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Abstract

In this paper, data dimensionality estimation methods are reviewed. The estimation of the dimensionality of a data set

is a classical problem of pattern recognition. There are some good reviews (Algorithms for Clustering Data, Prentice-Hall,

Englewood Cli�s, NJ, 1988) in literature but they do not include more recent developments based on fractal techniques and

neural autoassociators. The aim of this paper is to provide an up-to-date survey of the dimensionality estimation methods of

a data set, paying special attention to the fractal-based methods.
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1. Introduction

Pattern recognition problems deal with data represented

as vectors of dimension d [1]. The data is then embedded

in Rd, but this does not necessarily imply that its actual di-

mension is d. The dimensionality of a data set is the mini-

mum number of free variables needed to represent the data

without information loss. In more general terms, following

Fukunaga [2], a data set 
 ⊂ R
d is said to have intrinsic

dimensionality (ID) equal to M if its elements lie entirely

within an M -dimensional subspace of Rd (where M ¡d).

ID estimation is important for many reasons. The use

of more dimensions than strictly necessary leads to several

problems. The �rst one is the space needed to store the data.

As the amount of available information increases, the com-

pression for storage purposes becomes even more impor-

tant. The speed of algorithms using the data depends on the

dimension of the vectors, so a reduction of the dimension

can result in reduced computation time. Then it can be hard

to make reliable classi�ers when the dimensionality of in-

put data is high (curse of dimensionality [3]). According to

the statistical learning theory approach [4], the capacity and

the generalization capability of the classi�ers depend on ID.

Therefore, the use of vectors with smaller dimension often
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leads to improved classi�cation performance. Besides,

when using an autoassociative neural network [5] to per-

form a nonlinear feature extraction (e.g. nonlinear principal

component analysis (PCA)), the ID can suggest a reason-

able value for the number of hidden neurons. Finally, ID

estimation methods are used to �x the model order in a

time series, that is crucial in order to make reliable time

series predictions. This paper reviews the methods to esti-

mate ID paying special attention to the fractal-based tech-

niques, which are generally neglected in the surveys on ID

estimation.

Following the classi�cation proposed in Ref. [1], there

are two approaches for estimating ID. In the �rst one (local)

ID is estimated using the information contained in sample

neighborhoods, avoiding the projection of the data onto a

lower-dimensional space. In the second approach (global),

the data set is unfolded in the d-dimensional space. Unlike

local approaches that use only the information contained in

the neighborhood of each data sample, global approaches

make use of the whole data set.

The paper is organized as follows: in Section 2 local ap-

proaches are reviewed; Section 3 present global approaches

to estimate ID; Section 4 is devoted to describe speci�c

global approaches, i.e. fractal-based techniques; in Section

5 some applications are described; in Section 6 a few con-

clusions are drawn.
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