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Abstract - Instruments for microanalysis are now able to
provide several images of the same specimen area. In this
paper, two groups of methods are described for handling
these multivariate maps. One group concerns dimensionality
reduction, i.e., the projection of N-dimensional data sets onto
a M-dimensional parameter space (M<N). It is shown that,
in addition to linear mapping which can be performed by
Multivariate Statistical Analysis, nonlinear mapping can
also be performed (Multi-dimensional Scaling, Sammon’s
mapping, Self-Organizing mapping). The other group
concerns Automatic Correlation Partitioning  (ACP). With
these methods, pixels are grouped into several classes
according to the different signals recorded. This can be done
by classical clustering methods (K-means, fuzzy Cmeans) or
by new methods which do not make hypotheses concerning
the shape of clusters in the parameter space.

Key Words - Microanalysis, image segmentation,
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INTRODUCTION

In the next section, we review the tools commonly used
for analyzing two or three microanalyticalmaps:
scatterplots and interactive correlation partitioning. Then
we discuss dimensionality reduction which is a possibility
for dealing with more images than two or three. We show
that dimensionality reduction can be accomplished by
linear methods or by nonlinear methods. Since linear
dimensionality reduction is more well-known by
microscopists, we emphasize nonlinear dimensionality
reduction. Subsequently, we discuss the problem of going
from interactive correlation partitioning (ICP) to automatic
correlation partitioning (ACP). The aim is to perform an
automatic segmentation of the multivariate set, either with
or without preliminary dimensionality reduction. Several
methods are already available and well-documented in the
field of pattern recognition, but these methods (K-means
method, fuzzy C-means method) assume  that clusters of
patterns can be represented by hyper spheres or hyper
ellipsoids in the parameter space. Thus, we suggest a new
clustering method which does not make  such an
assumption. Conclusions and suggestions for future work
are given in the last section.

DIMENSIONALITY REDUCTION

When more than two or three maps of the same specimen
are recorded, it becomes difficult, even for the very
proficient human visual system, to interpret the content of

the whole data set. This is because the information related
to each pixel is in fact contained in an N-dimensional
space, where N is the number of maps. Each pixel can be
represented (in this space) by a vector whose coordinates
are the N gray values in the N different maps:
V(x,y) = { I1(x,y), I2(x,y), I3(x,y) .. IN (x, y) }

However, due to the correlations and anti-correlations
between the different maps, the true dimensionality (also
called the intrinsic dimensionality) of the data set is often
smaller than the number of recorded maps. This means
that the data set can often be represented in a space of
dimension  M lower than N, without loosing much useful
information. The process of representing an N-
dimensional data set in a space of lower dimension is often
called a “mapping” (Note that this mapping should not be
confused with the process of recording the “map” of a
given element inside a   specimen. The latter is an
experimental process while the former is a data processing
activity). Mapping can be performed by linear processes
or nonlinear processes.

LINEAR MAPPING PROCESSES

Linear processes involve defining a new space for
representing the data where the new coordinates of
individual objects (pixel vectors in our case) are computed
according to an axes rotation matrix. The new
representation space is chosen in such a way that the
whole data set can be represented with a smaller number
of components (M<N) than in the original representation
space. Belonging to this group are the methods pertaining
to Multivariate Statistical Analysis (MSA). These methods,
Principal Components Analysis (PCA), Karhunen-Loeve
Analysis KLA) and Correspondence Analysis (CA) are
based on the variance covariance matrix of the data set and
defined as new axes of representation the orthogonal
directions of the parameter space which represent a high
percentage of the total variance in the data set. (The first
eigenvector is the one which explains the largest variance;
The second one, which is orthogonal to the previous one,
explains most of the residual variance, and so on). The
coordinates of pixels on the new representation axes
(eigenvectors) can be used to create new images (called
eigen- images). Since the number of significant eigen-
images is generally smaller than the number of original
images (M<N), dimensionality reduction usually results.
Such techniques have been used for many years  in high
resolution electron microscopy of macromolecules, when
one has to find different classes of images and to explain
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the differences between subsets. The application to micro
analytical images has also begun. Thus, we will not
describe it further in this paper, but we would rather
concentrate on nonlinear mapping methods. Let us only
remark that when the N-dimensional data set can be
mapped onto a two-dimensional space (M=2) or a three-
dimensional data set(M=3) the scatter plot technique can
be used (with the two or three eigen-images)  in order to
estimate the joint probability distribution function
corresponding to these eigen-images, and then to analyze
the data set in terms of number of clusters. But when the N
Dimensional data set cannot be reduced so efficiently
(M>3), the  techniques described in the previous section
become difficult to apply and other techniques must be
used. In the following sections, we describe some
techniques related to nonlinear mapping.

