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ESTIMATOR OF INDEPENDENT SOURCES
FROM DEGENERATE MIXTURES

BACKGROUND OF THE INVENTION

1. Field of the Invention

The present invention relates to blind source separation
problems and more particularly to estimating independent
Auto Regressive (AR) processes from their sum.

2. Description of the Prior Art

A generic Blind Source Separation (BSS) problem 1is
defined by the following: given m measurements X, . .. ,X
obtained from n independent signals (sources) sy, . . . ,S,,
estimate the original signals through n estimators §,, ..., 8§ ,
based on the time-series x,(*), . . . ,X,,(*).

Current BSS literature addresses only the case when the
number of sources 1s equal to the number of microphones,
in example m=n. This 1s discussed by S. Amari 1 “Mini-
mum Mutual Information Blind Separation”, Neural
Computation, 1996, by A. J. Bell and T. J. Sejnowski in “An
Information-maximization Approach To Blind Separation
And Blind Deconvolution”, Neural Computation,
7:1129-1159, 1995, by J. F. Cardoso 1n “Infomax And
Maximum Likelihood For Blind Source Separation”, IEEE
Signal Processing Letters, 4(4):112—-114, April 1997, by P.
Comon 1n “Independent Component Analysis, A New
Concept?”, Signal Processing, 36(3):287-314, 1994, by C.
Jutten and J. Herault 1n “Blind Separation Of Sources, Part
I: An Adaptive Algorithm Based On Neuromimetic
Architecture”, Signal Processing, 24(1):1-10, 1991, by B. A.
Pearlmutter and L. C. Parra in “A Context-sensitive Gener-
alization Of ICA”, In International Conference on Neural
Information Processing, Hong Kong, 1996, by K. Torkkola
in “Blind Separation Of Convolved Sources Based On
Information Maximization”, In IEEE Workshop on Neural
Networks for Signal Processing, Kyoto, Japan 1996. The
case when the number of measurements m 1s strictly smaller
than the number of sources n 1s called the degenerate case.

It 1s an object of the present mvention to reconstruct
independent signals from degenerate mixtures. More
specifically, 1t 1s an object of the present invention to
estimate independent Auto Regressive (AR) processes from
their sum.

SUMMARY OF THE INVENTION

The present invention 1s a system that reconstructs inde-
pendent signals from degenerate mixtures. More
specifically, the present invention estimates independent
Auto Regressive (AR) processes from their sum. The inven-
tfion addresses the 1dentification subsystem for such a degen-
erate case, particularly the case of two AR processes of
known finite dimension (m=1 and n=2).

The present invention includes an identification system
and an estimator. A mixture signal and noise are inputted
into the system and through noise separation, a near pure
signal 1s outputted. The identification system includes an
ARMA 1dentifier, a computation of autocovariance
coellicients, an 1nitializer and a gradient descent system. The
estimator includes filtering.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 1llustrates an example imncluding the present inven-
fion.

FIG. 2 1llustrates a block diagram of the present invention.

FIG. 3 illustrates a block diagram of the identification
system.
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2

DETAILED DESCRIPTION OF THE
INVENTION

The present invention 1s a system that reconstructs 1nde-
pendent voices from degenerate mixtures by estimating
independent Auto Regressive (AR) processes from their
sum. The invention addresses the identification subsystem
for such a degenerate case, particularly the case of two AR
processes of known finite dimension (m=1 and n=2).

FIG. 1 i1llustrates an example utilizing the present mven-
fion. A mixture signal, such as two voices, 1s inputted into
the system and through source 1dentification and filtering by
source separator 10, an estimate of original sources are
outputted from the present invention. The present mvention
estimates n unknown independent components S, . . . ,s,
(sources) from observed signals x,, . . . ,x,, that are assumed
to be linear combinations of the independent components.
The present invention solves problems caused by degenerate

source mixtures.

