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ABSTRACT

In this paper we develop a new method for blind separation
of temporally correlated sources, possibly dependent signals
from linear mixtures of them. The proposed algorithm is
based on the mutual independency of the innovations of source
signals instead of original signals. This algorithm takes into
account both the temporal structure and the high-order statis-
tics of source signals and in contrast to the most known blind
separation algorithms only exploiting the second order statis-
tics or the non-Gaussianity. In this framework, a fixed-point
algorithm is introduced. The fixed-point algorithm is com-
putationally very simple, converge fast, and does not need
choose any learning step sizes. Extensive computer simula-
tions with speech signals and images confirm the validity and
high performance of the proposed algorithm.

1. INTRODUCTION

Blind source separation (BSS) or independent component analy-
sis (ICA) has been widely applied to many areas, such as
speech and image enhancement, wireless communication, data
mining and biomedical signal processing. There have existed
a number of learning algorithms for blind source separation
[2, 5]. Generally speaking, BSS algorithms use only the high-
order statistics criteria, such as FastICA [5] or use the tempo-
ral structure alone, such as SOBI [1]. The most known and
efficient techniques assume that primary sources are statisti-
cally independent, however in many applications the sources
are not completely independent and developed BSS or ICA
algorithms may fail to separate signals of interest. But results
obtained by these methods are likely to improve if one ex-
ploits all the available information on the sources, such as the
high-order statistics and the temporal structure.

In this paper, we propose a fixed-point algorithm based on
the mutual independency of the innovations of source signals
instead of original signals. The purpose is to make use of both
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the temporal structure and the high-order statistics of source
signals for obtaining more efficient learning algorithm. The
proposed fixed-point algorithm has advantages in blind sep-
aration of temporally correlated sources, possibly dependent
signals.

2. PROBLEM FORMULATION

For our purpose, the problem of blind source separation can
be formulated as follows: we observe sensor signals x(t) =
(x1(t), . . . , xn(t))T described by matrix equation:

x(t) = As(t), (1)

where A is an n×n full-rank unknown mixing matrix, s(t) =
(s1(t), . . . , sn(t))T is a vector of unknown temporally corre-
lated sources with zero mean. We assume that source signals
have temporal structures and can be modelled by linear au-
toregressive models as:

si(t) =
M∑

τ=1

αi
τsi(t− τ) + δsi(t), (2)

where δsi(t) is zero-mean, i.i.d (white) time series called in-
novations.

The task of BSS is to construct an n×n separating matrix
B given just the sensor signals, such that the output vector
y(t) = (y1(t), . . . , yn(t))T = Bx(t) recovers the n source
signals up to scaling and permutation [5].

3. A FIXED-POINT ALGORITHM FOR
INDEPENDENT INNOVATION ANALYSIS

3.1. Derivation of the learning algorithm

Provided that the measured sensor signals x have already been
followed by an n × n whitening filter V such that the com-
ponents of x̃(t) = Vx(t) are unit variance and uncorrelated,
the BSS problem is reduced to the search for an n× n ortho-
normal matrix W = (w1, . . . ,wn)T and the total separating
matrix is given as B = WV.



We suggest to use the mutual independency of the inno-
vation signals as a criterion for finding the separating matrix.
The analysis of innovation signals provides us a way to ex-
plore both the temporal structures and high-order statistics of
source signals. Thus, we formulate the blind separation of
temporally correlated sources in the framework of indepen-
dent innovation analysis (IIA).

If the innovations are mutual independent, the covariances
E{f(δyi(t))g(δyj(t))} are all zero (i �= j), where f and g
are different odd functions [5]. In other words, the covariance
matrix of f(δyi(t)) and g(δyj(t)):

Cfg = E{f(δy(t))g(δy(t)T )}
= diag(E{f(δy1(t))g(δy1(t))}, . . . , E{f(δyn(t))g(δyn(t))})

is a non-singular diagonal matrix.
The above diagonalization principle can be expressed in

the following way:

ΛCfg = I, (3)

where Λ is a non-singular diagonal matrix and I is the iden-
tity matrix. By multiplying the above equation by separating
matrix W, we obtain a fixed-point equation about W:

W = ΛCfgW. (4)

This expression suggests the following fixed-point iterative
learning algorithm:

W← ΛCfgW. (5)

Then the symmetric orthogonalization can be used to keep
separating matrix W orthogonally [5]:

W← (WWT )−
1
2 W. (6)

The forms of the activation functions f and g depend on
the distributions of the innovations. Typically, we can choose
f(u) = u and g(u) = tanh(au) (a ≥ 1) for super-Gaussian
innovations. Thus, after the data x is whitened, the IIA al-
gorithm is then as follows. At every step, first estimate the
autoregressive constants αi

τ in equation (2) for the time series
given by Wx̃. Then do the fixed-point iteration in (5) and the
symmetric orthogonalization in (6).