NONLINEAR MAPPING PROCESSES

As early as the beginning of the 1960s, techniques were
developed by American psychologists in order to visualize
the proximities between “objects” (stimuli) described by N
features, i.e., represented in an N-dimensional space. Their
idea was to project these data onto a subspace of reduced
dimension (generally, M=2), with as little distortion as
possible. This requirement means that the separation
between objects must be maintained as well as possible.
This idea led to several algorithms, named Multi-
Dimensional  Scaling (MDS). To our knowledge, the only
application of these techniques in microscopy was
performed by Radermacher and Frank (1985). In the next
subsections, we describe how such techniques can be used
for solving the problem we have in mind, that is the
mapping of multivariate images onto a space of reduced
dimensionality, in order to visualize the content of the
whole data set and to deduce useful information. Other
methods for mapping are neural networks methods, the
Self-Organizing Map (SOM).

AUTOMATIC SEGMENTATION OF

MULTIVARIATE MICRO ANALYTICAL MAPS

In the previous section, we have considered the problem
of displaying N-dimensional data sets within a space of
reduced dimensionality (generally, M=2). The main
purpose was to help in the qualitative interpretation
(through visualization) of the data sets, in terms of
number of distinct clusters (corresponding to different
compositions of the specimen), of cluster overlapping, etc.
Another aim is to generalize the interactive correlation
partitioning (ICP) approach to a number of images greater
than two or three: if the (linear or nonlinear) mapping onto
a space of reduced dimension is successful, interactive
techniques can be used to isolate a cloud of points and to
go back to the original image space, in order to identify
pixels and regions which constitute this cloud. Then
quantification (e.g., surface, spatial distribution) becomes
an easy task. Another (more ambitious) task consists of

trying to avoid any interaction by the user with the data set
and to go towards a complete automation of the process of
identifying regions with a homogeneous composition, that
is the automatic   segmentation of multivariate images.
More   specifically, we investigated two methods: one
starting from concepts in the field of automatic
classification and the other one starting from the concept
of monovariate image processing (the region growing
approach). In this paper, we limit ourselves to the
classification approach, but we present several extensions
to our preliminary study. Automatic classification is a
general problem which has been studied for a long time,
but continues to be of interest. Thus, we will discuss
techniques well-documented in the field of pattern
recognition, as well as a new technique we have proposed
recently. Automatic classification (as any technique
relevant to pattern recognition) can be approached either
as a supervised method or as an unsupervised one. In the
former case, the user has to train the classifier with a set of
prototypes (objects which belong to previously known
classes) while in the latter case, the classification is made
on the basis of the data themselves, without reference to
any a priori knowledge. Although supervised
classification may have some meaning for micro analytical
studies, we limit ourselves to the discussion of
unsupervised classification techniques, also called
clustering techniques. The aim  is to group data (pixels)
into several clusters, on the basis of the different
measurements. This replaces interactive correlation
partitioning (ICP) with automatic correlation partitioning
(ACP). This can be done either in the original
(Ndimensional) parameter space or in the reduced
(Mdimensional) spaceafter linear or nonlinear
dimensionality reduction. We will begin with a discussion
of classical techniques, and of the associated problems.
We will then describe the new technique we have
suggested.

