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ABSTRACT nique which uses (finite impulse response) FIR matrices,

whose elements are vectors and have time domain (or equiv-

A multipath enabled singular value decomposition (SVD)alently frequency domain) extent

algorithm is presented, which will allow computation of
wideband (polynomial) singular values, and hence, the sig-
nal+noise and noise subspaces. Polynomial singular val- 2. PROBLEM DESCRIPTION
ues are ordered according to total energy. The number of

sources can be estimated using the scalar total energy vall he mixing process is described as

ues. Results using both simulated data on the computer and

actual speech recorded in a noisy multipath environment X; = As; + ny 1)
are given to demonstrate the usefulness of the techniques T .
L . “Wheres; = (s1, - ,sM,); contains the samples of the un-
shown. After number of sources estimation, only the sig- . s/t T
known source signals at timex; = (z1,---,2up); the

nal+noise subspace is used to create virtual sensors which

have made optimal use of all the sensors. As a final signal>21PIeS Of thel/ sensor signals at sample timen, the
o ' 9NAlamples of the sensor noise at timawith A *M: <L ag

copy step, standard blind independent component analys'%he unknown mixing matrix. In the overdetermined case

(ICA) or blind source separation algorithms can be used to :
- h we have more sensors than source signals{ M).
recover the original data from the virtual sensors. The num-

ber of estimated sources could also be given to a blind al- _
gorithm capable of using overdetermined sources and the2-1. Notation

algorithm can adaptively make use of all sensor data. The following notation is used throughout: Vectors are writ-

ten in lower case, matrices in upper case. The sample in-
1. INTRODUCTION dex is denoted by. E{-} denotes the expectation opera-
tor. Vector or matrix dimensions are given in superscript.
We address the problem of efficiently recoveriMgsources ~ The Frobenius norm of a matrix is denoted [pyj| .. Col-
givenM sensors of noisy, multipath mixed data. A key step umn vectors are bold-face, lower case symbols, as and
in the recovery process is estimation of the number of orig- column vectors with filters as elements are underlined bold-
inal sources. In earlier work, we have given tools to com- face, lower case symbols, asn Matrix variables are in
pute eigenvalues for multipath matrices. Singular value de-bold face, upper case, as A&, and matrices of filters (FIR
composition (SVD) is conceptually an eigenroutine applied matrices (see [1]) are underlined bold face, upper case sym-
to the spectrum of a matrixA A | in which eigenvalues  bols, as inA. FIR matrices are usually assumed to be in
and associated eigenvectors are ordered according to ernthe frequency domain where convolution is multiplication
ergy. Herein, we show how to use total energy (over all time and standard Linear Algebra notation holds. We convert the
extent or, equivalently, over all frequencies) of the eigenval- matrices to the frequency domain, perform all the computa-
ues for ordering of eigenvalues and eigenvectors and decidtions and then convert back to the time domain at the final
ing between signal+noise and noise only subspaces. step for plotting the result. The time domain or multipath
Narrowband/scalar mixture processes are well describedextent of filters and FIR matrices Istaps in lengthI is the
by scalar matrix algorithms, but adding a wideband/multipathunit FIR matrix and0 is the zero FIR matrix. Inner prod-
dimension to the problem requires a new set of tools. We uct, row times column matrix multiplication rules, etc., all
present a fundamental singular value decomposition tech-apply in FIR matrix algebra, but the scalar matrix term by



scalar matrix term multiplication is replaced with element-
wise (across all) multiplication of the frequency domain
representations of the corresponding FIR matrix terms.

2.2. Assumptions

with

(6)

where the last inequality comes from the assumptin
and where the scalays,, are defined as the total summed

pL>p22>-->pu, >0

In addition to the problem proposed above, we make the€nergy (same in time or frequency domain) in the wideband

following assumptions:

e Al Time-invariant mixing matrixA..

A2 A has ranki/;.

A3 Source signals,,,, m =1, ..., M, are mutually
independent and iid.

Ess = E{Ststfl} = 0'? lMs (2)
A4 Source signals,,, (save possibly one) are non-
Gaussian. This assumption is required for full inde-

pendent component analysis (or signal copy), but not
for the PCA stage.

A5 All source signals are unknown and have the same
powero?2.

A6 There are more sensors than source sighéls
M.

AT All sensors have the same noise characteristics.

The sensor noise is additive white Gaussian noise with

powers?2. The sensor noise of the sensors is mutually
independent.
R

—nn

= E{ntnfl} = ailM.

3)

ally independent.