In the present invention the following assumptions are
made:
1. There are two weakly stationary and independent sources
S, and s, of zero mean, 1.e.

Els{(k)s;(k-n) [=E[s;(D)s (I-n)], for every k1j=1,2

Els (k)s-(D|=E]s,(k) [EE]s>(D) |=0, for every &,/ (1)

2. The source signals are obtained from two Auto Regressive
(AR)(p) processes of order p as follows:

si(n)=—a,s,(n-1)-as,(n-2)- . . . —a,s,(n-p)+Gvi(n)

So(1)==b155(n-1)-by5y(n=-1)— . . . =b55(n-p)+G,v,(n) (2)

where v, and v, are two independent unit variance white-
noises, ay, . . . ,a,, Gy and by, . . . ,b,,G, are the parameters
of the first, respectively the second, AR(p) process.

3. The order p 1s assumed known.

4. The measurement 1s a scalar sum of the signals:

(3)

x(n)=s,(n)+s (1)

and 1s known.

As stated above, the present imvention estimates the
original signals. The estimators §,(),5,(:) that are con-
structed are optimal with respect to the conditional variance
of the error.

The system solves the signal mixture separation problem.
More specifically, a simultaneous record of two signals 1s
orven. The implementation of the system estimates each
original signal. The system works best with unechoic voice
signals, which can be well approximated by univariate AR
processes of some order p.

As shown 1n FIG. 2, the major components of the present
invention are the identifier 20 and the estimator 22. There are
two 1mplementations of the present mvention: an off-line
implementation and an on-line implementation. Identifier 20
implements an identification system shown i FIG. 3 and
estimator 22, in one embodiment, 1s actually two Wiener
filters. Identifier 20 produces an estimate of the unknown AR
parameters 4., . . . ,ﬁp,él,ﬁl, . ,'SP,GZ. Estimator 22 gives
the minimum variance estimates based on these parameters.

As shown 1 FIG. 3, sources s are linearly mixed in the
environment. Identification system 32 receives input X from
the mixing environment. Identification system 32 includes
ARMA 1identifier 33, mitializer 34, computation of autoco-
variance coeflicients 35 and gradient descent system 36.
ARMA 1dentifier 33, initializer 34 and gradient descent
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system 36 receive parameters p, g, 1 and a from parameter
block 37. Outputted from 1dentification system 32 are source
estimates.

ARMA 1dentifier 33 performs the operation described by
step 2 below. Computation of autocovariance coeflicients 35
performs the operation described by step 1 below. Initializer
34 performs the operation described by steps 3.1 through 3.4
and the gradient descent system 36 performs the operation of
step 3.5 described below.

The off-line implementation assumes the entire measured
signal is known from the start. Thus {x(n)}  is known for
n=1, . . . ,N and the method computes the estimates $,(n)
1 ,18,(n)}, based on this knowledge. In the on-line
implementation, at the moment t only the samples {x(n)}
for n=1, . . . ,t are known. Based on this information, the
system produces the estimates §,(t+1),5,(t+1) immediately
after it receives x(t+1). Variations along this line are also
considered. For instance the measured signal 1s split into
fime-windows of length M,

_ N
j=1,..., —,

(xj(k)})k:l,... Mg 7 ? MD

Xj(k) :X(M0j+k),k =1, ..., M.

Then, for a given j,, immediately after the moment M, the
system produces the estimates

$1(Jo—DMo+R) iy MD:{‘?E(UD_l)M oK) famt, M-

Thus the length M, controls the time lag between the
original signals and their estimates.

The present 1nvention 1s based on the second order
statistics of the measurement characterized through the
sampled autocovariance coetlicients computed in the off-line
implementation through

1 & (4)
M = > xthoxtk - b

k={+1

In the on-line 1implementation, these coeflicients are esti-
mated through (24).

