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ABSTRACT
Independent component analysis (ICA) is a signal
processing technique that can be used to extract
meaningful components from a dataset. Biogeography
based optimization (BBO) algorithm is a recently
developed stochastic optimization algorithm. In this
paper, we report the use of the BBO algorithm to
optimize a contrast function that measures the
statistical independence of the recovered components
in order to implement the ICA technique. The use of
the BBO to implement the ICA technique is
demonstrated on two benchmark data sets. The
achieved results of using the BBO in the ICA
technique are compared to that of the Fast ICA
algorithm and using the particle swarm optimization
(PSO) algorithm, and the differential evolutionary
(DE) algorithm for ICA. Experimental results show
that the BBO algorithm outperforms the Fast ICA and
the DE algorithms in terms of the signal to interference
ratio (SIR) of the recovered components while it
outperforms the PSO algorithm in terms of the
convergence speed. To both improve the convergence
speed and the quality of the recovered components, the
BBO and the PSO algorithms are jointly used.
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1 INTRODUCTION
Independent component analysis (ICA) is a
stochastic signal processing technique that can be
used to extract meaningful components from a
dataset or retrieve signals (sources) from their
mixture [1-3]. The ICA technique has been widely
used in many areas of science and engineering.
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The ICA relies on the principle assumption that all
sources are independent of one another. Therefore,
to implement the ICA technique, an objective or
contrast function needs to be formulated to
measure the statistical independence of the
components. Then, an optimization technique is
used to optimize this objective function such that
the recovered components are as closely
statistically independent from one another as
possible. Therefore, the ICA technique can be
formulated as an optimization problem.
The FastICA algorithm is an efficient algorithm
for independent component analysis invented by
Hyvarinen [1]. The algorithm maximizes nonGaussianity as a measure of statistical
independence based on a fixed-point iteration
scheme. There are many other optimization
algorithms that can be used to optimize the
objective function in the ICA technique.
Differential evolutionary (DE) algorithm [4-5] is a
popular optimization algorithm that has been
developed to speciﬁcally search for global optima
and avoids any local solutions. The DE algorithm
uses mutation and crossover operations to search
for the optimal solution. Another technique is
particle swarm optimization (PSO) [6-8]. The PSO
algorithm applies social interactivity between the
different areas of the solution space to search for
the optimum solution. The PSO algorithm is
simpler in terms of coding than the DE algorithm.
In addition, the PSO algorithm does not use
complicated operations such as the mutation and
crossover operations used in the DE algorithm.
However, the PSO algorithm does not have strong
exploitation ability and could be trapped in local
optima.
A new promising stochastic optimization
algorithm called biogeography-based optimization
(BBO) has been recently developed [9-12]. The
348

Proceedings of the International conference on Computing Technology and Information Management, Dubai, UAE, 2014
BBO algorithm uses migration operations to share
information between solution candidates in order
to search for the optimum solution. The BBO
algorithm has strong exploitation ability and has
been successfully applied in many engineering
areas [13-18].
In this paper, we report the use of the BBO
algorithm to optimize a simple contrast function in
the ICA technique. To the best of our knowledge,
the BBO algorithm has never been used for ICA.
The use of the BBO algorithm for the ICA is
compared with the FastICA algorithm and the use
of the PSO and DE algorithms for the ICA
technique. Experimental results show that the
BBO algorithm outperforms the Fast ICA and the
DE algorithms in terms of the signal to
interference ratio (SIR) of the recovered
components while it outperforms the PSO
algorithm in terms of the convergence speed. To
both improve the convergence speed and the
quality of the recovered components, the BBO and
the PSO algorithms are jointly used.
The rest of this paper is organized as follows: an
overview of the ICA and the BBO algorithms are
provided in section 2 and section 3, respectively.
Simulation results of using the BBO for ICA and
performance comparison with the FastICA, PSO
and DE are given in section 4. The conclusions of
this paper are given in Section 5.
2 INDEPENDENT COMPONENT ANALYSIS
Independent Component Analysis (ICA) and its
most popular application blind source separation
(BSS) consists on the recovering of some
independent sources up to a permutation, scaling
and sign factor starting from instantaneous linear
mixtures of them. The only assumption is that
these sources are statistically independent. The
formulation is:
x  As

