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A new simple fractal method
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We proposed a very simple new method of quantitative assessment of surface roughness and texture.
We have combined methods that have been used in medicine (histopathology) with methods used in
nonlinear time series analysis. A greyscale 2-D image of a 3-D surface is used for calculations of the
surface fractal dimension which is a good measure of surface roughness. In the pre-processing step, the
image is transformed into 1-D signals (“landscapes”) that are subsequently analyzed. The method draws
from multiple disciplines and has multidisciplinary applications. One of the possible applications is qual-
ity assessment of nanosensors. The same methods of analysis may be used for processing of (bio)signals
generated by these nanosensors.
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1. Introduction

Calculating materials properties from structural models has been one of the most
important problems in materials science [1]. There is still a need for relatively simple
methods to assess properties of materials, especially surface properties, based on the
analysis of experimental data such as microscopic images. Fractal and symbolic
methods of image and signal analysis can be very useful for these purposes. The prob-
lem is that there exist very different definitions of fractal dimension and very different
methods are implemented for their calculations [2]. As scientists become more spe-
cialized in narrow disciplines, frequently the methods which need to be applied in
their research may have been used in other disciplines for a long time. When we learn
this we are often amazed, like Molier’s Mr. Jourdain (Le Bourgeois Gentilhomme
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ILiv), who says: “Good heaven! For more than forty years I have been speaking prose
without knowing it”. What is needed is a very multidisciplinary approach to the prob-
lems and these methods both, draw from multiple disciplines and have multidiscipli-
nary applications.

These methods may be used for assessing structural properties of materials as well
as for quality assessment of nanosensors as their quality depends on surface rough-
ness and texture. Nanotechnologies provide new sensors that enable easy acquisition
of biosignals for monitoring of drivers, pilots, etc. and for clinical applications. But
before any signal generated by a nanosensor can be used for monitoring or clinical
assessment, the signal has to be appropriately processed and visualized. The same
data-processing methods, based on fractal and symbolic computational methods, may
be used for extraction, fusion, and visualization of multi-modal information from
nanosensors for representing and managing signal complexity. These methods are
computationally effective and may be applied in real time.

The symbolic method proposed for signal analysis leads to similar results as the
fractal dimension method [3, 4], but needs greater sets of data (i.e. longer signals)
than those considered here as examples.

2. Methods

The fractal dimension is a good predictor of people’s perception of surface rough-
ness [5, 6]. A new method of inferring fractal dimension of a 3-D surface (i.e., of
a surface in 3-D physical space) from a 2-D greyscale image of that surface has been
developed — the image data are preprocessed to produce 1-D landscapes, which are
analyzed using signal analysis methods. In this way, the dimensionality of the prob-
lem and so its computational complexity is drastically reduced.

A digitized image can be viewed as a surface for which x- and y-coordinates repre-
sent position and the z-coordinate represents grey level (intensity). The fractal nature
of this putative, statistically self-affine surface can then be characterized, both in the
spatial domain with fractal dimension, and in the frequency domain with spectral ex-
ponent f.

Fractal dimension is invariant with respect to linear scale transformations and it is
simply related to power spectrum exponent . If a fractal Brownian surface embedded
in 3-D space has fractal dimension D, and the power spectrum proportional to fﬂ, its
2-D image shows power spectrum proportional to f 2% where S22 = (3 — D,). Thus,
one can use the power spectrum of the image to assess the fractal dimension of the
surface. fis also simply related to the Hurst exponent [5, 6]. However, this method of
calculation of fractal dimension is much simpler than the spectral or Hurst methods.

Epithelial roughness and texture play a central role in histopatological diagnosis of
malignancy. Mattfeldt (1997) preprocessed microscopic 2-D images of tumor cells’
epithelium into 1-D signals (landscapes) and then embedded these signals in a phase
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space, using a ‘time-delay’ method. He found that the correlation dimension differed
considerably between benign and malignant mammary gland tumors [7]. Here we
propose to use a similar simple method for preprocessing the surface’s 2-D image to
construct 1-D landscapes, but in the second step to use Higuchi’s fractal dimension
method [8] for analysis of the landscapes obtained.

