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ABSTRACT Using a different concept, we recently introduced the
In this paper, we first briefly recall the principles of the TIFROM approach [7], [8], which is based on a Time-Fre-
"TIme-Frequency Ratio Of Mixtures” (TIFROM) approach guency TF) analysis of the observed mixed signals. We
that we recently proposed. We then show that, unlike Inde- Showed that this method does not require the same assump-
pendent Component Analysis (ICA) methods, our approachtions as traditional BSS approaches. Especially, when re-
can separate dependent signals, provided there exist som@uired conditions are satisfied, this new method applies to
areas in the time-frequency plane where only one source octnderdetermined mixtures (i.ev > P) for which it achi-
curs. We achieve this attractive property because, wherea§Ves a partial BSS. _ _
ICA methods aim at creating independent output signals, ~ This paper aims at showing that this TIFROM approach
we use another concept, i.e. we directly estimate the mixing'S in addition able to separate dependent signals, which is
matrix by using the time-frequency information contained & Very attractive advantage_over classical BSS methods. In
in the observations. Detailed results concerning mixtures S€ction 2, we recall the basics of the TIFROM approach. In
of voice and music signals are presented and show that this>€ction 3 we show that this method can be applied to depen-

approach yields very good performance for signals which dent signals. We then provide several experimental results
cannot be separated with traditional ICA methods. in Section 4 and draw various conclusions in Section 5. For

simplicity we consider throughout this paper the basic case
of two sources and two observations. However, we empha-
size the fact that this approach is not restricted to this case,

Blind source separation (BSS) consists in estimating a set?> shown in [8] and in a future paper (¥ sources and

of N unknown sources fron? observations resulting from observations).

the mixture of these sources through unknown propagation

channels. 2. PRINCIPLE OF THE "TIFROM” APPROACH
Denoting the mixing operator by, the relationship be-

tween the sources and observations reads As, where 2.1. Model

1. INTRODUCTION

the vectors = [s1, s2, ..., sy|” contains the unknown  \ye here consider the following linear instantaneous mix-

sources whiler = [z, 3, ..., zp]T represents the ob- turet of two real-valued sources:

servations. We here only consider linear instantaneous mix-

tures, so that the operatek corresponds to a scalar matrix. { z1(n) = anisi(n) + arz85(n) 1)
Traditional Independent Component Analysis (ICA) ap- 22(n) = az151(n) + azs2(n)

proaches basically aim at separating the sources by comwhere the coefficients,;; of the mixing matrixA are real,
bining the observations so that the output signals are inde-constant and different from zero.

pendent [1] which means that the fundamental assumptionThe separation of the sourcescan classically only be per-

of ICA techniques is that the sources must be independentformed up to a scale factor and a permutation [1] and BSS
Moreover, most of these approaches can only separate stamay thus be seen as a method for finding an estimate of
tionary non-Gaussian signals. Because of these limitations,A~! = APA~!, whereA and P are resp. arbitrary diago-
poor performance is often obtained when dealing with real nal and permutation matrices. Inside this class of matrices,
sources, like audio signals, which do not match those re-we here focus on:

quirements. Some authors [2]-[6] have proposed different } 1 1 -1

approaches which take advantage of the non-stationarity of A7l = { 1 1 } (2)

such sources but they still require their independence or un- Jer /e

correlation. 1The mixtures are assumed to be non-degenerate throughout this paper.
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where To exploit this property, we proposed to analyze, for

aii

=gt = Zﬁ, 3) each frequencyy, the sample variance of the complex ra-
C ) tio a(n;,ws) on seried’, of M short half-overlapping time
which yields : windows corresponding to adjacent : var|a](L'q, wy) =
y(n) = A7 'z(n) = [a1151(n), a1252(n)]".  (4) = Zj]\il la(nj, wi) —a(Ty, wk)|?, where the sample mean
is defined asti(Tg, wi) = 17 Y210 a(ng,wy).
2.2. Time-frequency approach If e.9. Sa(n;,wy) = 0 for theseM windows, then

(6) shows thaix(n;,ws) is constant over them, so that its
variancevar|a](I'y, wy) is equal to zero. Conversely, under
Assumption 3, if botht (n;, wi) andSs(n;, wy) are differ-
ent from zero themar[a](T'y, wy) is significantly different
from zero.

