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Abstract
A complementary approach is proposed for analysing series of electron energy-loss spectra that can be recorded with
the spectrum-line technique, across an interface for instance. This approach, called blind source separation (BSS) or
independent component analysis (ICA), complements two existing methods: the spatial difference approach and
multivariate statistical analysis. The principle of the technique is presented and illustrations are given through one
simulated example and one real example.
r 2004 Elsevier B.V. All rights reserved.
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1. Introduction
Improvements in electron energy loss spectroscopy (EELS) techniques have made possible the
development of many experimental studies in the
ﬁeld of core-loss spectroscopy, including the study
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and use of near-edge structures. Among these
techniques, the spectrum-image technique (or its
spectrum-line variant) plays an important role for
performing spatially resolved EELS.
Besides experimental advances, such as the
increase of spatial and spectral resolutions, data
analysis techniques also play their role in the
improvement of the technique. The spatial-difference technique can be cited as one of the data
analysis techniques that helped to get useful
information from series of spectra recorded across
interfaces [1,2]. Another set of methods, dedicated
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to larger sets of spectra, comes from multivariate
statistical analysis (MSA). [3–5]. The last developments in this category concern the oblique analysis
method [6]. These two groups of methods proved
already useful but they are also prone to several
drawbacks that suggest that more sophisticated
methods for analysing series of spectra would be
welcome.
In the work described in this paper, we explore a
new approach called blind source separation
(BSS), or independent component analysis (ICA).
This technique has been used to solve many
problems in data analysis, signal and image
processing. We expect that it could be useful in
electron energy-loss spectroscopy, especially when
mixtures are involved.
The rest of the paper is organized as follows. In
the next section, we brieﬂy summarize the two
groups of methods already in use for analysing
series of spectra: the spatial difference method and
MSA, including oblique analysis. In the following
section, we present the general principles of ICA/
BSS. Then, we illustrate the application of one of
its variants in the ﬁeld of EELS. Finally, we draw
some conclusions and offer some directions for
future work.

2. Summary of data analysis methods in use
Here, we concentrate on data analysis methods
aiming at discovering unknown spectra within
series of recorded spectra. This problem arises for
specimens where the EEL spectrum is dominated
by the matrix component and an unknown
component is present locally at low concentration.
The problem may also be to quantify the variation
of composition of (known and unknown) components across an interface. Two groups of methods
are already in use for trying to cope with these
problems.
2.1. The spatial difference approach
This approach deals with two spectra, one of
them being recorded in the matrix region and the
other being recorded where a variation of the

chemical composition is expected. Two variants of
the method can be used:





the difference between the two spectra is
computed, after some sort of normalization
has been performed on one of the spectra [1].
The resultant difference provides information
on the difference between the new spectrum and
the reference spectrum.
the spectrum in the region of unknown composition is modelled as a linear combination of the
matrix spectrum and the new (unknown)
spectrum [2]:
SI ¼ aS M þ ð1  aÞS U ;

(1)

where SI stands for the recorded spectrum, SM for
the matrix spectrum and SU for the unknown
spectrum.
The difﬁculty is to estimate the coefﬁcient a.
This is often done through a trial-and-error
approach.
The drawbacks of the spatial difference approach have been identiﬁed for a long time: with
the ﬁrst variant, care must be taken to avoid
confusing the new spectrum with artefacts due to
any energy drift, for instance [7]. With the second
variant, the approach remains subjective with
respect to the scaling factor, even if general
guidelines have been devised for choosing it
properly [2,8,9].
A variant of the spatial difference method,
called the normalized spatial difference method
(NSD) was also suggested by Imhoff et al. [10].
2.2. Multivariate statistical analysis
With the development of the spectrum-line
approach [11], or even more with the spectrumimage approach, it becomes worth processing a
series of spectra at once rather than pairs of
spectra. Multivariate techniques are able to do so
and to extract the different sources of information
contained in such complete series [3–5]. More
speciﬁcally, a series of spectra can be decomposed
into an average spectrum S̄ and a set of orthogonal
components Ck common to all the spectra of the
series. Any spectrum of the series (Si) can thus be
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represented as a linear combination of the
components:
S i ¼ S̄ þ

