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ABSTRACT

Blind source separation (BSS) of audio signals in echoic
environments such as an office roomis still avery challeng-
ing problem. Here we approach the problem from a practi-
cal perspective and shed light on how robust a two channel
echoic parametric demixing can get. We assume that an ora-
cle(i.e. aperfect estimator) providesatruncated estimate of
the mixing FIR filtersfor agiven source configuration. This
way we can study the propertiesof aparametric demixer us-
ing the adjoint of the truncated mixing matrix. For severa
degrees of truncation, we compute how the separation SNR
varies as a function of the uncertainty of the true source
position. The true source position is uniformly distributed
within a sphere of radius R around an assumed position, to
reflect the fact that parameters of interest areimprecisely es-
timated. Simulations of artificial echoic mixings show that
the higher order demixing filters have little robustness to
position uncertainties (and therefore to errors of estimation)
while the overall performance remains almost constant be-
yond the second order approximation. This should represent
aguidelinefor what is practically achievable with a class of
BSS techniques in echoic environments.

1. INTRODUCTION

The Blind Source Separation and Independent Component
Analysis (ICA) problem has been under increased atten-
tion in recent years. Two international conferences (Aus-
s0is 1999, Helsinki 2000) have been dedicated to these top-
ics, while many other signal processing related conferences
have presented relevant research. Although a number of
successful applications in image and medical signal pro-
cessing have been presented, BSS techniques have proved
only modest gains for audio signal processing [1, 2]. This
may not come as a surprise to the array processing com-
munity, where results of signal enhancement techniques are
modest in the case of a small number of sensors[3].
Several BSS methods are used to separate voices from
acoustic mixtures, which we divide into two classes. The
first class uses parametric mixing models and thusit reduces

the number of degrees of freedom of the identification prob-
lem, whereas the second class uses afull non-parametric (or
at least, not explicitly parametric) demixing scheme rather
than exploit the rel ative sparseness of the mixing model. We
call theformer class parametric BSSand the |l atter nonpara-
metric BSS Parametric BSS solutions have first been stud-
ied inthe context of anechoic mixtures[4, 5]. In such cases,
only four parameters are needed: two delays and two attenu-
ations. Moreover, if microphones sensors are close enough,
the attenuations can be approximated to be unity, and only
delay parameters are used. For echoic environments, the
simple direct-path model can be used as a starting point for
amore complex mixing (or demixing) model [6].

Nonparametric mixing models are implemented either

intime-domain or frequency domain. Time-domain approaches

considers long FIR or IIR filters and adapt the filter co-
efficients to obtain independent outputs [7, 8]. Frequency
domain approaches use of a simple but useful observation:
at each frequency a convolutive mixing becomes a simple
multiplicative mixing. There is a cavest to this statement:
the window size to perform FFT has to be sufficiently large
compared to the room reverberation (see [9] for an analysis
of the simple delay operator). Thisremark implies the need
for long filters. Additionally, the permutation problem has
to be solved. Several approaches have been proposed. They
all use an ICA method to demix on each frequency indepen-
dently from one another and then use some criterion to find
the right permutation matrix [10, 11, 12, 13].

In this paper we approach the problem of echoic demix-
ing from a practical perspective and analyze the robustness
of the two channel echoic parametric demixing problem.
We perform demixing using FIR filters truncated to vari-
ous degrees of precision. For several degrees of truncation,
we compute how the separation quality, measured in terms
of the instantaneous SNR, varies as a function of the uncer-
tainty of the estimated source position.

In the next section we discuss the parametric mixing and
demixing models used in the present experiments. Section
3 defines the setup and robustness measures used. Section 4
presents experimental results. Section 5 concludes on what
is practically feasible in echoic environments.