THE K-MEANS TECHNIQUE

The Kmeans technique performs an iteratively refined
partitioning of the data set into a predefined number of
classes (K). At each step of the iterative process, objects
are associated to the class whose center is the closest,
according to a chosen distance. Then the centers of the
different classes are updated, taking into account the
objects which now belong to these classes. The process is
iterated until convergence. This method is easy to
implement, but unfortunately,   it suffers from a certain
number of drawbacks: - it is very sensitive to the
initialization of the class centers. We have described a
method which works often as well (and faster) than the
repetition of the procedure with a   large number of
different random initializations, - when the number of
classes is unknown, the procedure must be repeated with a
varying number of classes, and the optimal solution must
be chosen. The question raised is thus: “what is an optimal
solution for the clustering problem?”
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The K-means technique is efficient in the case of hyper
spherical (when the Euclidean distance is used) or hyper
elliptical (when the Mahalanobis distance is used) clusters.
But it  is much less efficient when clusters of arbitrary
shape are present (this is due to the use of the distance to a
center). Moreover, these clusters must have approximately
the   same extension, especially when the Euclidean
distance is used. Obviously, these requirements are not
always satisfied. When the process of clustering is
performed, several graphical tools can be used to display
and analyze the results. First, since each object is labeled
(i.e., assigned to a class), a map of these labels can be built
and displayed, which indicates the spatial distribution of
classified objects (pixels). In addition, the experimental
values obtained (for the different signals) can be averaged
for all objects clustered in the same class, thus producing a
new multidimensional    image where the pixels are
described by the vectors.
V(x,y) = {I1(x,y), I2(x,y), I3(x,y) .... IN(x,y)}

with In(x,y) = 1/card (Ci).∑In (x,y), the summation being
performed over all pixelsbelonging to the class Ci. From
this averaging operation, new images (one for each
recorded signal) are constructed, which generally result in
an important signal-to-noise ratio improvement.

THE FUZZY C-MEANS (FCM) TECHNIQUE

When applying the K-means technique, we assume that
one object belongs to one class or another, depending on
the relative closeness of their class centers. Although this
assumption can be considered as being true (within the
limits indicated previously) at  the end of the iterative
process, it seems better to avoid using it at the very
beginning of the process, when class centers are still
imperfectly defined. One theory which does not assume
strict membership is fuzzy logic. Within this theory, an
object may be a member of several classes simultaneously,
with partial degrees of membership (the sum of these
degrees equals one). For instance, degrees of membership
of an object i to a class c may be defined as:
μic = [1/ d2

ic]
1/(m-1) /∑[1/ d 2

ic]
1/(m-1)

where C is the number of classes (we have kept this usual
notation here, but it must be recognized that C=K,
according to the notation of the previous section), dic is
the distance of object i to the center of class c and m is a
fuzzy parameter (m=2 is used commonly). The iterative
process used to perform fuzzy C-means clustering is very
similar to that of the K-means technique. For a set of class
centers, the membership degrees are computed for all the
objects to classify. Then the centers of the classes are
updated, according to:
xc =∑μic.xi /∑μic

and the process is repeated until convergence. Then the
defuzzification step takes place: objects are assigned to the
class for which the degree of membership is maximum.
The fuzzy C-means technique has been claimed to be
superior to the K-means technique in a number of ways,

including a better convergence and the avoidance of being
trapped in local minima. For the few examples for which
we have compared the two techniques so far, we found
that FCM was not greatly superior to KM. (FCM works
well when KM works well, but does not surpass it
significantly when KM fails, i.e., in situations indicated at
the end of the last section). However, one advantage of
FCM is that one can compute the degree of confidence of
the classification result for every pixel. One way to do it is
to compute the entropy of the degrees of membership:
H(x,y) = -∑μic.log(μic)
This quantity can be displayed as an image, visualizing

the degree of certainty with which the classification of the
pixels was performed. This can help determine the “true”
number of classes, because when the chosen number is
incorrect, many pixels are difficult to classify, and this can
be observed in the confidence map. Other criteria can also
be used to determine the number of classes. The FCM
technique is not supposed to solve the problem of non-
spherical and non-elliptical clusters mentioned previously.