K
X

(2)

k¼1

where d is the Kronecker symbol, Ck are the
components (called eigen-spectra) and jik is the
weight of component k in spectrum i.
This decomposition (through Principal Components Analysis, Correspondence Analysis, Karhunen–Loeve Analysis, etc.) may be useful for the
qualitative interpretation of the data set (number
of real components, besides noise, for instance) or
for performing a multivariate improvement of the
signal-to-noise ratio. However, it does not help
very much in the discovery of a new chemical
component, through its (unknown) spectrum. The
main reason for that is that the decomposition
performed by MSA is made into orthogonal
components, also called abstract components.
Thus, the principal components cannot be identiﬁed with the real components, i.e. the spectra of
the different elements that enter into the composition of the studied area [5]. One way to go farther
is to perform oblique analysis after the orthogonal
analysis. This means rotating the axes of representation in such a way that they possess a more
physical meaning [6]. Although several automatic
approaches have been suggested (in other ﬁelds of
application) for performing the rotation of the
axes automatically, the only way we found to
perform it with EEL spectra is again through
a trial-and-error procedure.1 This is not completely satisfactory and justiﬁes trying other
approaches, such as the one we are investigating
in this paper.

3. Blind source separation/independent component
analysis
The general problem these methods attempt to
solve is that of mixtures of signals, the signals
originating from n sources being mixed and
1

recorded by p sensors
xk ¼

jik Ck with Ck Ck0 ¼ dkk0 ;

EEL spectra are more difﬁcult to manage than many other
types of spectra because they are not mainly composed of wellseparated peaks, even after background subtraction.
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n
X

aik si ;

k ¼ 1 . . . p:

(3)

i¼1

Provided the sources can be considered as
statistically independent,2 solutions can be found
to recover them, hence the name blind source
separation (BSS). These solutions trace back to the
work of Jutten and Herault [12]. They often
consist of ﬁnding an inverse ﬁlter that provides
outputs as much independent as possible, hence
the name independent component analysis (ICA).
The different solutions that have been proposed
can be summarized as:




the neuromimetic approach [12]
several solutions based on the concepts of
cumulants and kurtosis

ICA is assumed to be superior to PCA and
related methods for non-Gaussian variables. Thus,
maximization of the non-Gaussianity may be a
strategy for ﬁnding independent components. One
possible and popular criterion of non-Gaussianity
is the kurtosis:
 
  2
kurtðyÞ ¼ E y4  3 E y2 ;
(4)
where Efxg stands for the expected value of the
random variable x; or, better, its absolute value.3
Another indicator of non-Gaussianity is the
negentropy
JðyÞ ¼ HðyGauss Þ  HðyÞ;

(5)

where yGauss is the Gaussian random variable with
the same covariance as y and HðyÞ is the
differential entropy:
Z
HðyÞ ¼  f ðyÞ logðf ðyÞÞdy;
(6)
f(y) being the probability density function of y.
2

While PCA and similar techniques, based on second order
statistics, only produce uncorrelated components, ICA is based
on higher order statistics and discovers independent components. Independence implies uncorrelatedness but the converse
is not true.
3
Sub-Gaussian random variables possess a negative kurtosis
while super-Gaussian variables possess a positive kurtosis.
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It has been shown that the negentropy can be
approximated by:

 

 2
JðyÞ / E GðyÞ  E GðyGauss ;
(7)
for practically any non-quadratic function G.4
In JADE [13], the statistical independence of the
sources is obtained through the joint maximization
of the fourth-order cumulants.
In fast-ICA [14], non-Gaussianity is measured
by a ﬁxed-point algorithm using an approximation
of negentropy through a neural network.





Infomax [15]: a self-organizing learning algorithm maximizes the information transferred in
a network of non-linear units. It constitutes a
higher-order generalization of Principal Components Analysis.
The solution based on the minimum mutual
information [16].

The mutual information is a natural measure of
the dependence between several variables. It is
equivalent to the Kullback–Leibler divergence.
Thus, ICA estimation by minimization of mutual
information is equivalent to maximizing the sum
of the non-Gaussianity of the estimates, as does
the maximization of the negentropy.




The solution based on Renyi’s mutual information [17].
SOBI (Second Order Blind Identiﬁcation) [18]:
the method looks for a unitary matrix which
diagonalizes jointly several covariance crossmatrices, thus minimizing the off-diagonal terms.
The unitary matrix is parameterised with a
complex Given rotation and the criterion is
minimized by successive rotations. The algorithm
is described with more details in the Appendix.

Our purpose was not to search for the optimal
solution in the case of EEL spectroscopy, but to
demonstrate that this group of techniques could be
a useful alternative to techniques in use at the
present time. So, we concentrated on one of the
BSS/ICA techniques available: the SOBI algorithm, with which good results were obtained in
4

Note that, for G(y) ¼ y4, the kurtosis criterion is obtained.

real space [19,21] and in reciprocal space [20]. In
the next section, this algorithm is illustrated in
several typical situations.