2. PARAMETRIC MIXING MODEL

Assume a parametric mixing model with two sources and
two microphones of the form:

L
vi(t) = Z alflsl(t - Tﬁ) + a’f252(t - sz) 1
k=0
L
xo(t) = Z aélsl(t - 7'51) + 05252(t - 7'52) 2
k=0

where L is the number of echoic path the model uses. The
choice of L should take into account the room reverbera-
tiontime. Furthermore, s, (-), s2(-) are the source signals,
21(), 22(-) are the measured signals, a;; isthe k" path at-
tenuation coefficient from source j to microphone, and TZ’;
the corresponding delay. All the time variables are mea-
sured in samples. We assume the sampling frequency is
sufficiently high and the distance between microphones and
between sources is sufficiently large in order to induceinte-
ger delays. Let usdenote by A the 2 x 2 matrix of mixing
filter transfer functions:

A1 (z Ara(z
A(Z) - [ A21EZ; AzzEZ; ] (3)
Aij(z) = ak, 27 4

Techniques to extract the sources s; and s, from the mix-
tures 1, x5 range from methods that aim toward source
separation and use either the inverse of the mixing matrix
or its adjoint [4, 5], to techniques that aim mostly for sig-
nal enhancement such as the multiple delay-and-sum beam-
former (when only information of arrival timesis required)
or matching filters (when the full mixing matrix is used)
[14]. In this paper we discuss the use of the adjoint matrix
as a demixing solution.
Let W = adj(A), theadjoint of A, defined by:

. Ana(z)  —Ana(z
adi(4) = [ —Azf(l) An(»(z)) ]
When applied on (#1(+), z2(+)), the outputs are:
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ui(t) = Zé:O aéle(t —n)— a’fzxz(t —n) (6)
us(t) = Ciimg —a5121(t = n) + afyea(t = n)
and combined with (1,2) we obtain:
L
Z (a5zaf} — atpasy)si(t —n —m) (7)
n,m=0
L
Z (a5paf} — atpa3})s2(t —n —m) (8)

n,m=0

Ul(t) =

Uz(t) =

Such a solution is good in practice in both quality of the
output (i.e. little artifacts) and quantity of the cross-talk
(ideally zero). However, it requires knowledge about the
room impulse responses (i.e. mixing matrix A) and that is
a daunting task when performed blindly. Aswe show next,
a truncated approximation of the full mixing matrix yields
good separation results. This suggest to use alower dimen-
sional parameterization of the mixing process. The issue
then becomes, how robust is separation in the presence of
uncertainties about the impul se response coefficients?

Next we analyze the question of robustness of paramet-
ric demixing solution in the case of echoic mixing. The
problem can obviously be formulated in the case of more
than two channels. However, we only consider a two mi-
crophone array due to the potential improvement over sin-
gle microphone speech enhancement solutionsand the eco-
nomic potential.

3. APPROACH TO MEASURING ROBUSTNESS

Consider amixing matrix of (sparse) FIR filters A asin (3),
where the mixing coefficients afj are ordered according to
their arrival time. We define the truncation of order ¢ of
this matrix as the 2 x 2 matrix of FIR filters obtained by
truncating A;; to its first ¢ + 1 nontrivial (i.e. non-zero)
terms. Thus:

q k —1F
D hmo @2z 12

q k —71F
truncg(A) = 2k=p@l1zh q bk
D hmp @502 22

a > k=0 aélz_T;
9)

The adjoint matrix of thistruncated matrix, givesriseto an
demixing filter denoted W,. Thus W, = adj(truncy(A)).
Note that the two operation commute in this case:

truncg(adj(A)) = adj(truncy(A))

Thus W, is the truncated matrix of the complete demixing
matrix W = adj(A).

Consider the setup of an echoic environment asin Fig-
ure 1. We assume specific reflection coefficients on floor,
walls, and ceiling, two microphones placed at P, and P,
and two independent sources of unit variance white noise
positioned at 1/, and V> (whose position will change). As-
sume mixing filters are given for anominal position of V-,
say A(V4), and ademixing filter 1, is constructed accord-
ing to (9). We evaluate separation performance for the case
when the actual position of the second source (1) differs
from the assumed position V.

To do so we first introduce and explicitly compute the
SNR gain of the overall scheme. Since we assumed the
sources are unit variance white noises, the input SNRs are:

2 2
_ 1A i |1 A2

SNR! = , = (10)
F A TR



where the norms are given by:

L
2 k
|| Ai; 1" = Z |aij|2 (11)
k=0
The output SNRs are given by:

o _ Wit A1+ Wiz Ao|)®
SNRl - Wit A2+ Wiz Aool|? (12)
SNR? = WazAzo+Wai1 Ara|*

2= Wa1A11+Wao Ao ||?