So, by searching for the lowest valuewfr|a](T';, wy)
vs all the available series of windows,,, wy), we directly
find aTF domain(I',, ws) with only one source. The cor-
responding value; is then given byw(T',, w). We find the

The TIFROM approach is based on a simple and efficient
way to automatically determine the above coefficientss-
ing theTF information included in the observations.

To this end we compute thehort-time Fourier trans-
forms STFT) [9]-[11] of the observations, denotéd, (n, w),
which represent their contributions in the short time and fre-
guency windows resp. centered e@ndw.

We require the following assumptions :

Assumption 1 The mixing matrix4 is such thata;; # 0, second coefficient valug by searching for the next lowest
Vi, j and the power of each source is non negligible at least value ofvar|a](T'y, wx) vs (I'y,wy) associated to a signifi-
at some times. cantly different value of(I',, wy) using a threshold set to

_ . . the minimum difference that we request between the two
Assumpu.on 2 For each sources;, there eX|st'some adja-  values in (3). We thus obtain estimates of the two coeffi-
centTFwindows(n;, wx) where onlys; occurs, i.e. where cient values defined in (3). The separated signals are then
Si(ng, wi) < Si(nj,wk), V1 #1i. derived from these values by using i) either the original ver-
sion of the TIFROM approach based on individual source
extractions that we proposed in [7], [8] or ii) its new ver-

‘ sion that we introduced in this paper, which is based on the
X1(nj,wg) ) X . )
Xl on)’ (5) matrix (2). If the lowest value of the ratio variance is ob-
2\ ok tained whens, is zero this yields (3) and (4). Otherwise a
which is computed for eachiF window. The linearity of permutation occurs in (3) and (4).
the STFToperator leads to:

The TIFROM method is then based on the complex ra-
tio:

a(ng,wg) =

(11151 (TL]‘, wk) + a1252(nj,wk) (6) 3. DEPENDENT SIGNALS
a2151(nj, wi) + a2 Sa(nj, wi)

As stated above, ICA methods are statistical approaches,
Therefore, if only one source occurs in the window (n;, which require the sources to be statistically independent and
w), thena(n;,wy) is equal to the corresponding coeffi- which consist in forcing the output signals to become inde-
cient value, among; andc, defined in (3). Note thatin  pendent, so that they get equal to the sources. The TIFROM
practical situations there always exists a small amount of approach is totally different, as it uses sample statistics of a

noise in the observations so tha&b(n;,wy) is always dif- single signal realization to determine some domains in the
ferent from zero andy(n;,wy) is always defined, for each  TF plane where a single source occurs. It therefore only re-
j andk. We add the following assumption: quires such domains to exist and applies to (realizations of)

various dependent sources which meet this condition.

To illustrate this capability, consider for example the
two source signals;(n) = u(n) + v(n) and sa(n) =
v(n) +w(n), whereu(n), v(n) andw(n) are three station-

It may be shown easily that if only soursgn) is presentin  ary independent zero-mean signals and where:

several time-adjacent windoWgn ;, wy.), thena(nj, wy,) is a)v(n) only has components in the frequency bafid /],
constant and equal tg over these successive windows. On andu(n) and/orw(n) also have components at the frequen-
the contrary, it takes different values over these windows if Cies wherev(n) occurs,

both sources are present and if Assumption 3 is met. b) u(n) only has components in the frequency bamd],

— o ¢) w(n) only has components aboye.
2This situation is e.g. common for speech or music signals: the for-

. . The cross-correlation of; (n) and sz(n) is non-zero, due
mants of speakers or instruments are locatedfnareas which do not ) .
overlap completely. to their common component(n). These two source sig-

3The same concept may be applied to frequency-adjacent windows.  hals are therefore dependent. However, it may be checked

Assumption 3 When several sources occur in a given set of
adjacentTF windows they should vary so thatn, w) does
not take the same value in all these windows.




easily that they match all the assumptions required in our
method. We can then separate (realizations of) these sig-
nals with the TIFROM approach, despite their dependence,

Table 1: Output SNR v&/s 1 and M for each output.

