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ABSTRACT In this paper, we propose a new type of nonlinear func-
tion for an ICA algorithm to process complex numbérs.
is derived from the probability density function of frequency-
omain signals that are assumed to be independent of the
phase. As a result, the new function turns out to be based
on the polar coordinates of a complex number. We also give
. . . A ONGyy interpretation of the Cartesian coordinate based function.
is based on the Cartesian coordinates. The new function isjitn experimental results for separating speech signals in a
derived from the probability density function of frequency- o\ erherant environment, we compare the behaviors of these

domain signals that are as_sumed to be independent of th o types of nonlinear functions, and discuss the differences
phase. We show that the difference between the two typeerween them

of functions is in the assumed densities of independent com-

ponents. Experimental results for separating speech signals

show that the new nonlinear function behaves better thanthe 2. FREQUENCY-DOMAIN BSSBASED ON ICA
conventional one.

This paper presents a new type of nonlinear function for in-
dependent component analysis to process complex-value
signals, which is used in frequency-domain blind source
separation. The new function is based on the polar coor-

Suppose that there afé source signals;(t) that are mu-
tually independent, and these signals are observéfl @aui-

crophonese (t) = Zfil hii(t) % s;(t), wherehy;(t) rep-
resents the impulse response from sourte microphone

Bl@nq source separation (.BSS) is a technique to gstimatek andx denotes the convolution operator. The goal of BSS
original source signals using only sensor observations that] ¥

are mixtures of the original signals. Independent component.S o separate observed signalg(t) into N unmixed sig-
analysis (ICA) [1-3] works well for BSS, if the mixture is nals y;(t) that are mutually independent. The separation

. : . has to be done without knowing impulse responsgst
instantaneous (non-convolutive). In a real room environ- g mp ponsgs!)

) X . nor original source signals (¢).
ment, however, sounds are mixed in a convolutive manner 9 gnals (t)

ith reverberations, and long reverberations make the prob- To cope with convolutive mixtures, time-domain sig-
wrth rev lons, g rev : X P nalszy(t) are converted into frequency-domain time-series
lem difficult. One of the major methods to cope with rever-

berations is frequency-domain BSS [4—7]. In this approach,s'gna}lsx’“ (w, m) t?y aT-point windowed DFT (discrete
. . . ; o . Fourier transform):
a convolutive mixture in the time domain is converted into

1. INTRODUCTION

multiple instantaneous mixtures in the frequency domain, T—1
and ICA is applied to the instantaneous mixture in every Xp(w,m) = Z zp(T +mS) w(r) e 9T (1)
frequency bin. —o

In frequency-domain BSS based on ICA, we have to ] o o
deal with complex-valued signals. An extension of an ICA Wherew(r) denotes a window functiorfy is a shifting in-
algorithm to process complex numbers was proposed [4],terval of the window, and> = 0, 727, t-2m. Now,
where the nonlinear function was based on the Cartesian cowe haveX (w, m) = [X1(w,m), ..., Xy (w,m)]” for each
ordinates of a complex number: nonlinearities are applied tofrequencyw. Then, an unmixingV x M matrix W (w) and
the real and imaginary parts separately. This nonlinear func-unmixed signalsY (w,m) = [Vi(w,m),...,Yn(w,m)]"
tion actually works and widely used by other researchers are obtained by solving an ICA problem:

[5-7]. However, there has been presented no appropriate

interpretation of this function. Moreover, it imposes an ad- Y (w,m) = W(w)X(w,m)

ditional constraint that prevents a learning algorithm from
converging unless a non-holonomic algorithm [8] is em-
ployed. 1our preliminary work on this topic is presented in [9].

in each frequency bin.




Before explaining a complex-valued ICA, let us review 3. NEW NONLINEAR FUNCTION
an ordinary real-valued ICA algorithm. Based on the in-
formation maximization approach [1, 2] combined with the In this section, we propose a new type of nonlinear function

natural gradient [3], an unmixing matrW is gradually im- derived from the complex counterpart of equation (2):
proved by the learning rule: P
o(V;) = ~aY, log p(Y;). (6)
AW = u[I— (o(V)YT)|W.

