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Texture Analysis by a Perceptual Model

Isabelle L. Herlin

INRIA
Rocquencourt, BP 105
78153 Le Chesnay Cedex, FRANCE

Abstract

A hierarchical set of operators for texture analysis is presented.
Om method is to code the local frequency resonance of these
opetators but not their simple responses. Therefore, the texture
features obtained are stable. The operators fultill the conditions
Jdescribed by J.P. Crettez in his work on the visual system model
The procedure is used to automatically determine the resolution
«f homogeneous texture, the resolution being the minimum win-
duw size capable of giving stationary features. All the samples
ol <uiitable size then have the same signature coding the local
leature of texture.

Keywords:texture, resolution, texture discrimination.

1 Introduction

Texture is the term generally used to characterize a region in
an nnage, corresponding to a homogeneous local spatial orga-
wization.  ‘Texture is a perceptual concept for which there is
wo mathematical definition  [5]. Perceptually, texture gives the
~ame visual impression for any position of a small window of
obrervation inside the corresponding region [4|. For any posi-
tion of the visual axis, the neuronal responses of cortical cells
must be the same. Bach cortical cell is characterized by its re-
ceptive held which corresponds to a small window in the visual
teld  Consequently, a texture must be analysed by small le-
cal samples. Samples of a homogeneous texture should give the
~ame response. A sample correspouds to a pixel neighborhood.
A number of analytical methods, which all try to characterize
pixet neyhborhood relationships, have been proposed during last
decade. Recently, Unser developed the use of textural measures
hased on the average of some local properties |7]. Local textu-
tal properties are extracted in two stages: a local linear process
tollowed by a non-linear process. The statistics of the individual
translorm coefficients are then used as texture descriptors. By
analogy with the receptive field models for simple or complex
cells in 1the visual areas, we present, in this paper, a set of tex-
ture operators (2] [3). These operators can be efficiently applied
to textures by the aid of Hadamard Transform and by an oper-
ation which makes results of operators invariant by translation
on homogeneous textures.

2 Texture Feature Extraction

2-1 The Set of Operators

A\n eperator or a filter simulates a single cell of a visual sys-
tein. So the neighborhood geometry, on which the operator is
applicd, models the reception field of the cell; while the coef-
ticients of the vperator or filter simulate the cell responses o
viven visual stimula. Due to hierarchy, the first order operators
are stmply quadruplets in hexagonal tesselation. The coefficients
wre obiamned from Hadamard matrices H: every line of the ma-
tria pives the coethaients of one tilter. We liave then four flters,
called ist-order operators or lirst-order filters, represented in
g e 1 The neighborlivod structure of the second-order is ob-
tamned trons that ol the first order: dilating twice the first order’s
sinctme and replacing each point by the structure of the lirst
cader Soasecond-order structure includes 16 pixels and is rep-
coemed e hgure 20 More generally, an n-th order structure
can b obtamed by dilating twice the (n-1)-st order structure
anl replacing each point by the structure ol the first order. A
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Figure 1: first-order operators

Figure 2: structure of second-order operator

second order operator corresponds to a line of the Hadamard
matrix Hyg, and a n-th order vperator corresponds to a line of
the Hadamard matrix Hy~. So the connection process between
the different order structures can be modelled by the Hadamard
Transform Hy in the natural order.

2-2 Properties of the Operators

We suppose that our operators model the simple cells of the
striate cortex. As shown in figure 3, the first-order operators are
oriented filters. We want to know if the operators of higher order
can also analyse the orientations and frequencies. This can be
determined from the operators orientation-frequency properties
by use of the Fourier Spectrum.
We consider every vperator as an image and periodize it i the
image space. We then apply the Fourier Transform and look for
the maxima of the power spectrum
We can make a drawing of the Fourier plune for every order and
note the positions of the maxima:

e tor the first and second order we obtain an uniform sampling

of the Fourier space

o for higher orders we must use the secondary maxima
Fiom the secoud order it is possible to see that sonie operators
have the same power spectrum. They difler only by phase. They
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Figure 3: first-order operators are oriented filters

are witten on the same places in the Fourier plane. By com-
Fawing these operators we obtain a new set of operators, that
we s haracteristic of the different orientation-frequencies in the
l'nunia plane. So by combining the second order operators, we
ohtanm ten operators.

whi point in the Fourier plane corresponds to only one of these
new opetators. We obtain a regular sampling of the Fourier
plane The operators can be used to detect all orientations and
|I1-l|u|'I|Cit:$.

