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Abstract: Blind source separation (BSS) concerns the signal processing techniques that aim to find
several elementary components of sources from linear combinations of these sources received on
several sensors. This paper presents a method for the extraction of these independent components. It
is called Joint Approximate Diagonalization of Eigenmatrices (JADE) and uses fourth-order cumulants.
A simulation example shows the performance of the proposed algorithm by displaying its high
separation accuracy. The proposed technique is compared to the Equivariant Adaptive Source
Separation Algorithm (EASI).

Keywords: blind source separation; Joint Approximate Diagonalization of Eigenmatrices; fourth-
order cumulants; EASI

1. Introduction

In signal and image processing, there are many cases where a set of observations
are available and from which we wish to recover the sources that generated them. This
problem, which has become a hotspot in the field of signal processing, is known as blind
source separation (BSS). It has received great attention in several research fields such as
speech, sound, image, telecommunications and biomedicine [1-4]. New research has signif-
icantly improved both the BSS theory and its practical applications. In biomedicine, the
applications of BSS range from medical engineering to neuroscience. In image processing,
BSS is a method of recovering the original images from the observed mixed images. This
is referred to as blind image separation. One way to achieve the separation is to utilize
relative motions of layers. Several technologies have been proposed to extract motions
from image sequences [5,6]. They focus only on motion, whereas the layer restoration
is not considered. Independent component analysis (ICA) has often been regarded as
an attractive solution to the blind image separation problem. In biomedical applications,
ICA has been applied to functional magnetic resonance imaging (fMRI) data analysis. In
addition, some proposed image separation applications have taken a Bayesian approach [7].
In [4], Kayabol et al. approved a Markov random field (MRF) model to preserve the spatial
dependence of neighboring pixels (e.g., sharpness of edges) in a 2-D model. They provided
a full Bayesian solution to image separation using Gibbs sampling. Another MRF-based
method has been proposed by Tonazzini et al. in [8]. In mechanical systems, BSS is used to
evaluate complex mode shapes which may occur in the real world [9]. Also, evolutionary
algorithms such as the Genetic algorithms (GA) [10-13], the Particle Swarm Optimization
(PSO) algorithm [14-16], the Artificial Bee Colony (ABC) algorithm [17] and the JADE
algorithm [18] are useful to solve optimization problems in diverse fields. They have been
applied to find the optimal separation matrix in BSS techniques.

In this paper, the JADE algorithm [18] is used to solve the problem of blind source
separation.
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The rest of this paper is organized as follows: Section 2 describes the BSS model and
the JADE algorithm. In Section 3 we present the simulation results. The conclusion and
future work are given in the last section.

2. BSS Model

In a source separation situation, the observed data are composed of {X;}i =1, ..., m,
where { X;} is a row-vector. The linear instantaneous mixed model of BSS can be indicated as:

Xi(t) =) as;(t), 1)
=1

wherea;(i=1,...,m, j=1,..., n) are mixing parameters, s(t) = [sl(t),...,sn(t)]T are

source signals, i.e., the observed signals. Then the Equation (1) can be written as:
X(f) = As(t) 2)

where A is the mixing matrix A € R"™*", and s(t) € R™*" is the source vector. In this
paper, we suppose that the number of sources, n, is equal to the number of mixtures, m.
Our objective is to separate the signals from each other. The order of the estimated signals
is not necessary. There are many different algorithms to accomplish blind source separation.
The general concept to determine independent components is to compute the separating
matrix W;. The component signals are retrieved from the mixed signal by:

The basic model of blind source separation is given in Figure 1.
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Figure 1. The basic model of blind source separation.

2.1. Joint Approximate Diagonalization of Eigenmatrices

An important contribution in blind source separation is the JADE algorithm [18] which
optimizes a contrast function using a fourth-order cumulant. Our objective is to develop
the approach relating to JADE. The algorithm is in several stages.

