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ABSTRACT

In this paper, a novel approach based on the fourth-
order cross-moment in linear blind source separation
(BSS) is considered. The algorithm is similar to the
FastICA algorithm. The BSS algorithm is applied in
spectral analysis to extract two component images from
a given spectral image. The separated images have
di�erent statistics, spectra and contrast. This is used
for color contrast enhancement when a color image is
reproduced from the reconstructed spectral image.

1. INTRODUCTION

In this study, a spectral image is considered to be a
color image, where color of each pixel is represented
by a n-dimensional reectance spectrum of an object.
The use of spectral images in digital archiving, commu-
nication and industrial applications is increasing. This
is due to the new developed techniques for imaging,
displaying and printing of these spectral images.

In this study, the linear BSS algorithm is used for
spectral image analysis and color enhancement. Color
appearance and color contrast enhancement are impor-
tant tasks in the printing and displaying industry.

In analysis, the independent spectral components
are separated from the original image and combined
into two new spectral images. The independent images
are used for image processing in the spectral domain to
make a resulting image with modi�ed spectra. Finally,
the resulting spectral image is converted into a color
image and that brings us to color contrast enhance-
ment. For this the color reproduction of the original
spectral image and the improved spectral image are
compared.

A generalized statistical spectral model, that copies
the behavior of the statistical characteristics of natural

texture images is, as follows [1]:

v(x) = �+DH(�(x);k) (1)

where v(x) is a spectral image characterized by a n-
dimensional vector random �eld
v(x) = (v1(x); v2(x); : : : ; vn(x))

T , vi(x) is the spectral
image component, � is a mean vector
� = (�1; �2; : : : ; �n)

T , D is a diagonal matrix D =
diag(�1; �2; : : : ; �n) where �i is a standard deviation
element for the ith component,H() is de�ned as a non-
linear (histogram) transform of �(x) and a kurtosis vec-
tor k, k = (k1; k2; : : : ; kn)

T , �(x) is a random �eld with
zero mean and unit standard deviation, x is a vector of
the spatial coordinates, and T denotes the transpose.
The result of the nonlinear transform is a n-dimensional
vector random �eld g(x) = H(�(x);k) with elements
characterized by zero mean and unit standard devia-
tion.

There are tasks where the color change is used in
image enhancement or image quality evaluation. The
model Eq. 1 gives possibility to change the color pa-
rameters through �, � and k. These parameters can
change a color regardless each other. In image enhance-
ment and color appearance tasks the color change is re-
stricted to be close to the original image. Hence, �, �
are not varied and only g(x) is analysed in this study.
This provides the positive spectral data after ICA. The
model Eq. 1 is extended for the composite images with
several texture regions. Because g(x) depends on kur-
tosis it is natural to use ICA here. We suppose that the
nonlinearitiesH() are not so strong and linear ICA can
be used to separate a mixture of two sources in g(x).

In general, ICA is used to �nd the basis functions in
spectral image analysis this is shown in [6]. However,
a di�erent approach is used here. Although, the ICA
is still done in the spectral domain it is used only for



adjacent component pairs one by one and through all
components. Thus, only two images are analysed and
because they are adjacent they are very similar to each
other. After decomposition two new images represent
independent components. Their position on the wave-
length axis is approximately known and one can form
two new spectral images that consist of independent
components. The decomposed images are very di�er-
ent if reproduced in color. Later on, the spectra of one
image are used for the spectral change in the original
image.

In fact, the task to extract two sources from two
mixtures can be solved using any known ICA algorithm
like JADE, FastICA or natural gradient [2]{[4]. How-
ever, because the considered task is simple in compari-
son with the task where multiple mixtures and sources
are used, the proposed BSS algorithm is used. The al-
gorithm is very close to FastICA and is based on the
fourth-order cross-moment instead of the kurtosis that
gives a slightly simpler solution.

Next, the BSS task is formulated. Assuming that
there is a two-dimensional vector z = (z1; z2)

T where
z is represented by two observed random variables z1
and z2. The centered and whitened z vector is x. The
goal of BSS is to �nd a linear mapping W such that
the unmixed signals y

y =Wx (2)

are statistically independent. W is a 2� 2 matrix. w1

and w2 denote the rows of the matrix W .

Next, the JADE and FastICA algorithms are shortly
discussed, since some of their features are close to the
presented ICA algorithm. JADE algorithm uses cu-
mulant tensor that is a four-dimensional array whose
entries are the fourth-order cross-cumulants of the data
[2]. The proposed algorithm uses only one fourth-order
cross-moment and is easier than JADE.

FastICA based on a �xed-point algorithm uses the
absolute value of kurtosis as a quantitative measure of
nongaussianity to separate signals [3]. The gradient of
the kurtosis with w1 is presented as follows:

w1 = E
�
(w1x)

3xT
�
� 3w1 (3)

where E is an expectation. In each iteration, the w1 is
divided by its norm to provide jjw1jj = 1.

