sound quality.
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CHAPTER V

CONCLUSION

This thesis evaluated some task and various condition of source separation prob-
lems for signal enhancement. The first task evaluated the separation result from
simulation data and experiment data showing that FastICA has the highest coher-
ence criterion whereas ICABM gives fair sound quality although it is degraded. The
second task was performed using simulation data to evaluate effect from kinds of
interference signals. The different types of interferences affected the separation re-
sult in which the higher objective evaluation was obtained by using male speech
interference instead of white noise interference. Different SIR between target sig-
nal and interference signal also has impact on separation result. In -20 dB and -10
dB of SIR, FastiCABM has the highest score of coherence and PESQ score. At 0
dB, PDCW obtain the better result of PESQ score and in 0 dB, 10 dB and 20 dB
of SIR, conventional ICA method obtain the highest score of averaged coherence.
The improvement of performance for both coherence and PEQ was obtained when
increasing SNR to mixed sounds. The higher dB SNR between target signal and ad-
ditive noise, the better separation result obtained. Noises actually cannot be avoided
and it affected the separation result. Finally, the use of different sampling frequency

gives the highest score of coherence criteria at 22050 Hz.

There are two objective evaluation to measure the performance of sepa-
ration result besides the use of waveform and spectrogram analysis. To choose
which objective is suitable for evaluation, either coherence criterion or PESQ score,
is depend on the application. However, PESQ score is more suitable for perceptual
application such as in hearing aids and telecommunication because it takes into psy-
choacoustic model and cognitive model. For application such as speech recognition,
speaker recognition, medical sound diagnostic and others related to this area, coher-
ence measurement might be useful to measure the performance of separation results.

Since for which, sound characteristic was extracted without perceptual needs.

For the future works, some methods used in this research need to be be
examined for different conditions such as behavior of different sound sources ele-

vation, location of sound sources in cone of confussion angle and other locations.
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Another issue is to reduce the gap between simulation and experiment result. By
modelling sound separation in more detail and adapting human auditory processing
mechanism, it might be obtained the greater performance to solve the cocktail party

problem.
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