A simple special case of the method is obtained when the
autoregressive model has just one predicting term [4]:

ŷi(t) = αi
1yi(t− 1). (7)

The lag need not be equal to 1, but this is the basic case. The
parameter αi

1 in the algorithm can then be estimated simply
by a least-squares method as [4]:

α̂i
1 = wT

i E{x̃(t)x̃(t− 1)T }wi. (8)

3.2. Outline of the algorithm

The proposed algorithm involves the following steps.

1. Remove the mean from the data and whiten it to give
x̃. Choose an initial separating matrix W. Typically,
let Λ = I.

2. Compute estimates of the source signals as y(t) = Wx̃(t).

3. Compute estimates of the autoregressive coefficients α̂i
τ ,

for example, by a classical least-squares method.

4. Compute estimates of the innovations as δyi(t) = yi(t)−∑M
τ=1 α̂i

τyi(t− τ).

5. Choose the activation functions f and g. For example,
take f(u) = u and take g(u) = tanh(u) when innova-
tions are super-Gaussian.

6. Do a fixed-point iterative step:

W← CfgW. (9)

7. Orthogonalize W by

W← (WWT )−
1
2 W. (10)

8. If not converged, go back to step 2.

Note that convergence means that the old and new values of
wi point in the same direction, i.e. their dot-product is (al-
most) equal to 1 (i = 1, 2, . . . , n).

4. SIMULATIONS

In order to verify the effectiveness of our algorithm, we con-
sider the separation of the following three sets of source sig-
nals:

Experiment 1: one voice signal (dyrcj voice.wav) and one
music signal (dyrcj piccolo.wav) (taken from [7]) (available
at http://www.au.tsinghua.edu.cn/szll/bodao /zhangchangshui
/bigeye/member/zyghtm/Experiments.htm).

Experiment 2: ten natural speech signals of ten different
persons pronouncing the same sentence (10halo.mat: avail-
able at http://www.bsp.brain.riken.jp/index.php). The source
signals are highly correlated.

Experiment 3: four nature images (available at http://www.
bsp.brain.riken.jp/index.php). The correlations between the
four source signals are not close to zero.

For all of the experiments the standard ICA algorithms
based on high-order statitics such as FastICA [5] does not
work well. Methods based on the time-dependency informa-
tion alone like SOBI [1] performs poorly in Experiment 2 and
fails with the data in Experiment 3. Thus, for the goal of com-
parison, we test three batch algorithms including complex-
ity pursuit using the symmetric orthogonalization (CPSYM)



Table 1. The average performance indexes PI and CPU-time
in seconds for different algorithms in the Experiment 1.

Algorithms CPDEF FPIIA

PI 0.0375 0.0306

CPU− time 29.41 3.47

[4], complexity pursuit using the deflation scheme (CPDEF)
[4] and the fixed-point algorithm for independent innovation
analysis in this paper (FPIIA).

Remark 1: Complexity pursuit [4] combines both of non-
Gaussianity and time-correlations, which is an extension of
projection pursuit [3] to signals with time structure. The
method is closely related to blind separation of time-dependent
source signals and ICA.

Remark 2: In the paper [6], we have presented a fixed-
pointed algorithm for complexity pursuit, and if the signals
have no time dependencies, the method reduces to the well-
known FastICA algorithm [6]. Unfortunately, the algorithm
does not performs more efficiently than original complexity
pursuit [4] in the experiments (such as the performance in-
dex). Thus, the algorithm does not appear in the comparison.

The nonlinearity is chosen as tanh(·) and the step size is
taken equal to 1 in the CPSYM and the CPDEF. We choose a
first order AR model (the lag τ = 1) in the three algorithms.
The performance index defined as [2]:

PI =
n∑

i=1

(
n∑

j=1

|pij |
maxk |pik| − 1) +

n∑
j=1

(
n∑

i=1

|pij |
maxk |pkj | − 1),

(11)
where pij is the ijth element of n × n matrix P = WVA.
The larger the value PI, the poorer the performance. We give
here the mean values of 100 independent trials for unmixing
error and time consumption (measured on a 1.8 GHz Pentium
IV PC).

4.1. Experiment 1

In the first experiment the mixing matrix A is chosen to be
nearly singular:

A =
(

1 2
1 2.00001

)
.