In this study, the fourth-order cross-moment
E(y1;y1;y2;y2) is used and the moment gradient is as
follows:

w1 = E
�
(w1x)(w2x)

2xT
�

(4)

One can see that Eq. 4 is simpler than Eq. 3, since it
does not contain a 3w1 component.

The fast �xed-point algorithm for separating inde-
pendent components by nonstationarity using cross-
cumulants is proposed in [3] as follows:

cum
�
y(t)y(t)y(t� �)y(t� �)

�
(5)

where t is a time, and � is a lag constant. Since the
independent components are time signals, the gradient
signi�cantly di�ers from those given by Eq. 4.

Next, cross-moment based BSS, and its application
in spectral images are consequently considered.

2. MOMENT-BASED ICA

Although Eq. 4 is rather simple it leads to a problem in
the algorithm with deationary orthogonalization. So,
the algorithm converges either for mixtures of subgaus-
sian independent components or for mixtures of sub-
gaussian and supergaussian independent components.
In the case of mixtures of supergaussian components
the algorithm converges to the point that is not an
optimum for the cross-moment. The attempt to rear-
range the equation, e.g. to use the cross-cumulant by
subtracting either w1 or even 3w1, improves conver-
gence for supergaussian signals though sometimes the
algorithm does not converge and, in addition, the sub-
gaussian signal separation is destroyed.

Using computation reorganization one can propose
to de�ne w1 and w2 simultaneously. They are esti-
mated in parallel in the algorithm with symmetric or-
thogonalization as follows:

w1 = E
�
(w1x)(w2x)

2xT
�

w2 = E
�
(w1x)

2(w2x)x
T
�

(6)

The algorithm has the same convergence in com-
parison with the FastICA. In general, the algorithm is
close to FastICA. There is also some di�erences:

� The values of the cross-moment and cumulant for
projection at di�erent angles are similar and close
to a sinusoid in the range from 0 to � for sub-
gaussian signals. For supergaussian signals the
projection character is the same for the moment
but for the kurtosis the projection character is
changed. Sometimes it is similar to sinusoid but
frequently it is the unimodal curve. Thus, cross-
moment behavior is much more stable. As a re-
sult, every time the di�erence between the mini-
mum and maximum of the moment values is �=4.

� The moment values are positive. The algorithm
converges either to the minimum or to the max-
imum of the fourth order cross-moment. Anal-
ysis shows that either the moment maximum or



the moment minimum corresponds to the abso-
lute maximum value of kurtosis. It was shown
that the absolute value of kurtosis is maximized
in the direction of the independent components
[3]. Thus, there is an ambiguity in the algorithm
that leads to the lack of separation. To solve the
problem and to de�ne whether an additional �=4
angle rotation is needed the maximum absolute
kurtosis value is used after the algorithm conver-
gence.

The moment-based ICA algorithm for estimating two
independent components is presented in Algorithm 1.

Algorithm 1. Moment-based ICA.

1. Center the data to make its mean zero.

2. Whiten the data to give x.

3. Choose initial values for wi, i = 1; 2, each
of unit norm. Orthogonalize the matrixW .

4. Compute

w1 = E
�
(w1x)(w2x)

2xT
�

w2 = E
�
(w1x)

2(w2x)x
T
�

5. Do a symmetric orthogonalization of the
matrix W by

W  (WW T )�1=2W

6. If it does not converge go back to step 4.
The convergence is de�ned whenW is close
to the identity matrix.

7. Rotate both components by the �=4 angle.

8. De�ne the kurtosis values for the �rst signal
pair and for the rotated signal pair.

9. Select the pair with the absolute maximum
for the kurtosis.

The symmetric orthogonalization is made through
the eigenvalue decomposition ofWW T and the expec-
tations are estimated as sample averages [3].

3. SPECTRAL COMPONENT ANALYSIS

In this section, independent component analysis in the
spectral domain is presented. The analysis results are

used for the modi�cation of the spectra and color con-
trast enhancement when the color image is reproduced
from the modi�ed spectral image. The color enhance-
ment task is usually solved in the color space, however
three component images are not able to provide com-
plete color representation in comparison with spectral
images. Thus, to a�ect the color appearance it is more
natural to use the spectral image parameters.

To extract the independent components ICA is used
in the spectral domain only for adjacent component
pairs one by one and through all components. In the
original image two adjacent components are very sim-
ilar to each other. After decomposition, two indepen-
dent components become very di�erent. Their position
on the wavelength axis is approximately known and
they are collected into two sets of the components. All
components with high kurtosis values are placed in the
�rst set and components with low kurtosis values are
composed in the second set.

By this time, both sets represent spectral images.
As a result of ICA decomposition, some of the com-
ponents can have a negative contrast. To provide a
positive contrast the regions with dark areas close to
the black color are analysed. The relationship between
pixel values in the dark regions to the other regions is
then used for correction to get a positive contrast.

