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Abstract Source separation and signal distortion in three kinds of blind soure separation (BSS) systems with
convolutive mixture are analyzed. They consist of two feedforward BSS system, one trained in the time domain and
the other trained in the frequency domain, and a feedback BSS system, trained in the time domain. An evaluation
measure of the signal distortion has been investigated and conditions for source separation and distortion free have
been derived. Based on these conditions, source separation and signal distortion have been analyzed. The feedfor-
ward BSS systems have some degree of freedom and the output spectrum can be changed. The feedforward BSS
system, trained in the frequency domain, has a weighting effect, which can suppress signal distortion. However, this
weighting effect is only effective only when the source spectra are similar to each other. Since, the feedforward BSS
system, trained in the time domain, does not have any constraints on signal distortion free, its output signals can
be easily distorted. A new learning algorithm with a distortion free constraint has been proposed. On the other
hand, the feedback BSS system can satisfy both source separation and distortion free conditions simultaneously.
Performed simulation results support our theoretical analysis.
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1. Introduction

Since, in many applications mixing processes are convolu-
tive mixtures, several methods in the time domain and the
frequency domain have been proposed. Two kinds of net-
work structures have been proposed, i.e. that is feedforward
(FF) and feedback (FB) structures. Separation performance
is highly dependent on the signal sources and the transfer
functions in the mixture [7], [9].

BSS learning algorithms make the output signals to be sta-
tistically independent. This direction cannot always guaran-
tee distortion free separation. Some signal distortion may
be caused. A regularization method has been proposed, in
which the distance between the observed signals and the sep-
arated signals is added to the cost function [4].
since the observations include many kinds of signal sources,

However,

it is difficult to suppress signal distortion. Furthermore, even
though signal distortion in the BSS systems is an important
problem, it has not been addressed well up to now [10].

Therefore, we have discussed an evaluation measure of sig-
nal distortion and derived conditions for source separation
and signal distortion free. Based on these conditions, con-
vergence properties have been analyzed. Furthermore, new
learning algorithm for the FF-BSS system, trained in the
time domain, has been proposed.

In this paper, we analyze the performance of the new learn-
ing algorithm by some computer simulations. Simulation re-
sults support our theoretical analysis.

2. FF-BSS system for Convolutive Mix-
ture

2.1 Network Structure and Equations
For simplicity, 2 signal sources and 2 sensors are used. A
block diagram is shown in Fig.1. The observations and the
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(mixed signals)
1 FF-BSS system with 2 signal sources and 2 sensors.

output signals are given by:

Z Z hji(Dsi(n— 1), =1,2 (1)
wl) = 33w Wasn - k=12 @
j=1 1=0

2.2 Learning Algorithm in Time Domain

The learning algorithm is derived following the natural
gradient algorithm using the mutual information as a cost
function [3].

wkj(n +1,1) = wg;(n, 1) + n{wg;(n,1)

- Z Z (v (1)) (n — 1+ g (m, @)} 3)
1 — e Yk(n)
o(yr(n)) = @

1+ ek
7 is the learning rate.

2.3 Learning Algorithm in Frequency Domain
Filter coefficients in the separation block are trained ac-
cording [3], [5], [6], [8]

W(r+1,m) = W(r,m) + n|diag({(2(Y (r, m))YH(r, m))
—(@(Y (r,m))Y " (r,m))]W (r,m) (5)
_ 1 J
O(Y (r,m)) = 1+ efYR(r,m) + 14 e*YI(‘l",m) (6)

r is the block number used in FFT, and m indicates the fre-

quency point in each block. <> is an averaging operation.
W (r,m) is a weight matrix of the r-th block FFT and the
m-th frequency point. Its (k, j) element is Wy;(r, m), which
is the connection from the j-th observation to the k-th out-
put. Y (r,m) is the output vector of the r-th block FFT and
the m-th frequency point. Its k-th element is Y% (r, m), which
is the k-th output. Y (r,m) and Y (r,
part and the imaginary part.

m) indicate the real

3. FB-BSS System for Convolutive Mix-
ture

3.1 Network Structure and Equations

Figure 2 shows an FB-BSS system proposed by Jutten et
all [1]. The mixing stage has a convolutive structure. Cj;
consists of an FIR filter.

K 2 FB-BSS system with 2 signal sources and 2 sensors.

The observations and the output signals are expressed as

follows:
wj(n) =Y Y hgi(m)si(n —m) (7
yk(n) =

Z Z cir(Dyn(n — 1) )

]

3.2 Learning Algorithm

In the FB-BSS system, the learning algorithm in the time
domain is used [2]. The following learning algorithm has been
derived by assuming several conditions [7],[9]. The signal
sources S1(z) and S2(z) are located close to the sensors of

X1(z) and X2(z), respectively. Therefore, the time delays
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of Hji(z),i ¥ j are slightly longer than those of Hij;(z).
Furthermore, the amplitude responses of Hj;(z),i & j are
smaller than those of H;i(z).
cally acceptable.