N,
thanks to the differences in théliF representations. M 64 iggT 556
A similar situation occurs with musical instruments, where
. . - . S1 25.1 44.2 34.0

each one has his own time properties (attack, decay, sustain, 4 < 504 89.7 678
release) and frequency components which make it sound 32 25'4 26.0 28.0
differently from another one. Now two different instruments 6 51 34'0 57'0 54'1
playing in the same tone have common frequencies which 2 : . .

L S1 30.4 34.2 34.2
make their signals correlated and thus dependent. More- 8 < 346 490 71.3
over, thanks to their own properties, they usually do not vary 2 24'9 29'7 27.8
in a coherent way over time-adjacer windows and as- 10 36.7 50'7 61.6
sumption (3) of the TIFROM approach therefore holds to 52 38'0 31‘0 29‘8
them. This is an important case as traditional BSS meth- 12 1 42'0 67.3 52'7
ods, like kurtosis maximization cannot separate this kind of 52 - : :
signals.

4. EXPERIMENTAL RESULTS 5. CONCLUSION

To illustrate our ability to separate dependent signals, weIn this paper, we recalled the basics of the TIFROM ap-
consider the case of musical instruments. Sosyds a gui- proach that we recently introduced in [7], [8]. We then
tar playing aD chord, which consists ifv, F'#, A. Source proved and illustrated its ability to separate dependent sig-
s9 is aD from a singer. These sources are dependent as wenals. Unlike classical ICA methods which separate the sour-
can see on Fig. 1 which shows the absolute value of zero-ces by combining the observations so that the output signals
lag cross-correlation coefficient®[s;ss]|/v/E[s?]E[s3)], are independent our approach relies on the assumption that
computed for each considered time window. We recordeda source is "visible”, i.e. that it occurs alone (as opposed to
these two sources using CD quality (16 bits, 44,1 kHz) and the other sources) in at least one local area infR@lane.

then mixed them using the matrix : Then it automatically determines such an area and derives
coefficients which e.g. allow one to directly build an inverse

{ a1 a1z } _ [ 09 } (7)  mixing matrix in the case we considered here. This makes

a1 Q22 0.8 1 it possible to separate classes of signals for which classi-

giving for s, resp. SNR's ofl.6 dB and—1.3 dB on z, pal methods fal|., e.g. d.ependent signals, provided there ex-
. .. ist some areas in the time frequency plane where only one

andz,. Spectrograms of the sources (Fig. 2 and 3), with S
source occurs. As an example we recorded audio signals

Nsrrr = 256 samples per STFT window, clearly show ¢ o iiar and a singer playing in the same tone, givin
that there exist some differences in the TF plane between 9 ger playing » gVIng

these signals. As an example, we analyzed the variance oPNO dependent signals. We then showed that we can suc-
a(n;,wy) for M — 8 on1.13 s of signal (50000 samples), cessfully separate them using the TIFROM approach. For

which took approximately 1 s with matlab code on a 1GHz the sake of clarity we presented the simple casksafurces

g and?2 observations but this approach is easily extended for
l(:)ll”’ﬁn)d) F;Ir?éted n Fig. 4 anodng g;; r:;:ilfj Osgelg(:}hcgt[?k}lere Nsources and® observations, giving source separation if
q> Wk )

1
¢ var[a](ka ) -~ . N < P or partial source separation otherwise, as will be
exist some areas with low variance (bright areas in Fig. 4 shown in a future paper.

and peaks in Fig. 5), corresponding to windows where only

one source occurs. These settings give an output SNR of

34.2 dB for s; and71.3 dB for sy, which are quite good 6. REFERENCES
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Figure 1: Absolute value of cross-correlation coefficient
|E[s152]|/+/ E|s%| F[s3] for each 256-sample window.
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Figure 4. Time-Frequency representation  of
—logio(var[a](Ty,wk)). Axes units : Time window
indices, corresponding to [0 s, 1.13 s]. Frequency window

indices, corresponding to [0 Hz, 22.05 kHz].
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Figure 5: Time-Frequency representation;gjm.
Axes units : Time window indices, corresponding to [0 s,
1.13 s]. Frequency window indices, corresponding to [0 Hz,
22.05 kHz].