At first, we make an assumption on the dengity;) of

In this formula, 17 is a step size parameter that has an ef- a Comp|ex -valued 5|gn&|’ in the frequency domain.
fect on the speed of convergenge,denotes the averaging

0(Y;
operator, angb(-) is a nonlinear function defined as: Assumption 1 Let Y; = Vi e/?Y*) be a complex-valued

signal. The pdfp(Y;) of Y; is mdependent of the phase:
V) = (oY), oV p(Yi) = a - p(|Y;]), wherep(|Y;|) is the pdf of|Y;| anda
(P( ) [(P( 1)7 590( N)] is a constant.

p(Yi) = T oY; (¥7) (2) This assumption is natural for a frequency-domain signal,
' since the phase df; depends on the position of windows
wherep(Y;) is the probability density function (pdf) df;. w(7) of awindowed DFT (1) and the windows can be shifted
If we assumep(Y;) = a/ cosh?(Y;), then the function is  arbitrarily.
hyperbolic tangentp(Y;) = 2tanh(Y;), which is widely Then, let us consider the derivative of a real-valued func-
used for super-gaussian distributions [1, 2]. tion log p(Y;). Generally speaking, a real-valued function

In frequency-domain BSS, signals obtained by DFT are whose argument is a complex is not analytic: the derivative
complex. To deal with complex signals in ICA at each fre- is not well-defined. Throughout this paper, we use the fol-
guency, the calculation chW and the nonlinear function lowing definition of the derivative of a real-valued function.

were extended [4]: Definition 1 LetY = Y + jY7 be a complex andl(Y') be
AW = u[I— (®(Y)YHYW a real—g;l(t;s)d fungtjlc(z}rff) — 736.;/(\1;def|ne the derivative as:
®(Y;) = tanh +j - tanh 3 def ; -
(¥i) = tanh[re(¥)] + - tanhlim(Yy)]  (3) S iy
where Y* represents the conjugate transposeYofand  The relevance of this definition is in the fact that the result
re(Y;) andim(Y;) are the real and imaginary parts6f,  points to a direction in whicly(Y) increases. Using this
respectively. In nonlinear functio®(Y;), tanh(-) is ap- definition, we derive
plied separately in the real and imaginary parts. We call this
type of function a Cartesian coordinate based function. % = (i +3j 9 — )4 /Y2 +YE = el fY) )
Although function (3) actually works, no appropriate in- oY Vg aY

terpretation of this function has been presented yet. More-which is used in the following theorem.
over, it has a convergence problem. Looking into the diag-
onal elements offl — (®(Y)Y#)], we see thahW con-

verges to a point that satisfies 3(Y;) = o(|vi]) 2?0

B
V] log p(]Yil)

whereY;" is the complex conjugate df;. This makes the  proof: By transforming equation (6) into

average amplitude df; converge to some value. Extracting 5 1 ap(vi))

the imaginary part of this equation, we have ®(Y;) = 1 Y; - ¢
ginary p q (¥3) ~ oy, s p(lYil) = (Vi) ov;

(tanh[im(Y;)]re(Y;) — tanh[re(Y;)]lim(Y;)) = 0. (5) 1 ap(y;]) 8|Yi|

Equation (5) imposes the additional constraint thgf;) p(|Yil) oyl oY

andim(Y;) should be mutually independent. This constraint and taking equation (7) into account, we prove the theorem.

is too strong, and there are cases whitMy does not con-

verge well because of this. We show such a case in Sec. 5.
If we use non-holonomic algorithm [8]:

Theorem 1 Taking Assumption 1$(Y;) in (6) is

(@)Y =1 (4) wherep(|Yi|) = —

Here, we have a nonlinear function based on the polar
coordinates of a complex number. By using this type of
function, constraint (5) does not appear. Siligeis a com-

AW = p[diag (®(Y)Y 7)) — (@(Y)YH )W, plex conjugate ot7;,

we can avoid constraint (5). Researchers [5, 6] used this al- SX)Y;" = p(|Yi]) = (Yl [¥il.
gorithm combined with a Cartesian coordinate based func-Hence, the imaginary part of (4) becomes 0.

tion. However, there is still another convergence problem,  If we assume a super-gaussian distributjefi;|) =
which is also shown in Sec. 5. a/ cosh(|Y;|), ®(Y;) = tanh(|Y;|) e/0(Y3),

e—i0(Y:)



Table 1. Experimental conditions

direction of sources
distance of two microphone|
length of source signal
reverberation time
sampling rate

window function
window length

shifting interval

step size

gain parameter
number of iterations

—30° and40° (two sources)
s4.cm

3 seconds

Tr =300 ms

8kHz

w(r): Hanning

T = 2048 points (256 ms)

S =512 points (64 ms)

©n=0.2
n =100
100

4. INTERPRETATION OF THE CARTESIAN

COORDINATE BASED FUNCTION

In this section, we give an interpretation of the conventional
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Fig. 1. SNRs compared betwe®olar andCartesian

Cartesian coordinate based function (3). We assume the def-

initions in Sec. 3 in the following theorem.
Theorem 2 If p(Y') = p(Yr) - p(Y7), then
oY) = o(Yr) +j (Y1)

wherep(Yr) = —59-10gp(Yr), ¢(Y1)=—53-logp(Y1).