(1)

where x is the observed vector, s is the source
vector and A the mixing matrix.
This simple model has been extended to other kind
of models, e.g., convolutive, nonlinear or noisy
mixtures and many extensions can be found in the
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literature. It has been applied successfully in many
real applications in spite of the very restrictive
independence assumption. In addition, basic BSS
is focused in the Blind term, i.e., in the fact that
we have no prior information about the sources or
mixing process.
The classical algorithms consider only the
independence of the source signals. This condition
implies that the joint distribution is the product of
the marginal, i.e., p(s )   p( si ) . Traditional
i

solutions are based on the minimizationmaximization of a function that measures the
statistical independence of the recovered signals.
As we do not know anything about the sources
(their pdf are unknown), a pure statistical analysis
of the problem is difficult and it is not possible to
guarantee exactly the independence of the
recovered signals. Some extensions including
prior information have been proposed, depending
on the application under consideration, e.g., see
[2]; in this case, the problem is no more called
blind.
In order to approximate the statistical
independence of the sources, many approaches
have been proposed, e.g., [3] maximizes contrast
functions derived from mutual information, [19]
presents an algebraic solution based on joint
digitalization of fourth order cumulant matrices,
[20] is based on information theory concepts. In
all cases, the final algorithm involves the
estimation of higher order moments since the
independence requires that cross-cumulants must
be zero. In practice, second order information is
exhausted in a previous whitening step and after
that, the higher order components are introduced
directly or through non-linear transformations in
order to estimate the remaining unknown
orthogonal matrix. The de-mixing matrix is
obtained as the product of this two matrices, the
whitening one that decorrelates the signals and the
orthogonal one that rotates them up to obtain the
most independent sources. In mathematical
notation:
y = Bx = UWx

(2)

where y is the recovered (estimated) sources, W is
the whitening matrix and U is the orthogonal
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matrix. Regardless of the contrast function we use,
the final problem becomes an optimization
problem in which the elements of the matrix U are
searched such that the cost function is optimized
in some sense. In this paper, the kurtosis is used in
a contrast function to measure the independence.
The kurtosis of a random variable u is defined as:

k (u)  E[u 4 ]  3E 2 [u 2 ]

(3)

It is a normalized version of the fourth order
moment. It is zero for Gaussian random variables
and non-zero for non-Gaussian distributions. It is
negative for flatter distributions such as the
uniform random variable; these distributions are
called sub-Gaussian or mesokurtic. It is positive
for heavy tailed distributions such as the Laplacian
random variable; in these cases, they are called
super-Gaussian or leptokurtic. In summary,
kurtosis can be used to measure the nonGaussianity of the distribution. Knowing that
when two random variables are mixed the
distribution becomes more Gaussian, therefore, we
can use the absolute value of the kurtosis or their
square value as a contrast function to be maximum
when the sources are unmixed. Hence, we may
define a contrast function as
J kurtosis   k 2 ( yi )

(4)

i

where yi is the ith recovered source. This contrast
function is an approximate measure of the
independence. Note that to enforce the
independence restriction we should include all the
higher order cumulants, not only fourth order
(remember that second order are used to whitening
the signals and usually third order statistics are not
considered since the sources are symmetric). For
practical considerations, this is not possible, not
only because the high computational cost, but
because an accurate estimation of higher order
statistics higher than fourth is not possible.
3 THE BIOGEOGRAPHY-BASED
OPTIMIZATION ALGORITHM

optimization [9-12]. The algorithm is based on the
biogeography theory which studies the
geographical distribution of biological organisms
in a habitat. To measure the suitability of a given
habitat for residence for biological species, the
term habitat suitability indexes (HSI) is used. A
collection of variables called suitability index
variables (SIVs) is used to characterize the
habitability of a given habitat. In the BBO
algorithm, an N-dimension candidate solution of
the optimization problem is analogous to a habitat
with N SIVs. The goodness of any solution is
measured based on a given objective or fitness
function that is analogous to the HSI.
To improve the candidate solutions, the migration
and the mutation operations are used. The
migration operator is used to change existing
solutions. On the other hand, the mutation process
is a probabilistic operator that randomly modifies
habitat SIVs. Therefore, a habitat H is a collection
of N SIVs that follow migration and mutation
processes in order to improve its HSI. Details of
these operations are in the original paper of the
BBO algorithm [9].
The basic procedure of the BBO algorithm is
described as follows:
Step1: The fitness (contrast) function is defined
and a number of habitats each represented using
an N-dimension vector is randomly initialized,
where N represents the dimension of the
optimization problem.
Step2: The fitness function (HSI) is evaluated for
all habitats and then sorted from best to worst.
Step3: The HSI of each habitat is mapped to
species count.
Step4: The immigration rate λ and emigration rate
µ for each habitat are calculated based on its
species count according to Equations (5) and (6).
Step 5: The migration and mutation algorithms are
performed for all habitats.
Step 6: The termination criterion is checked and if
it is not met, then go back to step 2.
The migration and mutation operations are briefly
described in the following subsections.