Hence the SNR gain is measured by:

_ Wit +Wi2A24])? ||A12||2) 1
Gl - 1010‘g10 (||VVllA12-|-VVl2A22||2 ||z411||2 ( 3)

_ ||VV21z412-|-VV22A22||2 ||A21||2) 14
G2 - 1010‘g10 (||VV211411-|-I/V22A21||2 ||A22||2 ( )

Having established the robustness criterion, now we de-
fine how we represent uncertainty in the estimates of the

demixing parameters. For the nominal configuration of sources

(V1, Vi) the mixing matrix is Ag. To it there correspond a
series of demixing matrices defined via:

W, = adj(truncy(Ao)) = Wq(VZO) (15)

and indexed by the truncation order ¢q. Assume now that
one of the sources (which in our setup will be source num-
ber two) is in fact located in a different position, say V5.
Then, the true mixing matrix is M = M (V) and the over-
all performance of the demixing scheme is characterized by
the gains (13) computed for (M, W, ). Thuswe obtain two
positiondependent gainfunctionsG{(V-), G4(V-), indexed
by the truncation order ¢. Assuming the position V5 is uni-
formly distributed in a ball of radius r around the nominal

position V), we want to estimate the average SNR gain of
thisdemixing scheme. Then the quantitieswe are interested
inare

Gi(q, R) Gy (Va)d®Va (16)

_ 1 /
o VOZ(BR) BR(V2D)

and (72 (¢, R) defined similarly.

Next we present experimental separation results for the
setup presented before. Since the behavior of G and G5 is
very similar we concentrate only on the former.

4. EXPERIMENTAL RESULTS

An echoic room has been simulated as in Figure 1 with re-
flection coefficients (0.5, 0.5, 0.2) on floor, walls, and ceil-
ing. This roughly corresponds to a reverberation time of
about 100msec. The microphone distance was 10¢m and
the distances between the sources and mid-point between
microphoneswere 1m and 1.5m respectively. Thefirst source
was fixed on the line connecting the microphones while the
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Fig. 1. Setup Configuration.

second source was rotated in increments of 30 degrees from
—120° to +120°. Each such position was a nominal posi-
tion for robustness measurement. Impulse responses were
computed by taking into account sound bouncing of the
wall up to order 5 at a sampling frequency of 16kHz, in
a ray-tracing model. On average, we obtained about 200
coefficients per channel (see Figure 2). The truncation or-
der ranged from O (direct path) to 10 (direct path plus 10
echoes). The ball radius varied from 5cm to 1m in incre-
ments of 5cm. On each spherical corona we computed the
gain for 288 points and then averaged out the result to ob-
tain an estimate of G; asin (16). The average SNR gains
are presented in Table 1 for 6 = 30° and § = 60°.
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Fig. 2. Impulse Responses. A, (top-left), A,2(top-right),
As; (bottom left) and A5 (bottom right) for 6 = 90.

Figures 3-11 represent the variations of SNRs with re-



g\r[m] | O 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

0 6.05 594 567 536 519 490 469 446 422 398 372
1 6.80 6.10 577 552 537 509 489 465 441 416 389
2 8.01 6.02 561 534 517 489 468 444 421 397 371
3 8.93 583 531 497 478 449 429 405 383 360 335
4 9.29 589 535 503 483 454 433 410 387 364 339
5 9.54 588 532 499 479 450 429 406 383 361 336
6 9.75 592 536 502 482 453 432 409 38 363 338
7 1062 580 525 492 471 442 422 399 377 354 330
8 1201 575 520 487 467 438 418 39 374 351 327
9 1200 573 519 486 466 437 417 394 373 350 326
10 1210 575 520 487 467 438 418 395 373 351 327
g\r[m] | O 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