In the off-line implementation, identifier 20 performs the
following steps with the following inputs:

@) b and constants: L,q,dp, . . . ,0 €

Step 1. Compute (1) for 1=0, . . . ,L;

Step 2. Identify the measured signal as an ARMAQp,p)
Process.

Thus two polynomials, one of degree p,

(3)

[
CiZg

Q(z) =

P
{=0
and another of degree 2p,

2p (6)
PR)=1+ ) d
(=1

are obtained. The zeros of P define the ARMA(2p,p) process

poles.

Step 3. For each partition of the 2p poles 1dentified at Step
2, mto two admissible sets of p poles repeat:

10

15

20

25

30

35

40

45

50

55

60

65

3.1 Find P, and P, the p™ degree polynomia:
are, respectively, p poles from each partr

b, 1=0, .

4

s whose roots
ion. Set a,'?,

.. ,p the coetlicients of P,, P, as follows:

P
0 0
Pl(z):l+2ag 't ay =1
=1

P
P =1+ ) b7 b =1
(=1

3.2 Solve the following linear system:

where 1,,g,,h, are obtained as coeflicients of

(7)

(8)

(9)

3.3 If x,<0 or x,<0 then this partition 1s not suitable and
therefore move to the next partition. Go to Step 3.

3.4 Set

G, V=vx,, G, D=vx,

(10)

3.5 Using the gradient descent algorithm minimize the
following criterion:

J(G, Gy, a,b,p, La, ¥, q) =

L

> e

{=0

p
axb () — Z (G b, (k= 1) + Gray Vo (k — D))
k=l

(11)

where W,(1),%,(1), 1=0, . . . ,p are obtained from the
following triangular linear system,

ﬂ"‘]"l (Z—

{
k)
J=0

!
Zbﬂz(l—

J=0

with

a,=b,=1

=G0, =0, ..., p

J)=G010,1=0, ..., p

(12)
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2p & (13)
axb i) = S‘J Slajbk_ﬁ(l—k)
k=0 j=0
a.,, 1=0, . . . L, are fixed positive weights and L,q are

parameters.
Practically, the gradient descent step 1s performed as
follows:

3.5.1 Set m=0 and compute

JD=J(G,,G,,a" b p, L, 0,5 (8)

3.5.2 Evaluate the gradient of J at G,, G,", a"™, b
1n

Da"=N J(G,",G,',a" b p L, 0,7 q)

D=V L J(G,,G,U™,a" b p L o, q)

oJ 9
DG" = - (G|, GI". a"™ . b p. L.a. 7. g) 7
1

dJ
DA = (G 68" d™ Y™, p. L.}, g

3.5.3 Set t=1 and repeat

ax=a""—t-Da™
bx=b""—-Db'™)
Gx,=G,"-+-DG "™
Gx,=G, -t DG

J =I(Gx ,Gx,ax,bx,p,L, 0, %, q)

t=t/2 (16)

until J _<J©®
3.5.4 Set

D, 0m)_n 1) ()
pln+1l)_p(m)_nenypHin)

G, V=G,"_2tDG ™
G,V D=G,"_2tDG™

JrewJy (17)

3.5.5 If (JUID_Jmem)y/Jelde get
m=m+1

Jlotd)_ jlnew) (18)

and go to 3.5.2.
Else set

partition)_ (m+1)
plpariition)_p(m+1)

G (pariition)_¢z (m+1)
G pariition) _¢_(m+1)

J ,{partition) =Jimew) (19)
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6

Step 4. Choose the partition that gives the smallest criterion,
1.€.

optim_ partition=arg min J,,(partition) (20)
pPartition
Set:
&=Hﬂpffﬂﬂ_pﬂ Fiition
B= Hor fion___pariition
" e option—partition
G1=Gy
Gz=GzﬂpImn_parnrmn (21)

Outputs: ﬁ,B,Gl,GZ.
This 1dentification procedure uses a number of param-
cters. Experimentally, the following values work well:

L=3p
q=2
a=1,1=0, ... L

=107 (22)

For the purposes of the Step 3, a set of complex numbers 1s
said admissible 1f 1t 1s invariant under the complex conju-
gation operator, i.e. if z is in the set then z should belong to
the set too.