2.1.1. Whitening of X

The objective of whitening is transforming the observed vector X linearly so that we
get a new vector X which is white, i.e., its components are uncorrelated, and their variances
are equal to unity. In other words, the covariance matrix of X is equal to the identity matrix:

E(XX)=1 (4)
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2.1.2. Cumulant Calculations

In the previous step, X has been transformed into a set of principal components
afflicted with equal variance, . The objective of the JADE algorithm is to find the rotation
of Py, therefore its column vectors are independent. In this algorithm, for every observed
signal, the cumulants of the signals are calculated, and are placed in a fourth-order tensor.
If the signals are independent, their fourth-order cumulant will be zero.

The fourth-order cumulant of a vector X can be defined as:

cumy{x,x,x,x} = E{x4}—E2{ xz} (5)

2.1.3. Decompose the Cumulants

In the JADE method, the fourth-order cumulant is first decomposed into a set of
”(”; D orthogonal eigenmatrices, n.n. This is done by forming a set of @ symmetrical
orthogonal matrices and projecting the cumulant tensors onto these planes. Every element
of the cumulant j is then projected onto each M; matrix:
fori=1to w, matrix = M;;

foriy=1ton,andfori, =1ton

M; (i, ip) = sum(sum(k(iy, iz, :,:) X matrix) (6)
where cumulant.

2.1.4. Joint Diagonalization of the Eigenmatrices

The diagonalization of eigenmatrices is established on the Jacobi algorithm in order to
minimize the sum of squares of the off-diagonal elements that correspond to the fourth-
order cumulants between the different signals. Orthogonal diagonal eigenmatrices M; are
then acquired.

In Figure 2 we show the graphical representation of the JADE algorithm. The rotation
matrix produces independent vectors by the diagonalization of the matrices derived from
the fourth-order cumulant. A projection of the matrix of whitened scores Uy, onto this
space will therefore produce the separating matrix, W.
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Figure 2. Graphical representation of the JADE algorithm [18].
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2.2. Algorithm

In this section, a blind source separation method using JADE is proposed.

Normalize the N images.

Mixed images are formed by linearly mixing with a random matrix.
Initialization, estimate a Whitening matrix w,z = w.X.

Estimate a maximal set M; of cumulants matrix.

AR

Find the rotation matrix V such that the simulants matrix are as diagonal as possible

V =argmin of f(VTM;V") 7)

6. Estimate A as, A = V.W~!, and estimate the componentsasy = A~!X.

3. Simulation

With the purpose of explaining the proposed technique, two images, “Lena” and
“Lynda”, N = 259 x 194, are mixed with

0.6 — 0.4
A= { —0.40.6 } ®)

The performance of separated images is evaluated by using peak signal to noise ratio
(PNSR) [19], which is defined as follows, and shown in Tables 1-4.

255 ]
Yo Yy s(m,n) —y(m,n)

Experience 1: Parrot.jpg and fruit.jpg.

PNSR= 10log[ )

Table 1. PNSR (dB) for the EASI algorithm.

estimated imagel EASI 6.4374
estimated image2 EASI 24.3083

Table 2. PNSR (dB) for JADE the algorithm.

estimated imagel JADE 17.3639
estimated imagel JADE 52.2668

Experience 2: barbara.jpg, lena.jpg.

Table 3. PNSR (dB) for the EASI algorithm.

estimated imagel EASI 18.5680
estimated image2 EASI 30.1416

Table 4. PNSR (dB) for the JADE algorithm.

estimated imagel JADE 31.0534
estimated image2 JADE 29.7526

4. Discussion

From the simulation results, we can deduce:

In Figures 3-6, we see that the images of the recovered images signal resemble the
original ones. Second, we demonstrate the efficacy of the proposed algorithm by using the
performance index PNSR.
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Figure 3. EASI method.
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Figure 4. JADE method.
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Figure 6. JADE method.

5. Conclusions

In this is paper, we have presented a powerful technique for natural mixtures accom-
panied by a blind separation of images. This technique utilizes the JADE algorithm that
has low computational complexity. To evaluate the performance of the implemented JADE
algorithm, a mixture of two images was used. In our future work, we will investigate
other methods, such as optimization algorithms, in order to improve their performance
accuracies.
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