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Abstract

Human beings have binaural inputs to

separate and localize sound sources. Those

two functions of binaural hearing can not

be easily transformed to the computational

methods. In this paper, three conventional

methods to separate target signal from in-

terfering noise are compared. Those meth-

ods include a binaural model, an indepen-

dent component analysis (ICA) and a time-

frequency masking applied to ICA. Perfor-

mances were compared by means of spectro-

grams as well as coherence.

1 Introduction

As the cocktail party problem defines,

human being has ability to focus on tar-

get sound than others. The left and right

ears work simultaneously to localize and seg-

regate the mixed sounds with the neuro-

processing mechanism. How the human au-

ditory processing solved this problem is not

yet cleared until new. However, many re-

searchers have proposed various methods

to approach the cocktail party phenomena.

The approaches can be built through mod-

eling of human auditory system, statistical-

mathematical approach and psychological-

computational modeling. This paper com-

pares three methods in sound separation

task.
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2 Methods

Following three methods which can be

used for signal enhancement task using bin-

aural inputs are examined in this paper.

2.1 Binarual Model

Most models of human binaural hearing

are derived from binaural cues i.e. ITD (in-

teraural time difference) and ILD (interau-

ral level difference). The binaural model

examined here is derived from phase dif-

ference in frequency domain to estimate

the ITD as described in [1]. The binau-

ral model is referred to Phase Difference

Channel Weighting (PDCW) and it is de-

scribed as follows. At first, binaural sig-

nals are observed by two microphones are

transformed into time-frequency domain by

means of STFT. Then ITD is estimated

through comparison of binaural signals at

each frequency. 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 gammatone

channel weighting is applied, the resynthe-

sis process is performed by means of in-

verse STFT and overlap-add method. Al-

though the details explanation of PDCW al-

gorithm can be found in [1]. 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.

2.2 ICA

Let s(n) be sampled signal of sound signal,

n denotes the discrete time index. In con-

volutive mixture problem, let N be statisti-

cally mutually independent sources s(n) =

[s1(n), . . . , sN(n)]T and M mixture observa-

tions x(n) = [x1(n), . . . , xM(n)]T are given

by

x(n) =
K∑

k=0

A(k)s(n − k), (1)

where {A(k)} is a sequence of M × N ma-

trices. Sound separation is a problem to es-

timate the sound signal from its mixture ob-

servations without prior information of the

mixing process. In causal finite impulse re-

sponse (FIR) filter, separation process can

be casted into,

y(n) =
L∑

l=0

W(l)x(n − l) (2)

where y(n) = [yn(n), . . . , ym(n)]T are the in-

dependent estimate of each source s(n). W

is N × M separation matrix, in which the

quality of separation process depends on this

variable. In this paper, FastICA algorithm

introduced by Aapo Hyarinen [2] is used.

FastICA 　 algorithm uses non-gaussianity

measure based on negentropy. This algo-

rithm is formulated by fixed-point iteration,

and has the same formulation derived from

Newton’s method . Rule of weighting factor

W in this algorithm given by,

w+ = E
{
xg

(
wT x

)}
−E

{
g

′ (
wT x

)}
w (3)

w =
w+

‖w+‖
(4)

Where g is derivative of contrast function

to approach non-gaussianity and norm w is

used to check if the new w is convergence, if

not, the algorithm will go back to calculate

w+.
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Fig 1: Location of target and interfering

noise

2.3 ICA with Time-Frequency Mask-

ing

Like the binaural model described in sec-

tion 2.1, the ICA with time-frequency mask-

ing is proposed by Wang et al. who were mo-

tivated by human auditory phenomenon in

which a sound is rendered by louder sound

within critical band[3]. The mask M(n, k)

in time-frequency domain is expressed as

m (n, k) =

{
1 if S1 (n, k) − S2 (n, k) > θ

0 otherwise

(5)

where n and k stand for indexes of time and

frequency, and S1(n, k) and S2(n, k) stand

for spectral components for the target and

interference signals. Because M(n, k) has bi-

nary weights, this method can be called as

ICA with binary masking. The threshold θ

is set to 0 corresponding 0 dB.

3 Experiment Design

Experiment is performed under the setup

shown in Fig. 2. Two loudspeakers are lo-

cated in the direction of 0o and −45o of a

head and torso simulator (HATS) as shown

in Fig. 2. The target signal is female speech

where white noise is used for interference.

The level of interference is set to the same



Fig 2: Experiment in Anechoic Room

level of target signal at the loudspeakers’ po-

sitions. Although observed signals by micro-

phones of HATS are recorded in 44.1 kHz

sampling with 16 bit resolution of PCM, sig-

nals are down-sampled at 16 kHz because a

major interest as the target is speech.

4 Results of Experiment

Figure 3 shows the observed signals as

waveforms and the spectrograms of those

signals. The order of plots in those figures

is, from top, target signal, observed signal

at left ear position, one at right, enhanced

signal by the binaural model (PDCW) men-

tioned in 2.1, one by Fast ICA in 2.2, and one

by ICA with binary masking (ICABM) in

2.3. Note that ICABM method utilizes the

binary mask adopted from [4]. Also Table 1

shows the averaged coherences between the

target signal and each of three enhanced sig-

nals. In this table, results of simulation are

also provided for the comparison. According

to preliminary subjective evaluation, noise

in mid frequency range is reduced by PDCW

and the sound quality of PDCW seems to be

among FastICA and ICABM. FastICA pro-

vide the best according to the coherence cri-

terion. ICABM provides fair performance

according to the spectrogram and coherence

criterion. Although the waveform of ICABM

Table 1: Objective evaluation in coherence

Method Simulation Experiment

PDCW 0.542 0.283

FastICA 0.669 0.351

ICA + BM 0.539 0.277

seems to be similar to target signal, it has

low coherence. ICABM minimizes interfer-

ing noise and remains target signal, but the

sound quality is degraded as can be seen by

its spectrogram as in Fig. 3.

5 Conclusion

This paper presents a comparison among

three methods on sound separation algo-

rithms based on binaural inputs. The result

of performance is shown as averaged coher-

ence for simulation results as well as exper-

imental results. Based on coherence mea-

surement, the FastICA algorithm work bet-

ter than PDCW and ICABM. As the future

works, the various conditions of signals not

only arrangements as well as types of sig-

nals need to be examined in order to make

clear the characteristics. Beside three meth-

ods examined in this paper, it is necessary

to compare other methods such as [6] which

is ready to be implemented as [7].
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(a) Waveforms (b) Spectrograms
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Fig 3: Signals and its spectrogram in experiment
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