Once the 1dentification procedure has been done, the next
step 15 the linear filtering of the signal x performed in
estimator 20 of FIG. 2. The following will describe the
oif-line filtering block of estimator 20. The present invention
uses Wiener filters to estimate §; and §,. The Wiener filters
are the minimum variance linear estimators and have been
widely used 1n the literature as noise reduction filters. For
the AR sources estimation, the filters are defined through the
following relations:

1

h " 23
G%Pz(z)Pz[E] (=)

H1(2) = n2 1 A2 |
G Pz(Z)Pz[E] + Gzpz(Z)Pz(E]

]
G5 P (Z)PI(E]

H —
2(2) — —

~ {1 ~ 1
Gy Pz(Z)Pz(E] + Gy Py (Z)PI(E]
where

p p
P(z) =1 +Zﬁ5z‘{, Pz =1 +ZngJ.
=1 =1

Since (23) defines non-causal filters, the algorithm uses a
forward-backward implementation for each filter, based on
the spectral factorization theorem.

The following will describe the on-line implementation
and the on-line 1dentification algorithm. For the on-line
problem, the present mvention uses an adapting mechanism
of the identification procedure. Suppose the estimates 4",
b.G, .G, of the parameters a,b,G, and G, based on
the first m samples are given and the m+1** sample x(m+1)
1s known. The on-line algorithm describes how these esti-
mates are adapted.
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Input: 4“,67,G,",G," (1) and x(m+1)
Step 1. Update the autocovariance coeflicients using an
exponential-window,

D (N=(1-w)A™D(Dwx(m+1)x(m+1-1), 1=0, . . . L (24)

Step 2. Perform one gradient descent step 3.5 from the
off-line algorithm using the updated values of the auto-
covariance coeflicients:

" =argmin J(G{" —1-DG,, Gy —1- DGy, (25)
t=2"1

a™ —¢-Da, B"™ —t-Db, p, L, a, ?imﬂ}, q)

Update the new estimates:

U+ Um_px g

Pl =pm_g#Dp
G,V O=G DG,

G U D=G "_2DG, (26)

Step 3. Set m=m+1 and go to Step 1.
Outputs: z’i(m“),l;(m*l),él(’”“),Gz(’”*l)j(m*l)(l)

The parameter w at Step 1 represents the adapting rate of
the algorithm. Usually it 1s taken very close to O.

The following will describe on-line filtering. The filtering
block adapts its parameters (through (23) at every M,
samples. Depending on the application, either a forward-
backward implementation is used (if the processes are slow),
or the forward filtering part only is used (if the processes are
fast). In the latter case, the forward filter is the causal (i.e.
stable) part of (23).

The present invention solves problems caused by degen-
erate source mixtures. The present invention can be utilized
in any application requiring speech enhancement and noise
reduction such as hearing aids, mobile phones, stationary
phones and speech recognition and detection systems. The
present mvention also has applications with source separa-
tion in EKG, EEG, magneto-encephalograms and {fetal
monitoring.

It 1s not intended that this invention be limited to the
hardware or software arrangement or operational procedures
shown disclosed. This invention includes all of the alter-
ations and variations thereto as encompassed within the
scope of the claims as follows.

What 1s claimed 1s:

1. An estimator of independent acoustic sources from
degenerate mixtures comprising:

an 1dentification system for simultaneously receiving and
identitying said independent sources from said degen-
crate mixtures, wherein said independent sources
include Gaussian and non-Gaussian signals; and

an estimator filter connected to said 1dentification system

for reconstructing said independent sources based on a
second order estimation of a sum of said signals.