4. Illustrations of the proposed approach
4.1. A simple demonstration
First we start with the demonstration that a
mixture of unknown EEL spectra can be separated
and the pure spectra recovered from the mixture.
Fig. 1a displays two spectra, described below.
Fig. 1b shows the results of mixing the two
spectra according to the mixture matrix
0:8

0:2

0:4

0:6

:

Fig. 1c shows the result of the blind separation
of the spectra, using the SOBI algorithm. The
recovered mixture matrix was:
0:78
0:45

0:22
:
0:55

It can be observed that one spectrum displays
negative amplitudes. The result can be improved
by applying a positivity constraint. The improved
result is displayed in Fig. 1d. The recovered
mixture matrix is then:
0:76
0:42

0:24
:
0:58

It should be stressed that the result could not be
obtained from the raw spectra, but only from the
differentiated spectra. The reason for this is that,
as stated above, EEL spectra are not composed of
separated peaks. As a consequence, raw EEL
spectra do not fulﬁl the conditions for blind
separation. They are not even uncorrelated. On
the other hand, differentiated spectra fulﬁl these
conditions.5 Blind separation was thus performed
with the differentiated spectra and the resultant
5
Although sophisticated methods have been developed
by one of us [23–25] for performing the robust derivation of EEL
spectra, we only used classical band-pass digital ﬁlters here. The
impulse response of these ﬁlters was selected as h ¼ (1 0 0 0 0 0 1).
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Fig. 1. Illustration of the separation of two-component mixtures: (a) two electron energy-loss spectra, (b) two mixtures of the spectra
in (a), (c) recovery of the two spectra, without applying constraints, (d) recovery of the two spectra, with application of a positivity
constraint, (e) differentiated original spectra, (f) differentiated mixture spectra.

spectra were then integrated. This is not a problem
for subsequent quantiﬁcation since derivation is a
linear process. Differentiated original spectra are
displayed in Fig. 1e and the derivatives of the twocomponent mixture are displayed in Fig. 1f.

far from the interface are known and a third
unknown component is suspected close to the
interface.6 The aim of the study is to infer the
shape of the unknown spectrum and to deduce the
variation of composition across the interface, i.e.,
the weights of the different spectra in the mixture.

4.2. A three-component mixture
Here we consider the problem raised in [22]
of a Si–SiO2 interface where the two spectra

6
Multivariate Statistical Analysis indicated that three components contributed to the mixtures (see Ref. [6]).
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Fig. 2. Illustration of recovering an unknown spectrum from three mixtures with two known spectra: (a) the three spectra: two known
and one unknown (two Gaussian bumps), (b) three mixtures of the three spectra, (c) recovery of the three spectra, without constraints,
(d) recovery of the three spectra, with the positivity constraint.

As in [6], we start with a simulation of the
problem, inserting a hypothetical spectrum as the
third component, in order to check to what extent
we are able to cope with the problem. The
simulated data set is exactly the same as in Ref.
[22], so we do not reproduce it here.
Dealing with a three-component mixture and a
number of spectra across the interface greater than
3, we have two possibilities. We can process
several triplets of spectra, including two pure
spectra and one composite spectrum. This will
give us several estimations of the unknown
component. Alternatively, we can process all the
spectra at once. This will give us one global
estimation of the unknown spectrum.
Fig. 2 displays the results obtained through the
ﬁrst approach, with two known spectra (the
same as in Fig. 1a) and one unknown
spectrum, composed of two Gaussian bumps.
The mixture matrix used to produce the

simulation was
0
1
1:0
0:0 0:0
B
C
@ 0:57 0:43 0:0 A:
0:0
0:0 1:0
The mixture matrix found was
1
0:90 0:0 0:10
B
C
@ 0:58 0:34 0:08 A:
0:0 0:04 0:96
0