POLYNOMIAL SVD USING TOTAL ENERGY
ORDERING

By applying SVD onA, we have

=Q§zH=u[ ]KH (4)

whereUM*Mx*L gndvMs *M: <L gre ynitary FIR matrices

(HEH — IMXMXL andMKH — lMsXMsXL). Un|tary

FIR matrices are isomorphic to the paraunitary matrices de-

fined in [2]. Unitary matrices contain only phase informa-

tion.
~ My x MgxL . .
FMXMs XL gandy are diagonal FIR matrices

which contain the polynomial singular values Af

3 =diag{oy,. .., } (5)

singular values.

()

The SVD of the input correlation matrR . gives with
(2) and (3)

Pm = Sl T ()

Emm E{thfl} (8)
= AR, A" +R,, 9)
= oAA" + ol 1y, (10)
= scuzvivy'u? +4521,, (1)
= aiUZx"U" +0) 1 (12)
= 2Us’u’+.2uut (13)
= U2 +021,)U" (14)
= ux;, u” (15)
with
EMXMXL diag{g;,-.-,a.,0,...,0}
Z?)z = diag{gilﬂ et ’giMs’giMs+17 .t ’giM}
g‘fm = diag{gfag + 0'72“ .. ,gfmag + Ui,g%, e, UTZL}.

A8 The source signals and the sensor noise are mutu-

4. SIMULATION

4.1. PCA Results using Speech Recorded in a Noisy Re-
verberant Environment (M=1, M =5)

Five sensors were recorded of a speech signal uttered in an
automobile traveling at freeway speeds. The signal-to-noise
ratio is a function of frequency, but was very poor, in the
subjective range of 5 to -5 dB at each sensor. The multi-
path correlation matrix for this data correspondindtg, ,
equation (9) is shown in figure 1. A hundred seconds of
data was used, with a sample rate of 8000Hz. A time extent
of 16000 samples (2 seconds) was used. The energy order
eigenvalues oR ,, are shown in figure 2. Note that as in
scalar matrix algebra the eigenvaluesBRf, will contain
spectral magnitude information only (no phase). The eigen-
values shown are symmetric about time zero (completely
phaseless). Also, the singular vector matriteandV are
unitary FIR matrices. We demonstrate this property in fig-
ure 3 by plottingU U = 1.



4.2. PCA Results using Computer Generated Data\((;=3,
M=6)
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The same data from the previous PCA simulation was ap-

mined blind source separation: Using more sensors than
source signals in a noisy mixture,” iAroc. Interna-

plied to the multichannel blind LMS algorithm ([1]) for ICA tional Conference on Independent Component Analysis

(full true-phase signal copy). The algorithm must be told the
number of sources to look for (this case 3). Figure 9 shows a
high quality separation using a scale invariant measure ISI.

5. CONCLUSION AND IMPLICATION TO +
SOURCE SEPARATION OF OVERDETERMINED
MULTIPATH MIXTURES
__..’_
Using FIR matrix tools, we have presented a multipath ex-
tension of SVD for signal subspace processing for estima-
tion of number of sources and principal component anal-
ysis. As the FIR matrix singular values are vectors with
time/frequency extent, we use the scalar total energy of eact - —g—
singular value for ordering purposes. We have demonstratec
the extended SVD and number or sources estimation on
noisy reverberant speech data and simulated systems. ——p—
Recently in the area of source separation, there has been
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interest to find the best ways to use extra (overdetermined)rig. 1. R, of acoustic recording with one true speech
sensors, see [3, 4, 5] . This has been especially true in lightsgyrce in noise.

of the fact that key algorithms which use RLS-type or rel-
ative gradient updates are restricted to dealing with square
(Ms = M) mixtures. Our proposal is to first estimate the
number of original sources using the presented PCA/SVD
technique. Then, one has the option of collapsing the data
to virtual sensors containing only the principal sources and
proceeding to the ICA step were one can now use algo-
rithms limited to square mixtures. Alternatively, one can
use an LMS type update algorithm (not restricted to square
mixtures) which is instructed to recover the estimated num-
ber of original sources.



Fig. 2. Energy ordered singular valuesRf,, for acoustic

recording.
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Fig. 3. The result ofu U¥ for acoustic recording.
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Fig. 4. R, of computer data with 3 sources and 6 sensors.
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Fig. 5. Energy ordered singular valuesRf,, of computer
data with 3 sources and 6 sensors.
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Fig. 6. The termsp,,, scalar summed energy & of
computer data with 3 sources and 6 sensors.
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Fig. 7. Unitary singular vector matriXJ of computer data
with 3 sources and 6 sensors.
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Fig. 8. The result olU U for computer data with 3 sources
and 6 sensors.
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Fig. 9. ICA results for (4;=3, M =6) multichannel blind
LMS adaptation. Column ISI (a scale invariant measure of
convergence) taken from the three columns of the global
system as convergence proceeds.