2. The estimator of independent sources from degenerate

mixtures as claimed in claim 1 wherein said 1dentification

system comprises:
an auto regressive moving average identifier;

means for computing autocovariance coeflicients con-
nected to an auto regressive moving average identifier;

an 1nitializing device for assigning initial values con-
nected to said auto regressive moving average identi-
fier; and
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3

a gradient descent system connected to said initializing
device and said means for computing autocovariance
coellicients.

3. The estimator as recited 1n claim 2, wherein the auto
regressive moving average 1dentifier includes means for
identifying degenerate signals as auto regressive processes
and determining poles of the degenerate signals.

4. The estimator as recited 1n claim 3, wherein the auto
regressive processes include polynomials, the polynomials
having zero roots corresponding to poles of the auto regres-
SIVE Processes.

5. The estimator as recited in claim 2, wherein the
mnitializing device computes process parameters for auto
regressive processes output from the auto regressive moving
average 1dentifier.

6. The estimator as recited 1in claim 2, wherein the
oradient descent system includes means for determining an
estimate of auto regressive parameters to be output to the
estimator filter.

7. The estimator as recited in claim 1, wherein the
degenerate mixtures include discrete acoustic sources and
the estimator filter outputs estimates of the discrete acoustic
SOUrces.

8. The estimator as recited 1n claim 7, wherein the discrete
acoustic sources include human voices.

9. The estimator as recited 1in claim 1, wherein the
estimator filter includes two Weiner filters.

10. The estimator as recited in claim 1, wherein the
estimator 1s employed in one of a hearing aid, phones,
speech recognition and detection systems and medical moni-
toring equipment.

11. A method for estimating independent acoustic sources
from degenerate mixtures comprising the steps of:

simultaneously providing degenerate mixtures of signals
from a plurality of sources, wherein said sources
include Gaussian and non-Gaussian signals;

computing autocovariance coellicients for the degenerate
mixtures;

identifying the degenerate mixtures of signals as auto
regressive pProcesses;

determining estimates for parameters for the auto regres-
sive processes based on a second order estimation of a
sum of said signals; and

outputting source estimates for the degenerate mixtures to
reconstruct signals from the plurality of the
simultaneously-provided sources.

12. The method as recited in claim 1, further comprises
the step of filtering the source estimates to provide a
MmIinimum variance.

13. The method as recited 1n claim 11, wherein the step of
identifying the degenerate mixtures of signals as auto regres-
sive processes 1ncludes associating polynomials with each
auto regressive process such that poles are computable based
on routes of the polynomial.

14. The method as recited 1n claim 11, wherein the step of
determining estimates for parameters includes the steps of:

determining polynomials having poles at routes of the
polynomials;

solving a linear system of equations of the polynomials;

determining whether a partition represented by the system

of linear equations 1s acceptable based on predeter-
mined criteria; and

if acceptable, setting results of the solved linear system of
equations to auto regressive parameter estimates.
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15. The method as recited 1n claim 11, wherein the step of updating autocovariance coelflicients using an exponential
determining estimates for parameters for the auto regressive window based on the samples of auto regressive param-
processes includes the step of providing a gradient descent cter estimates and the predetermined signal source;
system for determining a gradiem for partitions of the performing q gradien‘[ descent using the updated autoco-
degenerate mixtures and determining a minimum partition 5 variance coefficients; and
based on a mmimum gradient. outputting updated auto regressive parameter estimates

16. A method for estimating independent acoustic sources for the simultaneously-provided samples and source.
from degenerate mixtures comprising the steps of: 17. The method as recited in claim 16, further comprises

simultaneously providing samples of auto regressive the step of filtering the updated auto regressive parameter

parameter estimates and a predetermined signal source, 19 estimates to provide a minimum variance of error for the
wherein the auto regressive parameter estimates are updated auto regressive parameter estimates.

derived from calculating autocovariance coellicients
based on a second order estimation; £ ok % k%
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