These conditions are practi-

cir(n+1,1) = cjr(n,1)
+ nf(y;(n)g(yr(n — 1)) 9)

f(y;(n)) and g(yx(n — 1)) are odd functions.

4. Criterion of Signal Distortion

In this paper, the signal distortion is evaluated as a dis-
tance from the observed signal sources [2], [10], [11]. However,
in this case, several criteria can be taken into consideration.
The signal sources included in the observations z;(n) are
given by H;;(2)S:(z) and Hj;(2)Si(2),7 £ j. Here, the fol-
lowing measures are considered.

Odla = % ’ |Hji(e”)Si(e™)
— Yi(e?) P dw (10)

oaw = % ﬂ(|Hji(€jw)5i(€jw)|
— [Yi(e’)]) dw (11)
o= / | Hyu ()5, P (12)
SDi, = 10log;, U;ix,:p =a,b (13)
Caza = % / " H () — Aps() 2dw (14)
s = o [ (He) (@) as (19

1 (7 won 12

o2 = 5o |Hj; ()] dw (16)
SDy, = 10log,, ”Zzz ,z=a,b (17)

5. Source Separation and Signal Distor-
tion in FF-BSS System

5.1 Learning in Frequency Domain

For simplicity, a FF-BSS system with 2-sources and 2-
sensors, shown in Fig.1, is used. Furthermore, S;(z) is as-
sumed to be separated at the output Y;(z). This does not
lose generality. Taking the signal distortion criterion into ac-
count, the condition on distortion-free source separation can
be expressed as follows:

Wi (2)Hii(2) + Wha(2)Ha2i1(z) = Hii(2) (18)
Wi1(2)Hiz(z) + Wiz(2)Ha2(2) = 0 (19)
Wa1(2)Hi1(2) + Waz(2)Ha1(2) = 0 (20)
W21 (Z)HlZ(Z) + WQQ(Z)HQQ (Z) = H22 (Z) (21)

The above equations imply two conditions. First, complete
source separation, that is the non-diagonal elements are all
zero, as shown in Egs.(19) and (20). Secondly, signal distor-
tion free, that is the diagonal elements are Hy;(z) as shown in
Eqs.(18) and (21). These equations are further investgated.

From the relations of Egs.(19) and (20), Hji(z) are ex-
pressed as follows:

W12 (Z)
H12(Z) Wll(z) sz(z) (22)
Hzl(z) = —gz;gi; Hll(z) (23)

By substituting the above equations into the relations of
Eqs.(18) and (21), Hji(2z) can be removed, and the following
equations consisting only of Wj;(2) can be obtained.

Whi1(2)Waz(z) — Wia(2)Wair(2) = Waa(z) (24)
Wi (2)Waz(z2) — Wia(2)Wai(2) = Wii(z) (25)

From these equations, W11(z) = Wa2(z) is derived. There-
fore, the above equations result in

W3;(2) = Wi;(2) = Wik(2) Wi (2) = 0 (26)
j=12k=12j+k

This 2nd-order equation expresses the condition on complete
source separation without signal distortion. This constraint
can be included in the learning processes of the FF-BSS sys-
tem in the time domain as well as in the frequency domain.

5.2 Learning Algorithm with Constraint in Time
Domain

The conventional learning algorithm given by Egs.(3),(4)

Usually,

only Egs.(19) and (20) are approximately satisfied. Equa-

does not satisfy the condition given by Eq.(26).

tions (18) and (21) are not guaranteed. Therefore, in general,
signal distortion cannot be suppressed.

The constraint given by Eq.(26) is taken into account in
the learning process. This constraint is used in the learning
process as follows: Given Wia(z) and Wai(z), the coefficients
of Wj;(z) are obtained so as to approximate the relation of
Eq.(26).

The condition for the distortion free source separation is
derived based on the complete separation and signal dis-
tortion free. However, the learning of the separation block
starts from an initial guess. Therefore, in the early stage
of the learning process, the signal sources are not well sepa-
rated. Taking these situations into account, the constraint of
Eq.(26) is gradually imposed as the learning process makes
progress. The following learning algorithm has been pro-
posed.

wij(n +1,1) = wi;i(n) + n{wk;(n)

- Z Z d(Yr(n))yp(n — o+ p)wrp(n,0)} (27)
wjj(n+1,1) = (1 — a)w;j(n+ 1,1)

+an)jj(n + 1) (28)

wj;j(n + 1) is determined so as to approximate the relation
of Eq.(26). « is usually set to a small positive number.
5.3 Conventional Learning Algorithm for Reduc-
ing Distortion in Time Domain
A learning algorithm for reducing distortion has been pro-
posed. The distance between the observed signals and the
separated signals is added to the cost function [4].