A digitized image is a pattern stored as a rectangular data matrix. Grayscale images
are matrices where the matrix elements can take on values from O to gu.x=(2b-1),
where b denotes number of bits (for b = 8¢, = 255). The rendering on a video screen
is a presentation of the values from white (0) to black (2b — 1). Most colour images
are overlays of three grayscale images.

Stepping through a grey value image length of N pixels and height of M pixels row
by row the sum of the grey values in each row, G,, (im= 1, ..., M), are calculated and
the numbers normalized by using the largest of those values G to produce the “hori-
zontal” landscape

NGs, =S
G
Similarly, stepping through the same image column by column (n = 1, ..., N) an-

other, “vertical” landscape is produced as shown in. Fig. 1.
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Fig. 1. Example of a surface with anisotropic
roughness properties (texture); fractal dimension in
the x and y image direction are unequal: a) the grey-
scale image (D51.gif from [4]), 256X256 pixels; the
landscapes were analyzed using 128 points window,
moved in each step 1 point to the right, b) horizontal
landscape (row by row) shows mean fractal dimension
D;,=1.84, c) vertical landscape (column by column) i 20 100 s 200 250

shows mean fractal dimension D, = 1.07 columns
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If necessary, other landscapes may be constructed using a similar counting tech-
nique, stepping through the same picture in different directions, e.g. in diagonal direc-
tions, or in some rectangular frames. The resulting NGS series serve as an input for
the subsequent signal analysis using Higuchi’s fractal dimension or symbolic dynam-
ics methods.

Fig. 2. Examples of surfaces with (nearly) isotropic
and uniform properties of different roughness;
fractal dimensions of the horizontal landscapes D,
and of the vertical landscapes D, are nearly equal.
The greyscale images, each 644x644 pixels from
[4]; landscapes were analyzed using 128 points
window, moved in each step 1 point to the right:
a) D5.gif from [4], D, = 1.32, D, = 1.32, b) D92.gif
from [4], D,=1.42, D, =1.47, c) D9.gif from [4],
D,=1.65,D,=1.70

Higuchi’s fractal dimension D is calculated directly from the time series, without
embedding the data in a phase space as in the case of e.g., correlation dimension. Dy
is, in fact, a fractal dimension of the curve representing the signal under considera-
tion, and so it is always between 1 and 2. Since a simple curve has dimension equal 1
and a plane has dimension equal 2, the fractional part of Dy is a measure of the signal
complexity. Dy should not be misled with fractal dimension of an attractor in the sys-
tem’s phase space.

3. Results

As examples we present here analysis of surface images from [9]. If a surface
shows anisotropic roughness properties (texture) then fractal dimensions of the hori-
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zontal and vertical landscapes differ one from another (Fig. 1). On the other hand,
fractal dimensions of landscapes for surfaces that show isotropic roughness properties
change appropriately with changes of surface properties — the smaller are uneven-
nesses of the surface, the greater are fractal dimensions of its landscapes (Fig. 2).

4. Discussion

Fractal dimension of a surface is invariant with respect to linear transformation of
the data and to transformation of scale. So, the normalization in Eq. (1) is convenient
for presentation of the landscapes, but it is not really necessary since it does not
change the value of Higuchi’s fractal dimension; thus the time necessary for calcula-
tions may be even further reduced. Fractal dimension calculated from an image, by
virtue of its independence with respect to scale, appears to be nearly independent of
the orientation of the surface. If the fractal dimension in the x and y image direction
are unequal the surface is anisotropic.

The fractal dimension of a natural surface depends on the dominant process at any
particular scale. That is why a surface may need multifractal description [10]. The aim
of measuring fractal dimensions is not only to add new structural parameters to al-
ready existing ones, possibly describing new structural characteristics but a more im-
portant aim is to get a deeper insight into the development of complex structures and
the processes that contribute to structure forming.

Fractal methods are becoming increasingly more important in the study of materi-
als characteristics and/or underlying processes’ classification [10, 11] as well as in
signal analysis [12] and image recognition [13].

5. Conclusions

The proposed method may serve for simple quantitative assessment of surface
roughness and texture, in particular for comparative quality assessment of nanosen-
sors. It is also attractive that the same fractal method may be used for processing of
(bio)signals generated by nanosensors. Our philosophy is that to be applicable
a method should preferably be really simple and easily understandable by non-
specialists in the field. The presented fractal method is very simple and it both draws
from multiple disciplines and have multidisciplinary application.
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