This means that all sensor signals look almost identical. Such
a situation may occur when sensors are located very close to
each other. The CPSYM does not work in this ill-conditioned
problem. However, the CPDEF and the FPIIA can achieve
the BSS. Table 1 gives the results. Obviously, the proposed
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Fig. 1. Plots illustrating Experiment 1: two original signals,
two mixtures and two separated signals by our algorithm.

Table 2. The average performance indexes PI and CPU-time
in seconds for different algorithms in the Experiment 2.

Algorithms CPSYM FPIIA

PI 4.5662 4.5094

CPU− time 10.62 1.03

fixed-point algorithm performs more efficiently in both con-
vergence speech and steady-state accuracy. The convergence
of the CPDEF is quite slow. The plots of original sources,
their mixtures and separated signals by the FPIIA are shown
in Figure 1.

4.2. Experiment 2

In the second experiment ten natural speech signals have been
mixed using randomly chosen 10 × 10 nonsingular mixing
matrix. In this case, the CPDEF with the deflation scheme
provides very poor performance perhaps because the estima-
tion errors in the sources that are estimated first accumulate
and increase the errors in the later estimated sources. Thus,
it is excluded from this comparison. The results are shown in
Table 2.

In the case, we can see that the FPIIA and the CPSYM
degrade in performance but the FPIIA still works better. The
CPSYM can achieve the BSS but computational load is about
10 times larger than for the FPIIA. From a subjective listening
point of view, the separation of the ten nature speech example
by our algorithm is remarkable for the high intelligibility of
the recovered sentences, in spite of some crosstalk. Figure 2



0.007404 0.015362 0.010787 0.000608 0.002056 0.008394 0.000596 0.012873 0.010822 1.000000

0.025215 0.004592 0.041548 0.024158 0.046910 0.015348 1.000000 0.027516 0.014992 0.000551

0.004950 0.009573 0.025221 0.002116 1.000000 0.004243 0.009372 0.003272 0.001335 0.006546

0.049677 0.051923 1.000000 0.071979 0.035271 0.001590 0.002287 0.115203 0.022709 0.009794

0.026855 0.020227 0.029857 0.018502 0.009523 1.000000 0.001416 0.074666 0.073720 0.010692

0.072751 0.002199 0.009882 1.000000 0.065972 0.068061 0.063575 0.000424 0.069613 0.016890

1.000000 0.017392 0.012314 0.016274 0.019268 0.043704 0.038197 0.024798 0.046903 0.008450

0.014950 0.063467 0.034887 0.006662 0.047137 0.020018 0.035007 0.045864 1.000000 0.004844

0.028001 1.000000 0.019958 0.017316 0.034376 0.053298 0.014058 0.008398 0.075953 0.006291

0.017998 0.026719 0.017417 0.005503 0.014768 0.020057 0.001925 1.000000 0.017796 0.018578

Fig. 2. Plots illustrating Experiment 2: performance matrix
P for the separation of ten sources by our algorithm after nor-
malizing.

Table 3. The average performance indexes PI and CPU-time
in seconds for different algorithms in the Experiment 3.

Algorithms CPSYM FPIIA

PI 0.9996 0.6994

CPU− time 3.50 0.83

shows the performance of the matrix P by our algorithm after
normalizing.

4.3. Experiment 3

In this simulation, the source signals sampled from four na-
ture images have been mixed using randomly chosen 4 × 4
nonsingular mixing matrix. The CPDEF fails with these data
due to the same reason in the second experiment and does not
appear in this comparison. The results are depicted in Table 3.
The superiority of the FPIIA over CPSYM is straightforward.
Figure 3 shows four original images, four mixtures and four
separated images by our algorithm.

In short, the proposed fixed-point algorithm outperforms
the other two algorithms in both convergence speed and per-
formance indexes.

5. CONCLUSIONS

In this paper we have presented a fixed-point algorithm for
blind separation of temporally correlated sources. Contrast
to other gradient based algorithms, the algorithm is computa-

Source 1 Source 2 Source 3 Source 4

Mixture 1 Mixture 2 Mixture 3 Mixture 4

Separated 1 Separated 2 Separated 3 Separated 4

Fig. 3. Plots illustrating Experiment 3: four original images,
four mixtures and four separated images by our algorithm.

tionally simple, provides very fast convergence and does not
need choose any learning step sizes. This means that the al-
gorithm is a very appealing method and easy to use. We have
confirmed by extensive computer simulations that the derived
algorithm has shown excellent performance when the source
signals are temporally correlated even if they are statistically
dependent. Further theoretical endeavors of the fixed-point
learning algorithm are subjects for future study.
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