Color reproduction of the spectral images presented
in Fig. 2a,b,e{h shows that the di�erence between de-
composed images is that one image has saturated colors
and low intensity contrast. This image has high kur-
tosis values. Another image is reproduced with high
intensity contrast and the color di�erence is reduced in
the image. The image is characterized by low kurtosis
values.

The properties of decomposed images are used to
compute a new spectral image with modi�ed spectra.

This can be done in the following procedure applied
to the image with high contrast. Each of the pixel
spectra is analysed and its minimum value is �xed to
zero. The pixel values are multiplied by a coeÆcient
0 < k < 1 and subtracted from the pixel values of
the original image. The residual image has modi�ed
spectra because the subtraction reduces the at spec-
trum component and the variable spectrum component
is relatively increased. Thus, spectra are less equalized
and this leads to color enhancement after color repro-
duction.

Thus, z is an original spectral image and its vector-
valued form is as follows: z = (z1; z2; : : : ; zn)

T where
zi is a component image. ICA is used for adjacent pairs
as follows:

z1; z2; z2; z3; : : : ; zn�1; zn



After decomposition a new set of pairs is as follows:

y1; y2; y2; y3; : : : ; yn�1; yn

where the components with the same index in di�erent
pairs are di�erent.

Then, the components from each pair are composed
into two sets according to their kurtosis value, e.g. y1 =
(y1; y3; y3; : : : ; yn�1)

T and y2 = (y2; y2; y4; : : : ; yn)
T .

After reconstruction of the mean and standard devi-
ation values in the y1 and y2 and index ordering, two
spectral images are as follows:

u = (u1; u2; : : : ; un�1)
T

v = (v1; v2; : : : ; vn�1)
T

The total number of components is one less than in the
original image. For the spectral images that consist
of several dozen components the contribution of one is
negligibly small.

Finally, the spectral image with modi�ed spectra is
presented as follows:

f = z � k(v � vmin) (7)

where vmin is an image where each pixel represents a
minimum value of the pixel spectrum, and the compo-
nents of v have low kurtosis values.

The image analysis and color contrast enhancement
algorithm is presented in Algorithm 2.

4. EXPERIMENT

First, the moment-based ICA was tested with 20 pairs
of di�erent signals with subgaussian and supergaussian
distributions according to Algorithm 1.

Then, the spectral images inlab1 and inlab5 from
the image database [5] were used in the experiment.
The image size was 256� 256 with 31 spectral compo-
nents in the visible range of wavelengths.

In the experiment, the component data were cen-
tered and whitened and information about means and
variances was kept. After the ICA decomposition, the
means and variances were reconstructed for the inde-
pendent components. This provided the positive spec-
tral components in the image. Image analysis and im-
age enhancement were made according to Algorithm
2.

Moment-based ICA, FastICA and JADE algorithms
were used in testing. The maximum di�erence between
decomposed images was obtained with moment-based
ICA and JADE for the inlab1 image. After conver-
sion to gray-level images, the kurtosis values for the
�rst and second independent components (IC) were:
5:63, 0:29 (JADE); 5:57, 0:36 (moment-based ICA);

Algorithm 2. Image analysis and spectral color
contrast enhancement.

1. Use ICA to get

y1; y2; y2; y3; : : : ; yn�1; yn

2. Select the y1 and y2 elements from each
pair. The y1 elements have high kurtosis
values and the y2 elements have low kurto-
sis values.

3. Compute u and v.

4. Analyse the pixels with values close to the
black color and set a positive contrast for
all components in the u and v image.

5. Compute

f = z � k(v � vmin); 0 < k < 1

6. Reproduce the color image from the image
f .

and 4:37, 0:32 (FastICA). The decomposition based on
FastICA (FICA) for the inlab5 is shown in Fig. 1 and
Fig. 2a,b.

The moment-based (MICA) and JADE ICA results
for the inlab1 are presented in Fig. 2e{h. In Fig. 2c,d
the color reproduction is shown for the original im-
age and for the image with color contrast enhancement
(Eq. 7, k = 0:2, moment-based ICA), respectively.

The �rst IC image has strong color reproduction
and high kurtosis value but low contrast. The second
IC image has high contrast, low kurtosis value and re-
duced color di�erence between color objects.

5. DISCUSSION

In the paper, moment-based ICA, spectral image anal-
ysis and spectral color enhancement were considered.

Moment-based ICA showed good results in separa-
tion of independent components. This algorithm be-
longs to the FastICA group.

In spectral image analysis, ICA was used for com-
ponent pairs. This gave the possibility to extract two
images with di�erent properties in color and contrast.
The di�erence was used in color contrast enhancement.
Probably, the approach can be used in the other appli-



cations like highlight removal and feature extraction.
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Image inlab5

Figure 1: Color reproduction of spectral image.

(a) First IC (FICA) (b) Second IC (FICA)

(c) Image inlab1 (d) Enhanced image

(e) First IC (MICA) (f) Second IC (MICA)

(g) First IC (JADE) (h) Second IC (JADE)

Figure 2: Color reproduction of spectral images.
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