Proof: ®(Y) =

—59=logp(Y) = j - 5% log p(Y)

= —5v-logp(Yr) — j - 5% log p(Y7).

dB. Each point represents the result®ofar andCartesian
with the same gradient and with the same combination of
speech signals.

In order to compare the results as correctly as possible,
we avoided the influence of the permutation problem [5-7]
of frequency-domain BSS. We selected the best permuta-
tion by actually calculating the SNR in each frequency bin.
Therefore, the results in Fig. 1 are ideal ones under the con-

This shows that a Cartesian coordinate based function asdition that the permutation problem is perfectly solved. Be-
sumes that the pgi(Y") can be factorized into the product
of p(Yr) andp(Y7), and therefor&r andY; are mutually

independent. We can notice that the additional constraintwas very important to make the ICA algorithm stable es-
(5) is satisfied if this assumption is met. By this theorem, pecially for theDiag cases, where equation (4) is not con-
the assumed density in the nonlinearity (3) turns out to be cerned. Without this process, tiiag cases could have

p(Y) = ar/ cosh(YR) - ar/ cosh(Y7).

5. EXPERIMENTSAND DISCUSSIONS

fore applying ICA, we whitened observed signasto be
uncorrelated and to have unit variances. This pre-process

exhibited irregular convergence speeds among the different
frequency bins.

We can see that the result Bélar is better than that of
Cartesian in most cases. At first, we discuss the additional

To compare the two types of nonlinear functions, we con- constraint (5) imposed in th€artesian—| case. Figure 2
ducted experiments to separate speech signals. Actually, wshows the values dff — ($(Y)Y*#)] at some frequency
used the following two nonlinear functions:

Polar
Cartesian

®(Y) = tanh(n|Y]) e?(Y)
®(Y) = tanh(nYgr) + j - tanh(nY7)

and the following two gradients iV

| AW = p[I— (B(Y)YH)|W
Diag AW = [diag((®(Y)YH)) — (B(Y)YH)| W.

The other conditions are summarized in Table 1.

The experiments were performed for 48 combinations (2

bin. The horizontal axis corresponds to the number of it-
erations. The first graph shows the absolute values of each
element for theCartesian—| case. We see oscillations that
hinder convergence. They come from the imaginary parts
of the diagonals as shown in the second graph. If we use a
polar coordinate based function, we can eliminate such os-
cillations as discussed in Sec. 3. The third graph shows the
Polar— case. We can see a smooth convergence. Clearly,
the mutual information amony¥ is well minimized in this
case unlike in th€artesian—| case.

If we useDiag as the calculation AW, we can elimi-

nonlinear functions, 2 gradients, and 12 pairs of speech sig-nate the additional constraint (5) even in (etesian case.
nals). Figure 1 shows the overall results. The measuremeniAccordingly, by investigating the results ffiag, we can
is the average of two output SNRs (signal-to-noise ratios) in see the differences that purely come from the difference
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Fig. 2. Values of[T — (®(Y)Y )]

of the nonlinearities betwedpolar and Cartesian. In fact,

we found another convergence problem Gaatesian—Diag
case. Figure 3 shows the trajectory of elemiént of W at
some frequency bin. We see that the direction of the move-
ment changes gradually FPolar-Diag, whereas it changes
sharply and frequently i€artesian—Diag. The difference
comes from the assumed densities, as discussed in Sec.
and Sec. 4. Figure 4 shows the contour and gradient of
—logp(Y), beingp(Y) = a/cosh(n|Y]) in Polar, and 2]
p(Y) = a/[cosh(n Yg) - cosh(n Y7)] in Cartesian. The gra-

dient corresponds t@(Y). We see that the direction of 3]
the gradient smoothly changes around the neighborhood in[
the Polar case, whereas it changes steeply near the vertical[4]
and horizontal axes in th&artesian case. By increasing the
number of samples, this steepness may be smoothed out by
the averaging operatd® (Y)Y ). However, we conjecture [5]
that the jag in Fig. 3 comes form this steepness.

3

(6]
6. CONCLUSIONS

We proposed a polar coordinate based nonlinear function to
process complex-valued signals in ICA. Compared to the [7]
Cartesian coordinate based function, the main difference is
in the assumed densities of independent signals. In frequency-
domain BSS, the assumption that the density is phase inde-
pendent is more natural than the assumption that the real anéf!
imaginary parts are mutually independent, since signals are
produced by a windowed DFT. This consideration is sup-
ported by the experimental results: tRelar results were
better than th€artesian ones in most cases, and there were
some convergence problems in tB&tesian case.

(9]

Fig. 3. Trajectory ofi¥/;; on the complex plane
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Fig. 4. Contour and gradient of log p(Y)
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