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ABSTRACT

In this paper, we present a novel algorithm for a spatio-taalp
extension of the well-known method of orthogonal iteragion
linear algebra. This algorithm estimates afinput, m-output
(m < n) paraunitary filter bank from a multichannel data auto-
correlation sequence to maximize the total output powehefit-

ter bank when applied to asdimensional input signal. We then
show how this procedure can be used to generate reducedgank s
nal representations of recordingsmafaudio sources in a room as
collected by am-channel microphone array. The importance of
the method for determining the number of active sound salirce
a room for convolutive blind source separation is also dised.

1. INTRODUCTION

Microphone arrays are important for a number of practicaliap
cations, including speech communications, sound souczgiia-
tion, sound reinforcement, and sound environment momnigd].
Recently, much work has been focused on blind array praugssi
using convolutive blind source separation methods for dpea-
hancement and noise removal [2]. As sound propagation isstim
always a linear convolutive process, a typical vector digmadel
for an unstructured microphone array is

x(k) = wv(k)+>_ Awsk-1), )
=0

wheres(k) = [s1(k)--- s (k)]T contains then sound sources
of interesty (k) = [v1(k) - - - vn(k)]T contains the: sensor noise
signals, and thén x m) matricesA; with elements{a;;; } repre-

sents the multichannel room impulse response fromtlsurces
to then sensors in the array.

In many applications of microphone arrays, the number of
sources of interest: is less than the number of microphones
Thus, if the powers of the noiseg(k) are small relative to the
source components as heard at the microphones, it is diesicab
develop a signal representation of the form

L
%(k—D) = > Biy(k—1) )
=0

that closely approximates the input signglk) with some time
delay D, where{B; } is the(n x m) multichannel reconstruction
filter impulse response and the signals iny (k) = [y1(k) ---

ym (k)T are estimated from the measurgd; ()} signals using
a second(m x n) multichannel linear filter. When the noises

{v:(k)} are spatially and temporally-uncorrelated with identical
powers, this problem statement is the spatio-temporalneida

of a well-known reduced rank signal estimation problem naar
processing, for which an answer whérn= D = 0 is well-known:

xX(k) = Wgy(k) )
y(k) = Wox(k) 4)
Wy, = QE, %)

whereE = [e; --- e,,]” contains then principal eigenvectors
of the sample autocorrelation matrix

(6)

and Q is any (m x m) orthogonal matrix. Such an algorithm
solves the following optimization problem:

N

minimize > |[x(k) — Wi Wox (k)| )
k=1

suchthat W W7 =1, (8)

wherel is an(m x m) identity matrix.

In this paper, we present an algorithm for finding the spatio-
temporal equivalent of (5) that solves the following optiation
problem, wherd. is even-valued:

N
minimize > [|x(k — L) — u(k)||* )
k=1

L

T L L
= —— << =
such that qZ:OWquH 15, 5 Si<3 (10)
where|| - || is the Euclidean norm and
L
uk) = > Wi_y(k—q) (11)
q=0
L
yk) = > Wix(k-1). (12)

=0

The iterative procedure developed in this paper can be desge
a spatio-temporal equivalent of a modified orthogonal iters
method [3] that uses a novel embedded iterative proceduenfo
forcing the constraints in (10) at each iteration. As is obrgifrom
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the problem formulation, such a procedure is useful for rdete
ing reduced rank approximations to multichannel audiondiogs
of m spatially-distinct sources in a room as collected byran
channel microphone array. Numerical experiments on twierdif
ent data sets illustrate the efficacy of the method. The itapoe
of the method for determining the number of active soundcsesir
in a room for convolutive blind source separation is alsoused.

2. THEALGORITHM

To describe the algorithm, consider the cost function inufgjer

the additional assumption that the sequefeék)} is prepended

by (L — 1) zero vectors. Then, using a change of time variables,
it is straightforward to show that an equivalent formulatto (9)—
(10) is

N
o 1
maximize  J({Wq}) =5 >y (k)y(k) (13)
k=1
< L L
suchthat > W,Wg,, =15, —5 SI<5.(19)

q=0

Our method for solving (13)—(14) employs a gradient ascent
procedure in which each matrix ta¥; is replaced by the deriva-
tive of 7({W,}) with respect toW,, after which the updated
coefficient sequence is adjusted to maintain the paraynitam-
straints in (14). It can be shown that

0T ({Wa})

oW, (15)

L
= Z WqR%*tHl’

q=0

where the multichannel autocorrelation sequeRgds given by

1 N
R, = N;x(mﬂ(kz—q). (16)

Thus, the first step of our procedure at each iteration sets

L
W = Y WRy_ ., 0<I<L (17)

q=0

At this point, the coefficient sequenc{éNgo)} needs to be
modified to enforce the paraunitary constraints in (14) a/hikin-
taining the row span of the multichannel impulse respon&s.
cently, a technique for enforcing paraunitary constrasntan(rm x
n) multichannel FIR filter has been described [4]. This aldonit
can be described in matrix form as follows: Wh{IWl(p)} is not
paraunitary, do