Fig. 2c shows the result obtained without
imposing any constraint on the solution. Fig. 2d
displays the result obtained when a positivity
constraint is imposed on the spectra. The weights
of spectra in the mixture are then estimated to be:
0
1
0:93 0:0 0:07
B
C
@ 0:63 0:31 0:06 A:
0
0:04 0:96
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Another improvement consists in considering
that the two extreme spectra, sufﬁciently far from
the interface, are known. The solution obtained
with this additional constraint is:
0
1
1
0
0
B
C
@ 0:58 0:41 0:01 A:
0
0
1
This result is very close to the simulation.
Fig. 3 displays the results obtained through the
second approach, where 21 spectra (mixtures) are
used to recover the unknown spectrum. The 21
mixtures of spectra, representing what could be
recorded as a spectrum-line across an interface, are
displayed in Fig. 3a. The three spectra recovered
without the positivity constraint are shown in Fig.
3b. The spectra recovered when using the positivity constraint are shown in Fig. 3c. Fig. 3d shows
the mixture matrix (i.e., the weights of the three
spectra in the mixtures) across the interface. These
values are close to the values introduced during the
simulation of the mixtures. The results can still be
improved if one can be conﬁdent on the fact that
spectra far from the interface are pure spectra. The
results obtained when imposing this constraint are
displayed in Fig. 3e (three components) and 3f
(weights of the components). In this case, the
results correspond perfectly to the simulation. We
can conclude that this approach, with a higher
number of mixture spectra than the number of
components in the mixtures, provides better results
than the previous approach, with only as many
mixture spectra as components.
In order to see whether the technique can handle
more difﬁcult situations, with an unknown spectrum with much lower amplitude, we repeated the
previous experiment with the same spectra but
with a weaker unknown component at the interface (weight: 11% at maximum). The results are
displayed in Fig. 4: Fig. 4a displays the simulated
mixture spectra, Fig. 4b the three spectrum
components estimated by the SOBI algorithm,
Fig. 4c the spectrum components obtained
after applying the positivity constraint and the
‘‘two-known-spectra’’ constraint. Fig. 4d displays
the weights of the three components estimated in
the latter case, compared to the weights used for

333

the simulation. Again, the results obtained with
this simulated case are very satisfactory.
Finally, we try to process an experimental set of
spectra, described in [22]. Fig. 5a displays a series
of 13 electron energy-loss spectra recorded across
a Si–SiO2 interface, for an energy loss between 99
and 124 eV (see Fig. 1 in [6]). Fig. 5b is the result of
ﬁnding the three expected components when using
the SOBI algorithm.7 Fig. 5c shows the spectra
estimated when applying the positivity constraint.
One can see that the third component is very
similar to the Si edge in SiO2. Fig. 5d displays the
weights of these three components across the
interface. One can see that the amplitude of this
additional component is very weak, which seems
to contradict the results obtained through oblique
analysis (see Ref. [6]). The origins of this
divergence have still to be elucidated. However,
the results shown in Fig. 5d conﬁrm that the
interface is not abrupt and that both constituents
(Si and SiO2) diffuse into each other. We also tried
to apply the ‘‘two-known spectra’’ constraint. The
results are provided in Fig. 5e (estimated spectra)
and Fig. 5f (estimated weights). As can be seen on
Fig. 5e, the estimated unknown spectrum is still
close to the Si spectrum in SiO2. With this
additional constraint, the results come close to
those obtained through oblique analysis.

5. Conclusion and future work
Throughout this work, we investigated a new
method for analysing series of spectra, to complement two existing methods: the spatial difference
method and multivariate statistical analysis. This
new approach, independent component analysis
(also called blind source separation), aims at
discovering unknown sources from series of (at
least two) mixtures of these sources. The method is
known to be very efﬁcient, provided the unknown
sources are really independent. Clearly, original
EEL spectra do not fulﬁll the condition of
7
It was shown previously in the framework of orthogonal
multivariate statistical analysis, through several indicators, that
this data set cannot be described as a linear combination of two
components only. Thus, three components are expected.
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Fig. 3. Illustration of the recovery of one unknown spectrum from a series of mixtures involving three spectra: (a) 21 mixtures,
representing a series of spectra across an interface, (b) three recovered spectra, without the application of constraints, (c) three
recovered spectra, with the application of the positivity constraint, (d) mixture matrix, i.e., variation of the weight of the three spectra
across the interface (the horizontal scale displays the spectrum numbers). The dotted line corresponds to the simulated weights and the
plain line corresponds to the estimated weights, (e) three recovered spectra, when spectra far from the interface can be considered as
pure spectra, (f) the corresponding mixture matrix. Simulated (dotted lines) and estimated (plain lines) values are confused.

independence, since they do not even fulﬁll the
condition of orthogonality. Thus, original (experimental) spectra have to be processed before
Independent Component Analysis can be applied.