0 7.48 571 557 525 471 442 412 377 352 334 312
1 8.59 622 600 569 512 481 451 413 386 366 343
2 10.17 683 644 6.06 544 510 477 439 411 390 366
3 1162 697 644 6.02 537 502 469 430 403 382 358
4 1220 716 6.61 616 550 514 480 440 412 390 3.65
5 1242 714 658 613 547 511 477 438 409 388 3.63
6 1270 720 6.62 616 549 513 478 439 410 389 364
7 1350 7.18 656 6.09 543 506 472 433 405 384 359
8 1402 731 6.67 619 552 514 479 440 411 389 364
9 1404 732 6.67 619 552 514 479 440 411 389 364
10 1469 721 657 6.09 543 506 472 432 404 383 359

Table1. SNR gainsin [dB] for # = 30° (top) and § = 60° (bottom).
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Fig. 3. SNR Gainfor § = —120°. Text describesthe family
of plotsin the left and right figure.

spect to the approximation degree ¢, for 11 values of » (from
0 to 1.0m inincrements of 10¢m: r» = 0,0.1,0.2,...,1.0)
and the variation of SNRs with respect to the distance r, for
11 values of ¢ (from 0 to 10), in the left and right positions
respectively. The left family of 11 plotsis parameterized
by ¢, where ¢ = 0 is given by continuousline, ¢ = 1 by
dashed line, etc. In general, the higher is ¢ the higher the
average gain, but not aways. The right family of 11 plots
is parameterized by r, where » = 0 is given by continuous
line, » = 0.1 by dashed line, etc. The higher is» the lower
isthe average gain.

These plots show that a significant SNR improvement
is obtained by higher order demixing schemes, when the

Fig. 4. SNR Gainfor § = —90°

source positionsare known precisely (zero error). However,
in the presence of uncertainties performance degrades fast.
Thus, as little as 5 cm makes the performance insensitive
to the modeling degree the angles ¢ = —120, ¢ = —30,
¢ = 30 and & = 120), whereas at § = 0, the performance
degrades when increasing the model order. On the other
hand, for an uncertainty as little as 10cm, the SNR gain in-
creases by only 1-3dB when going from the lowest order
model (direct path) to the highest complexity model consid-
ered here (direct path + 10 echoes). This shows that higher-
order-model based demixing behaves amost as well as the
direct-path-only demixer in the presence of position uncer-
tainties.



Fig. 6. SNR Gainfor § = —30°

5. CONCLUSIONS

We studied the behavior of a class of two-channel para-
metric demixing schemes based on room modeling under
parameter estimate uncertainties. Assuming that an oracle
(e.g. aprecalibration) provides the FIR filter mixing matrix
for a specified position of the sources, we analyzed the in-
fluence of the position uncertainty to the SNR gain for sev-
eral degrees of approximation. In particular we varied the
demixing filter order by considering up to ten multi-paths,
and the position uncertainty from 0 to 1m, in increments of
5cm. We computed analytically the SNR gain for the two-
microphone demixing scheme based on the adjoint of the
mixing matrix.

Fig. 7. SNR Gainfor 8 = 0°

Fig. 8. SNR Gainfor # = 30°

Fig. 9. SNR Gainfor # = 60°
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Fig. 11. SNR Gainfor § = 120°



The results showed a dramatic degradation in SNR per- [9] Radu Balan, Justinian Rosca, Scott Rickard, and

formance for as little as 5cm uncertainty in source position. Joseph O Ruanaidh, “The influence of windowi ng

They also showed that higher order models do not sensi- on time delay estimates,” in Proceedings CISS 2000,

bly improve compared to the pure direct path or lower order Princeton, NJ, 2000, Princeton.

demixing schemes. Moreover, performance degrades when . L

increasing the demixing model order in some cases. [10] S. lkeda and N. Murata, “A method of ica in time-
A higher order parametric model identification algorithm frequency domain,” in Proceedings of the 1st ICA

would be expensive while its demixing scheme offers only Conference, Aussois France, 1999, pp. 365-370.

marginal improvements, if any, under the reasonable as-

sumptionthat parameters are not estimated perfectly (as mod-

eled by our uncertainty in source position). Therefore we

suggest that further research avoid increasing the mixing tional workshop on independent component analysis

model complexity (e.g. by complex parameterization) and and blind signal separation, Petteri Pajunen and Juha

Instead concentrate on lower order mixing models. Karhunen, Eds., Helsinki, Finland, June 19-22 2000,
pp. 215-220.
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modul ation decorrelation for convol utive blind source
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