L—1
Z W((ZP)W(P)T

L
wroosi<k
c a=0 (18)
ciVT £ <1<0
0 otherwise.
3 1 &
Wl(p+1) 5VVI(P) —3 Z C(é?lqwép) (19)

q=0

In this procedurep is the iteration index of the adaptive parau-
nitary constraint procedure. The value fs incremented, and
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(18)—(19) are repeated until the matrix sequetﬂﬁé) is close to
1¢; for || < L/2. Once such a condition is achieved, the sequence

‘W, is replaced byW l(”), and the entire process is repeated until an
appropriate convergence condition §W,} is met. This condi-
tion could be determined by the change in the valug 6fW,})
over time, or by the overall value of the error criterion if.(9
Several important points about this procedure can be made:

1. WhenL = 0, the procedure is mathematically equivalent to the
following iterative method:

W, — (WoREW{) /*WRy, (20)
where(WoR2W{Z)~1/2 is the inverse of the symmetric square
root of the matrixW,R3WZ and« denotes an assignment pro-
cedure. The dynamics of the procedure in (20) are well-gtded
[3]. In particular, so long as the initial value a8V, satisfies
Woe; # 0for1 < ¢ < m and the values of thenth and
(m + 1)st ordered eigenvalues B, satisfy\,, > Am41, Wo is
guaranteed to converge exponentially tottaimensional princi-
pal subspace dR, with an asymptotic rate of at least,+1/Am.

2. The procedure is related to recently-developed eigenfiteth-
ods for multichannel processes [5]. In fact, the multicleifter
impulse responses produced by our procedure have been found
through numerical experiments to closely approximate tite s
spaces generated from select eigenvectors dfitfiec<n L)-dimen-
sional sample autocorrelation matrix of the multichanrehd The
critical difference between our procedure and these exjstieth-
ods is that the block Toeplitz structure of the sample auteta
tion matrix is exploited in our approach, such that a singterfi
can represent an entirel.-dimensional signal subspace by multi-
channel shifts of the corresponding filter impulse respsnse

3. The convergence of the iterative paraunitary procedu(&8)—
(19) can be sensitive to filter edge effects caused by the finite
of L and to the overall scaling c{le(O)}. To address these con-
cerns, we recommend that

(a) eachfilterimpulse responges), w), ..., w!)) } be win-

dowed using a tapered window function prior to applying
the iterative procedure,g. using a Hamming window, and

(b) the initial value of eacWVl(O) be scaled according to the
relation

«—

0
” o (@D

The scaling used in (21) has been chosen based on the analysis
in [4] and guarantees that the iterative paraunitary proceds
convergent. Typically, the windowing procedure is appledore
the scaling constraint.

4. The complexity of the method is dominated by the computa-
tion of the spatio-temporal autocorrelation sequeRge|q| < L,
which is of O(n?LN). Typically, the data block siz&/ is much
larger than the filter lengtiL, so the coefficient updates require
fewer computations to complete. In addition, the filterimmp@-
tions can be implemented using FFT-based fast convolutiocep
dures, such that the complexity of the multichannel cortiahs

in (17), (18), and (19) are aP(mn?*Llog,L), O(mn?Llog,L),
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Figure 1: Laboratory measurement environment used for riume
cal evaluations.

andO(m?nLlog,L), respectively. Note that the adaptive parau-
nitary constraint procedure in (18)—(19) typically corpes in less
than 20 iterations due to its quadratic convergence rateeMer,
only two to five iterations of (17) were needed for each chosen
filter length in the multichannel audio examples in the ned-s
tion to obtain adequate convergence with no significant gbam
performance.

3. MULTICHANNEL AUDIO SIGNAL
REPRESENTATION

The goal of multichannel audio signal representation isalowe
late a set ofn signals of lengthV and an(n x m)-channel FIR
filter that can be used to accurately represent a setsifnals of
length N, wherem < n. The problem is loosely tied to multi-
channel audio compression, as the number of data samplésdee
to represent the: original signals is reduced by a factor of ap-
proximatelym /n. Possible applications of this problem include
efficient storage of high-quality multichannel audio forestific

or entertainment applications.

We can apply the algorithm described in the previous section

to this task. In this case, the estimated signals are given by
u(k) = X(k — L) in (11), them stored signals are given lyy(k)
in (12), and the reconstruction filter impulse responsevergby

B, = WL, 0<Ii<L. (22)

We now present numerical experiments evaluating the abil-

ities of this procedure in this task. Data for these expentmie
were obtained from two sources: (1) a loudspeaker-micnopho
setup in the Multimedia Systems Laboratory at SMU, and (2) a
publicly-available dataset generated for a source separabn-

test [6]. Figure 1 shows a photograph of the first setup. Three

loudspeakers are used to play recordings of talkers—onaléem
and two male—for simulating speech sources. These loukispea
are located 127 cm away from four omnidirectional microp®n
and are spaced at angles-e80°, 0°, and27° from the angle of
incidence of the microphone array. The microphone arrayahas

nominal6cm spacing between the sensors. The room dimensions

(4.6m x 4m x 2.7m) and acoustical treatment correspond to a re-
verberation time of 300ms. All measurements were made Using

seconds of data per channel and a 48kHz sampling rate and were

downsampled to an 8kHz sampling rate for processing.
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Figure 3: Example analysis/reconstruction filters for th8LMdb
data setm = 2, n = 4, andL = 100.