Ky—1

y(n+1,0) = y(n,0) —a Y [diag((D(y(n)y” (n— L+ m))

m=0

(@(y(n)y" (n— 1+ m))

+ Bly(n) —x(n)y” (n =1L+ m)w(n,d) (29
1—e Y
wly(n) =Ty (30)

This algorithm is effective if the spectra of sources are simi-
lar to each other, because the spectra of observed signals are
similar to the criteria. However, if the spectra of sources are
not similar to each other such as in music, it can be expected
that this method is not effective.

5.4 Signal Distortion in FF-BSS System Trained

in Frequency Domain

In the frequency domain, there is some weighting effect.
From Eq.(5), the correction of the weights is highly de-
pendent on Y, that is the frequency response of the out-
puts. If the initial guess of W (r,m) is set to the identity
matrix, that is W (0, m) = I, then Y (0,m) = X (0,m),
where X (r,m) = HS(r,m). Therefore, the correction of
W (r,m) is proportional to H S(r,m). If the signal sources
are all speech, their spectra are similar to each other. In
this case, the spectra of X;, which are composite signals of
the signal sources, are also similar to those of speech. This
means the correction of W (r,m) is weighted by the spectra
of the observed signal sources. Furthermore, as the learning
makes progress the weighting effects still maintain, because
Y%, which is modified through the mixing and separation pro-
cesses gradually approaches to the S;. As discussed in Sec.4.,
the signal distortion is evaluated based on the distance from
H;;S;. Therefore, when the signal source spectra are sim-
ilar to each other, the above weighting can suppress signal
distortion. If the signal sources exist in different frequency,
e.g. as is in music, their spectra are not similar and it can
be expected that masking will cause signal distortion.

6. Source Separation and Signal Distor-
tion in FB-BSS System

There are two cases, in which possible solutions for perfect
separation exist, as shown below:

W) Ca() = 2B Cul) = 720 ()
2) Oau(2) = —gig) Cra(2) = 218 (32)

It is assumed that the delay times of Hi1(z) and Ha2(%) are
shorter than that of Hzi1(z) and Hi2(z). This means that in
Fig.2, the sensor of X is located close to Si, and the sen-
sor of X5 close to S2. From this assumption, the solutions
in case (1) become causal systems. On the other hand, the
solutions in case (2) are noncausal.

When Cj;(z) satisfy the separation conditions Eqs.(31),
the output signals can be given by:

Yi(2) = Hi1(2)S1(2) Ya(2) = Ha2(2)S2(2)  (33)

They are exactly the same as the criteria of the signal dis-
tortion discussed in Sec.4. Therefore, the FB-BSS system
has a unique solution, which satisfies both source separation

as well as the signal distortion free simultaneously. Thus, in
the FB-BSS system, if complete signal separation is achieved,
signal distortion free is also automatically satisfied.

7. Simulation and Discussion

7.1 Simulation Conditions

The transfer functions of the cross paths are related to
the direct paths as Hjx(z) = 0.927'Hyp(2).Speeches and
colored signals, created by 2nd-order AR models, are used
FFT size is 256 points in the frequency do-
main training. FIR filters with 256 taps are used in the
FF-BSS system, trained in the time domain and in the FB-
BSS system. The initial guess of the separation block are
Wii(z) = Waa(z) =1 and Wi;(z) = 0,4 + j, in the FF-BSS
system, and C12(z) = C21(2) = 1 in the FB-BSS system.

Source separation is evaluated by the following two signal-
to-interference ratios SIR; and SIR2. Ayi(z) is a transfer
function from the é-th source to the k-th output. In this case,

as sources.

S1(z) and Sa(z) are assumed to be separated in Yi(z) and
Ya(z), respectively. However, it does not lose generarity.

1 7 jw jw
gs1 = 5— [ (JAu(¢ )2+ |A22(e7)*)dw (34)
1 7 jw jw
ot = o= [ (@) + Az () )do (35)
SIR; = 10log;, 22 (36)
Oil
re = = [ (AnE@)si)
2 )
+ [ Az2(e7)S2(e7)*) dw (37)
1 7 jw jw
iz = o 7W(|A12(€J )Sa(e7)|?
A2t (7) S1(e7)[*) doo (38)
SIR; = 10log,, 222 (39)
032
7.2 Speech Signals
7.2.1 Source Separation and Signal Distortion
Evaluation measures are summarized in Table 1.