Biogeography-based optimization (BBO) is a
recently developed algorithm for global
ISBN: 978-0-9891305-5-4 ©2014 SDIWC
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3.1 Migration
In the migration operation, habitats share
information based on the emigration rate µ and the
immigration rate λ of each habitat. A habitat with
few species (low HSI) is a bad solution of the
optimization problem and is assigned a low μ and
high λ. A habitat with more species (high HSI) is a
good solution of the optimization problem and is
assigned a high μ and low λ. Each habitat has its
own µ and λ which are functions of the number of
species S (species count) in the habitat and are
given as:
s
(5)
 ( s)  I (1 
)
smax

 ( s)  E (

s

(6)
)
smax
where smax is the largest possible number of species
that a habitat can support; I is the maximum value
of the immigration rate λ; and E is the maximum
value of the emigration rate µ. Each solution is
modified based on other solutions. The decision to
modify a solution is controlled by the modification
probability, Pmo d which is a user-defined parameter
which normally set to unity. If a solution is
chosen to be modified, then its rate of immigration
is used to decide whether or not to modify each
SIV in this solution. If an SIV is selected to be
modified, then the emigration rates µ of the other
solutions are used to probabilistically determine
which of the solutions should migrate an SIV to a
chosen solution. A pseudo code of the migration
operator is shown in Figure 1.

where mmax is maximum mutation rate which is a
user defined parameter, Ps is the probability of
species count, and Pmax is the maximum
probability of species count. Therefore, the good
solution is less probably to mutate to another
solution, while the bad solution is more probably
to mutate to another solution. This opposite
relationship comes into view in the mutation rate
equation. Without this change, the solutions that
have high probabilities tend to be more dominant
in the population. This approach provides both
high and low HSI solutions to mutate, in order to
obtain better solution of the problem.
The mutation process gives the solutions the
chance to be improved, but it can also ruin them.
So, if mutation ruins the habitat that has the best
solution, an elitism approach is used to keep it and
revert back to it, if needed. For this reason,
mutation process is applied as a high-risk process
and is applied on both weak and good solutions.
Since the medium quality solutions are already in
improving stage, it is better to avoid mutating
them. Performing mutation on a selected solution
is done by replacing it with a new solution that is
randomly generated. Otherwise, any other
mutations that have been implemented in GA can
be implemented for the BBO.
To prevent the best solutions in the population
from being corrupted by migration and mutation
step, some sort of elitism is incorporated to BBO
algorithm. In this step, the best solutions are saved
before beginning in modification. After
completion of the modifications, the worst
solutions are replaced with the saved solutions.

3.2 Mutation

4 SIMULATION RESULTS

In the BBO, the mutation is used to increase
diversity through the population to obtain good
solutions. Mutation modifies a habitat’s SIV
randomly based on mutation rate m. The mutation
rate m of each solution is given as:

In this section, we simulate the use of the BBO
algorithm to optimize the contrast function
J kurtosis   k 2 ( yi ) given in Eq. 4 in section 2


P 
m( s)  mmax 1  s 
 P max 
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(7)

i

based on the kurtosis as a measure of statistical
independence in order to implement the ICA
technique. It is worth mentioning that we have
used the PSO algorithm for ICA in our previous
work based on mutual information contrast
351
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For i  1 to Ns (where Ns is the number of habitatas)
If rand > Pmod Continue
End

For j  1 to N (where N is the number of variables)
Select an SIV in H i with probability
If an SIV is selected to be modified
For k  1 to Ns
Select H k with probability
If

i

k

is selected
Replace the SIVj in H i with an SIVj from H k

End
End
End
End
End

Figure 1 A Pseudo Code of the Migration Process Algorithm

function [21-22]. However, in this paper we use
simpler contrast function. The simulation is made
using two sets of benchmark data available in the
ICALAB [23]. The first set is five sparse (smooth
bell-shape) sources that are approximately
independent. The second set is five fourth order
colored sources with a distribution close to
Gaussian. The two sets are mixed using two
different randomly generated mixing matrixes
before applying the ICA technique. Then, the ICA
technique is applied to recover the original signals
(sources) from their mixture. It is worth
mentioning that a pre-processing process called
whitening is normally performed as the first step
in ICA to impose the decorrelation of the sources.
Furthermore, it is assumed that the sources are
zero mean and unit variance; otherwise they can
be made to have these properties.
In this work, we compare the use of the BBO
algorithm for ICA with the FastICA algorithm and
with the use of the PSO and DE algorithms for
ICA. The comparison is made based on the signal
to interference ratio (SIR) of the recovered
sources. The signal to interference value for the ith
recovered component yi is defined as:
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y i , si
SIR( yi )  10 log 10 
 y i , yi  y i , si