AUTOMATIC CORRELATION PARTITIONING

In this section, we illustrate the methods described
previously with two examples, one with synthesized
images, the other with real images taken from X-ray
fluorescence microanalysis. There is of course no
restriction to this particular type of microanalysis.

SIMULATION EXAMPLE

We simulated four noisy images assumed to be
representative of a situation where we want to depict the
number of regions of the specimen with approximately
similar composition (on the basis of four recorded signals:
AB, C, D) and to deduce the relative area of each region.
This is a rather simple example (signals A and B are anti
correlated, so are signals C and D) and we can expect to
find four regions with homogeneous composition (noted
(1010); (0110), (1001) and (0101) for simplicity, where 1
stands for the presence of signal X and 0 stands for its
absence).

Figure 1. Results of segmentation using the K-means
clustering (KMC) technique. a-d) Results of segmentation
(pixels belonging to the different classes are represented
by different gray levels) for a number of classes K equal to
2,3,4  & 5, respectively. (e-h) Display of the local  (on a
pixel basis) correlation coefficient between the
experimental vector (four components) and the vector
obtained after classification and averaging, for the four
classification result displayed in Figure 1a-d. Pixels with a
small correlation coefficient are represented in dark. For
four classes (or more), only border pixels are badly
correlated with their classified counterpart. (i-l) The four
original images after averaging according to the
classification into four classes.
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Figure 2. Some indices of the quality of the partition plotted as a
function of the number of classes K. (Classification with the K-
means procedure). Minima of these criteria are obtained for K=4,
indicating that this is the number of classes present in the data set.

Figure 2. Curve of the number of modes of the probability
density function as a function of the standard deviation
(sd) of the Gaussian Parzen window. A plateau is observed
for sd ranging from 15 to 35 quantization  levels. Thus, a
value of sd = 25 was chosen for computing. scatterplot
obtained by combining the first two eigenimages.
We can observe three main clusters. One of them seems to
be composed of two smaller clusters

Real Example
Figures a-e display five micro X-ray fluorescence (-

XRF) maps of a specimen of granite. The maps are those
of K, Ca, Fe, and Sr. Their size is 39x40 pixels. The study
of a  similar specimen, including the combined use of
Principal Components Analysis (PCA) and K-means
clustering (KMC).

Figure 1. Application of a new method for clustering,
which does not make assumptions concerning the shape of
clusters.  (a) Representation of pixels by points in a two-
dimensional parameter space (this was obtained by
nonlinear mapping, see fig. 3i). (b) Estimation of the
probability density function with a Gaussian Parzen
window
(standard deviation = 25 quantization levels). (c) The
parameter   space is labeled according to the zones of
influence of the four modes of the pdf, according to the
watershed algorithm. (d) The image space is segmented
according to the labels of the parameter space.

.

CONCLUSION

In this paper, we have described techniques for analysis
of multi-dimensional maps which are being recorded more
and more frequently by microanalysts. Two types of
technique were investigated. The first one performs
dimensionality reduction. When more than two or three
images are recorded, it becomes difficult for the human
visual system to infer even qualitative information. There
is thus a need to project data onto a parameter space of
two or three dimensions. This is then comparable to the
scatterplots commonly used when two (or three) images
are recorded. We have described several techniques able to
perform this dimensionality reduction. Some of these
techniques, like Multivariate Statistical Analysis, are
linear. But we have put emphasis on nonlinear techniques,
which are more general.These techniques have to be
investigated more deeply, for different microanalytical
techniques, before a conclusion can be drawn concerning
their relative efficiency. The consequences of the
distortion introduced by the nonlinear dimensionality
reduction have also to be evaluated.The second group of
techniques we have investigated is related to the problem
of automatic segmentation of multivariate images. We
have described several methods for unsupervised
automatic classification.
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