Regarding SITR, and SIR:, the FB-BSS system was the best

# 1 Comparison of five different BSS systems for speech signals.
FF-BSS time(1), time(2) and freq.
Eqs.(3)-(4), Eqgs.(27)-(28) and Egs.(5)-(6), respectively.

are trained following

Methods SIRy | SIRy | SD14 | SDqy, | SDag | SDay,
FF-BSS time(1) 5.56 12.2 0.34 -2.70 0.57 -3.82
FF-BSS time(2) 4.33 8.29 -7.05 | -10.4 | -15.4 | -19.9

FF-BSS time with [4] 6.38 10.9 -10.3 | -13.8 | -14.5 | -16.9
FF-BSS freq. 4.87 7.02 -3.15 | -8.22 | -9.20 | -11.3
FB-BSS 9.24 14.1 -11.3 | -14.6 | -14.7 | -17.3

performance. The signal distortion in the FF-BSS system in
time can be drastically improved by applying the distortion
constraint free. Also with respect to the evaluation of the
signal distortion, the FB-BSS system has the best perfor-
mance.

7.2.2 Signal Spectra
The criteria for the signal distortion, that is the amplitude
response of Hq1(2)S1(z) and Haz(z)S2(z) are shown in Fig.3.

— 4 —



The spectra of the output signals are shown in Figs.4, 5, 6,
7 and 8.

In the FF-BSS system, trained in the time domain, the
spectra are not similar to the criteria shown in Fig.3. Since,
the FF-BSS system has a degree of freedom, the output spec-
tra can be changed in a way to make the output signals to
be more statistically independent. On the other hand, as
shown in Fig.5 and 6, the spectra of the FF-BSS system,
trained with the distortion free constraint, and that of the
FF-BSS system using [4] are drastically improved compared
to the previous one, and are similar to the criteria.

The results of the FF-BSS system, trained in the frequency
domain, and FB-BSS support the discussion of Sec.5.4 and
6., respectively.

7.3 Colored Signals with Different Frequency

Bands

# 2 Comparison of four different BSS systems for colored signals.
Methods SIRy | SIRy | D1, | 8Dy | Doy | SDgy
FF-BSS time(1) 7.07 | 9.49 | -0.08 | -2.76 | -0.69 | -4.99
FF-BSS time(2) 4.07 | 8.05 | -7.54 | -10.1 | -10.4 | -13.2
FF-BSS time with[4] | 2.20 | 4.49 | -5.43 | -7.80 | -13.7 | -16.5
FF-BSS freq. 2.62 | 5.12 | -6.28 | -8.74 | -8.23 | -10.1
FB-BSS 7.19 | 16.5 | -12.4 | -15.0 | -10.4 | -13.6

As discussed in Sec.5.4, there exist a weighting effect in
the FF-BSS system trained in the frequency domain. This
weighting effect suppresses the signal distortion when the
spectra of the sources are similar to each other, and as a
result, the spectra of the observed signals are also similar
to those of the souces. However, it can be expected that
the weighting effect is not effective and signal distortion will
occur for the sources, which have a different envelop of the
spectrum. In order to confirm this point, another result is
shown. Figs.9 and 10 show the spectra of the observed sig-
nals and the spectra of H;;(2)Si(z), respectively. They are
not similar to each other, because the frequency bands, where
the spectra are dominant, are different.

The spectra of the output signals are shown in Figs.11, 12,
14 and 15. The outputs of the FF-BSS system trained in
the frequency domain are not similar to the criteria (Fig.10),
but are similar to the observed signals. This result sup-
ports our theoretical analysis. The FF-BSS system using [4]
has good evaluations of signal distortion, but bad separa-
tion performances. It can be expected that this is caused by
the weighting effect. Since Y;i(z) becomes similar to X;(z),
Asi(z) becomes similar to Hy(z). S;(z) in Xi(2) (2 F 7)
remain in Y;(z) at the same time. Therefore the FF-BSS
system using [4] has not good separation performances. The
other methods obtained similar results as in the simulations
for speech signals.

8. Conclusions

In this paper, source separation and signal distortion in the
FF-BSS system and the FB-BSS system have been analyzed.
A new distortion free constraint has been proposed for the
FF-BSS system trained in the time domain. The FF-BSS,
trained in the frequency domain, having the weighting effect,
which can suppress signal distortion when the spectra of the
sources are similar to each other. However, if the spectra
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of the sources differ from each other, the weighting effect is
not effective, and signal distortion occurs. Forthermore the
FF-BSS system using [4] doesn’t get good separation perfor-
mances because of the weighting effect. The FB-BSS system,
trained in the time domain, has a unique solution, which sat-
isfies both the source separation as well as the distortion free
conditions simultaneously. The simulation results support
our theoretical analysis.
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