(8)

where f , g is the standard inner product of the
two vectors f and g. In addition, a comparison of
the average convergence speed of the BBO, PSO
and the DE to optimize the J kurtosis
contrast
function is presented.
In our simulations, the parameters for the BBO
were selected as follows: maximum immigration
rate and maximum emigration rate of 1 and
maximum mutation rate of 0.01. For PSO,
constriction global topology PSO algorithm with
constriction factor of 0.72984 was used [8]. We
used, DE/rand/1/bin scheme with weighting factor
of F  0.5 and a crossover constant of CR  0.5 for
the DE algorithm. In all algorithms a population
size of 25 was used.
All algorithms were run ten times for the same set
of data and using the same mixing matrix. During
the search, the main objective is to find the
elements of the de-mixing matrix U that optimize
the J kurtosis contrast function. Table 1 shows the
average SIR of the recovered sources using the
BBO, FasICA, PSO and DE algorithms for the
first set of data (the sparse sources).
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Signal
1
2
3
4
5

Table 1 Comparison of the Average SIR (dB) for the Sparse Signals Data Set
SIR (dB)
BBO
FastICA
PSO
DE
BBOPSO
43.0100
30.2796
55.6082
16.9834
56.4218
34.2693
27.2487
15.9347
36.0879
36.3291
42.2575
33.2825
52.2819
16.7115
52.7823
33.3364
19.5224
16.0105
35.4270
35.6356
36.5452
20.144
16.7243
40.5017
40.6399
4

x 10
-3

BBOPSO
BBO

-3.1

Contrast Function Value

PSO
-3.2

DE

-3.3
-3.4
-3.5
-3.6
-3.7
-3.8
50

100

Iterations

150

200

250

Figure 2. Convergence curves for the value of the contrast function for the sparse data set

Table 2 Comparison of the Average SIR (dB) the Fourth Order Colored Sources Data Set
Signal
SIR (dB)
BBO
FastICA
PSO
DE
BBOPSO
1
Algorithm failed
14.4822
13.9383
14.4910
14.5819
2
17.2179
Algorithm failed
17.5368
11.8345
17.5695
3
19.4137
Algorithm failed
19.7486
12.3451
19.8158
4
2.6924
Algorithm failed
2.6516
2.6417
3.4283
5
3.0989
Algorithm failed
3.0456
3.0291
4.4324

As can be seen in Table 1, the average SIR of the
recovered signals using the BBO algorithm for
ICA are higher than that of the FastICA and using
the DE for ICA but lower than that using the PSO
for ICA. However, the use of BBO for ICA has a
better average convergence speed as shown in
Figure 2.
ISBN: 978-0-9891305-5-4 ©2014 SDIWC

The achieved results of using the BBO for ICA for
this data set could be attributed to the fact that the
BBO algorithm has good enough exploitation
ability but does not have good enough exploration
ability compared to that of the PSO algorithm. To
simultaneously achieve better convergence speed
and high SIR, we simultaneously used the PSO
and the BBO for ICA. That is, in each iteration,
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we run independently the PSO and the BBO
algorithm to optimize the contrast function. Then,
at the end of each iteration, the fitness values of
the corresponding candidate solutions of both
algorithms are compared, and the candidate
solution with better fitness value will be used in
the next iteration in both algorithms. In this
scenario, it is assumed that the candidate solutions
in both algorithms are numbered or labeled and
the numbering or labeling is tracked. The
simultaneous use of BBO and PSO for ICA
achieved higher convergence speed and slightly
better SIR than that of the PSO algorithm as
shown in Figure 2 and Table1, respectively.
The average SIR of the recovered sources using
the BBO, FasICA, PSO, DE and using the
BBOPSO algorithms for the second set of data
(the fourth order colored sources) are given in
Table 2.
As given in Table 2, the average SIR of the
recovered signals achieved using the BBO
algorithm for ICA are better than that of the
FastICA and using the DE for ICA but are
comparable to that of the PSO and the BBOPSO.
In fact, the FastICA algorithm completely failed to
recover any of the original sources
5 CONCLUSIONS
In this paper, the use of the BBO algorithm for the
ICA technique is demonstrated on two benchmark
data sets and is compared with that of the Fast
ICA algorithm and using the PSO and the DE
algorithms for ICA. The achieved results of using
the BBO in the ICA showed that the BBO
algorithm outperforms the Fast ICA and the DE
algorithm in terms of the signal to interference
ratio (SIR) of the recovered components while it
outperforms the PSO algorithm in terms of the
convergence speed. To both improve the
convergence speed and the quality of the
recovered components, the BBO and the PSO
algorithms were jointly used.
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