The second data set used for algorithm testing was obtained
from the Stereo Audio Source Separation Evaluation Campaig
[6]. Although these recordings have been designed to exphar-
channel underdetermined source separation, we discotkatd
several of the recordings in the test data were generated thie
same musical sources at two different microphone spacihgisio
and 5cm separation, respectively. We have combined the stereo
recordingswdr uns_l i ver ec_5cmm x. wav and wdr uns_

l'i verec_lmni x. wav from the Jan. 17, 2007 test data set to
create a four-channel, 16kHz-sampled data set contaitireg t
sources — a male singer’s voice, an electric guitar, and ia det.

As the exact geometry of the sources and sensors is unknown in
this data set — in fact, it is claimed that each file was gendrat
using adifferent source geometry [7] — the ability of our algorithm

to perform signal reconstruction on this data provides sorde
cation of performance in an unknown setting.

Figure 2 on the top of the next page plots the average recon-
struction signal-to-error-ratio

N
Lo Z |z;(k — L)[?
k=L+1
SER = 52 - 2 (23)
- Z lzj(k — L) — u;(k)]
k=L+1

as a function ofL over the rangd. = 5 to L = 2000 withn = 4

for four different cases: (a) one source(dincident angle with
m = 1, (b) two sources at-30° and27° incident angles with
m = 2, (c) three sources at30°, 0°, and27° incident angles,
respectively, withn = 3, and (d) using the contest data unaltered.
Several points about these results are evident:

e For any given data set, the algorithm’s performance im-
proves as the filter length is increased, as is to be expected.

e The algorithm’s ability to reconstruct multichannel datw i
proves as the number of sources and reconstruction chan-
nels is increased. For a single source recorded using four
microphones withn = 1, the best performance achieved in
this setting i21dB for L = 2000, whereas a three-source
mixture recorded at four microphones withh = 3 can be
reconstructed with nearly 33dB average SER. Note that
for a single source, performance improves as the value of
m is increased in the reconstruction task.
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Figure 2: SER vs. reconstruction filter lendth + 1) for the various data sets in the examples.

e For the contest data, the reconstruction SER is betweensources from reconstruction error alone challenging. Aeraa-
14dB and 16dB for all filter lengths. Comparing the re- tive is to develop a procedure that finds the specific filterseco
constructed signal$u;(k)} with the original recordings sponding to an eigen-decomposition of the spatio-tempared-
{z;(k)}, the reconstructed signals have somewhat reduced correlation matrix, which is the spatio-temporal equinalef prin-
high frequency energy as compared to the original signals. cipal component analysis. Such methods are extremely aptor

Figure 3 shows the impulse responses generated from the a|gof0|’ successful solutions to the convolutive blind sourgeasation

rithm for the MSLab data set containing two sound sourcegrevh ~ Problem [2], as many algorithms require knowledge of the beim
L = 100 has been chosen. Looking horizontally across the figure, Of sources in order to work properly. Efforts on developingts
each of the four impulse responses is used to generate twalsig Methods are ongoing.

y1(k) andy2 (k) from the original four-channel data by linear com-

bination and convolution. Looking vertically along the figuone 5. CONCLUSIONS

observes the four pairs of time-reversed two-channelditteat are

used to reconstruct the four original microphone signaécaBise In this paper, we have described a spatio-temporal externgia

of the nearly-uniform spacing of the array, the algorithnaatd well-known iterative method for finding principal signakspaces
the system coefficients such that k) andy2 (k) are most-closely ~ from a symmetric autocorrelation matrix. Our procedure gind
related tar, (k) andz4(k), whereas estimates ot (k) andzs (k) a paraunitary filter bank that can accurately encode a reduce
are found to contain significant portions of bath(k) andy- (k). rankn-dimensional multichannel signal using-dimensional sig-
This intuitive interpretation of the algorithm’s behavioas little nal representations, where < n. The approach combines two
to do with the actual algorithm operation, as the procedueksy iterative procedures in a nested way to perform the optitioiza
for unstructured arrays and with sources at arbitrary jmositin Application of the method to real-world multichannel auddcord-
the room, as has been experimentally verified. ings shows the ability of the method to perform this signabre
struction task. Extensions of the method to rank deternunaif
4. DETERMINING THE NUMBER OF SOURCES IN multichannel signal sets in audio contexts is ongoing.
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