	Index
	ISSPA 2003 Home Page
	Conference Info
	Welcome Messages
	Organizing Committee
	Sponsors and Support
	Conference Venue
	Onsite Activities

	Sessions
	Wednesday, 2nd July
	WedAmOR1-Plenary I
	WedAmOR2-3D Reconstruction from Multiple Views (special ...
	WedAmOR3-Adaptive Signal Processing for Wireless Commun ...
	WedAmPO1-Image and Video Coding
	WedAmPO2-Time-Frequency Analysis: Methods and Applicati ...
	WedPmOR1-Signal Processing for Defense Applications (sp ...
	WedPmOR2-Content-based image retrieval (special)
	WedPmPO1-Signal processing for Communication: I
	WedPmPO2-Radar and sonar processing
	WedPmOR3-Algorithms and performance for MIMO space-time ...
	WedPmOR4-Foveated vision in image and video processing  ...
	WedPmPO3-Speech processing and recognition
	WedPmPO4-Image enhancement and restoration

	Thursday, 3rd July
	ThuAmOR1-Plenary II
	ThuAmOR2-Image and video quality assessment (special)
	ThuAmOR3-Multiuser detection in CDMA (special)
	ThuAmPO1-Image segmentation and classification
	ThuAmPO2-Time-frequency/Time-scale analysis
	ThuPmOR1-VLSI for Signal and Image Processing
	ThuPmOR2-Image motion analysis (special)
	ThuPmPO1-Biomedical signal and image processing
	ThuPmPO2-Blind source separation: Applications &amp; Me ...
	ThuPmOR3-Channel Identification and Equalization
	ThuPmOR4-Medical image segmentation and classification  ...
	ThuPmPO3-Multimedia signal processing
	ThuPmPO4-Image and multidimensional signal processing

	Friday, 4th July
	FriAmOR1-Plenary III
	FriAmOR2-Image sequence processing
	FriAmOR3-Neural Network for Signal and Image Processing
	FriAmPO1-Digital Filter Design &amp; Structure
	FriAmPO2-Signal Processing for Communications 2
	FriPmOR1-Security Signal Processing and Digital Waterma ...
	FriPmOR2-OFDM communication systems
	FriPmPO1-Multirate Filtering and Wavelets
	FriPmPO2-Statistical Signal and Image Processing
	FriPmOR3-Statistical Array Processing
	FriPmOR4-Pattern Recognition
	FriPmPO3-Adaptive signal processing
	FriPmPO4-Student session

	Tutorials
	Plenary Speakers

	Authors
	All authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Papers
	All papers
	Papers by Topic
	Papers by Sessions
	Table of Contents

	Topics
	Digital Filter Design &amp; Structures
	Multirate Filtering &amp; Wavelets
	Adaptive Signal Processing
	Time-Frequency/Time-Scale Analysis
	Security Signal Processing and Digital Watermarking
	Statistical Signal &amp; Array Processing
	Radar &amp; Sonar Processing
	Speech Processing &amp; Recognition
	Image &amp; Multidimensional Signal Processing
	VLSI for Signal and Image Processing
	Signal Processing for Communications
	Image and Video Coding
	Image Enhancement and Restoration
	Biomedical Signal and Image Processing
	Neural Network for Signal and Image Processing
	Image Segmentation and Pattern Recognition
	Signal Processing Education
	Multimedia Signal Processing
	Motion Analysis and Image Sequence Processing
	Others (Optical Signal Processing, Applications...)
	Medical Image Segmentation and Classification
	Multidimensional Image Processing and Control
	Image Motion Analysis
	3D Reconstruction from Multiple Views
	Content-Based Image Retrieval
	Image and Video Quality Assessment
	Foveated Vision in Image and Video Processing
	Signal Processing for Defense Applications
	Algorithms and performance for MIMO space-time coded sy ...
	Adaptive Signal Processing for Wireless Communications
	Time-frequency analysis: Methods and Applications
	Source Separation for Acoustics
	Source separation for Biomedical Applications
	Multi-user Detection in CDMA

	Search
	Copyright
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using the Acrobat Reader
	Configuration and Limitations

	About
	Current paper
	Presentation session
	Abstract
	Authors
	Yannick Deville
	Frédéric Abrard