Linear processing is to be preferred, so that
quantiﬁcation can still be performed on the
results of the unmixing procedure. Among
linear processes, differentiation is one possibility
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Fig. 4. Illustration of the recovery of one unknown spectrum from a series of mixtures involving three spectra (The unknown spectrum
has smaller contributions than in Fig. 3): (a) 21 mixtures, representing a series of spectra across an interface, (b) three recovered
spectra, without the application of constraints, (c) three recovered spectra, with the application of the positivity constraint and of the
‘‘two-known-spectra’’ constraint, (d) mixture matrix, i.e., variation of the weight of the three spectra across the interface (the
horizontal scale displays the spectrum numbers). Dotted lines: simulated values; plain lines: estimated values.

that we have explored. Empirically, we found
that ﬁrst derivatives produce better results than
second derivatives. More theoretical arguments
on this topic will be the subject of a further
publication.
Thus, we could demonstrate that ICA-BSS can
be a good alternative to the spatial difference
method and to MSA. We do not claim that
this method will systematically outperform previously existing methods but we claim that it
may be a useful complementary tool to
explore the content of spectrum-lines or spectrumimages.
Compared to the spatial difference approach,
the advantages of ICA-BSS are:



more than two mixture spectra can be handled
simultaneously,



no subjective decision has to be taken by the
user.

Compared to the MSA approach and its ‘‘oblique’’ extension, the advantages of ICA-BSS are:



no ‘‘trials and errors’’ approach has to take
place.

The work described here is only an introduction
to this new method. More work remains to be
done before the technique can be made really
efﬁcient:



the different variants of ICA-BSS must be
tried in order to check whether one of them is
more appropriate for EEL spectra than the
others,
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Fig. 5. Illustration of the blind source separation on a real example: (a) thirteen electron energy-loss spectra recorded across a Si–SiO2
interface (Courtesy of N. Brun, C. Colliex, Laboratoire de Physique des Solides, Orsay), (b) recovered three components by the SOBI
algorithm, (c) three spectra recovered with the additional positivity constraint, (d) corresponding weights of the different components
across the interface, (e) three spectra recovered with the positivity constaint and the ‘‘two-known spectra’’ constraint, (f) corresponding
weights of the different components across the interface.





different variants of spectrum derivatives (ﬁrst
derivative, second derivative, more or less
smoothing) have also to be checked,
the precision and conﬁdence level of the method
have to be estimated,
the sensitivity of the method to noise has also to
be studied.
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Appendix
SOBI algorithm
This algorithm was originally proposed by the
authors of reference [18] as follows:
1. Estimate the covariance R(0) from T data
samples. Calculate the highest eigenvalues
l1,l2,y,ln and the corresponding eigenvectors
h1,h2,y,hn of R(0).
2. Under the white noise assumption, an estimate
s2 of the noise variance is the average of the
m–n smallest eigenvalues of R(0). The whitened
signals, z(t) ¼ [z1(t),z2(t),y,zn(t)]T, are computed as (lis2)1/2 hi*x(t) for 1pion and the
whitening
matrix
is
W ¼ [(lis2)1/2
2 1/2
H
h1,y,(lns )
hn] , where H stands for
Hermitian.
3. Form sample estimates R(t) by computing the
sample covariance matrices of z(t) for a ﬁxed set
of time lags t e {tj | j ¼ 1,y,K}.
4. A unitary matrix Û is then obtained as joint
diagonalizer of the set {R(tj) | j ¼ 1,y,K}.
5. The source signals are estimated as
ŝ(t) ¼ ÛH.W.x(t) and/or the mixing matrix A
is estimated as A ¼ W].Û, where the symbol ] is
used for conjugate symmetrical.
Note that a unitary matrix is said to be a joint
diagonalizer of the set M if it minimizes the
criterion C described below, over the set of all
unitary matrices. The joint diagonalizer is useful to
reduce the probability of an unfortunate choice of
time lag t and to increase the statistical efﬁciency
of the procedure by inferring the value of U from a
larger set of statistics.
Consider a set M ¼ {M1, y, Mk} of K matrices of
size n n. The ‘joint diagonality’ criterion is deﬁned,
for any n n matrix V, as the following non-negative
P
function of V: CðM; V Þ ¼
off ðV H M k V Þ;
k¼1;K

where in numerical analysis the ‘off’ of an n

n
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matrix M with entries Mij is deﬁned as off ðMÞ ¼
P  2
M ij : It means that the unitary diagonaliza1 iaj n

tion of a matrix M is equivalent to zeroing off
ðV H M k V Þ by some unitary matrix V.
A numerically efﬁcient algorithm for performing
an exact diagonalization is a generalization of the
Jacobi technique of a single hermitian matrix. This
technique consists in computing the unitary
diagonalizer as a product of Givens rotations.
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