2-3 Local Analysis of Texture

A hiscrete texture image is defined on a KxK grid with a
preudo hexagonal sampling. The image is denoted (¥, ,) (k =
1 K.l |...K).
According to the study of A. Gagalowicz, texture analysis should
be tuthilled, wlien the texture is locally analysed with a 9’ solid
angle 14}, Because the position of the camera is free, we can
hoose the distance between the camera and the image, such
which the width of a second-order neighborhood corresponds to
o 0 anlid angle. Thus, we chouse to analyse textures with the
~ccond-order operators. At any localization in the image, we con-
ader the pixels in a second-order neighborhood and apply the
ten new operators. The responses are represented in the angu-
lar fiequency plane since each operator corresponds to a special
ottentation iu the Fourier plane  The set of local maxima of
thi= hequential representation is considered to characterize the
texture neighborhood at location (k, ). This set is reordered to
abtain o nine binary components vector Uy = (u*,u®, ..., u'’)
where

e u' 1ifthe operator, ¢, gives a response that is a local max-

i of the frequency representation

o u' () dtherwise.
The fist operator is not considered, because the response (sum-
mation of the grey levels) is always a maximum in the frequency
tepresentation. We decided to consider only the geometry of
the frequency representation to be coherent with the perceptual
Jdata. By comparing the responses of the operators in the Fourier
representation, we model the excitation-inhibition phenomena
between visual cells of same order.

2-4 Texture Signature

We consider that a texture sample is a NxN subimage. For
every location (k, 1) in the sample, we calculate the nine binary
components vector Ux . We sum up Uy over the subimage to
obtain the sample signature 7,
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I 7 i~ denoted: 2= (22,...,2'") we obtain:

N
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z' 1% the summation of the geometrical response of the operator
1. This sunimation permits us to avoid local noise and to extiact
global properties of texture.

3 Resolution and Invariance

Our procedure is used to automatically determine the resolution
of a homogeneous texture: the minimum window size giving an
invariant translation perception. A number of textures are con-
sidered.

7 denotes the window
1 denotes the operator
p denotes the width of the window

m:' and 0:' are the mean and the standard deviation of
the results of operator ¢ for windows of width 7.
We define the following criterion :

1
Clp) - 2‘ a,/m,
(=2

When p increases, C(p) tends to a limit:

lim ('(p) = const
P

We choose the value where the criterium is stable enough :

Cley Clpt 1)
C(p)

This valne, denoted P, is called the mathematical resolution of
the texture.

Experimentals results show that this corresponds to the percep-
tual resolution of the texture. The perceptual resolution of the
texture is the window width that gives a translation-invariant
perception. By considering for one texture a number of samples
with the correct width P, we have shiown that the nunierical sam-
ple signatures are very stable and permit a good classification
rate (6)

A second phase
signature vector
For every operator, ¢, we consider the mean m, of the results of
that operator for windows of suitable width. We represent the
m, graphically by ordering them in decreasiug order

Two cases are possible

The first case Is represented in figure 4. The curve presents an
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described below, permits us to obtain constant

mean

operator

Figure 4: first type of means curve

important variation alter the k-th number (in figure k. 3)
We say that the texture presents k important frequential reso-
nances.



Then we code the signature vector Z/ with the following method

the A greatest components of Z7 are coded by 1 and the other
values are coded by 0

We obtain a new vector Y.

Y/ s called the signature vector of the sample j

The sccond case is reprezented in figure 5. The mean curve

mean / \

o \
operator 7

Figure 5: second type of means curve
pre-enl~ a continuum of values. We consider

&2 1[7” |

N .
We say that an operator ¢ presents an hmportant resonance on
the studied texture o m, - o, > M where m, and o, are respec-
tively the mean and the standard deviation resulting from the
pplication of the operator ¢
It & operators satisfy this property we say that the texture
prosents &k important frequential resonances. The fnal sigua-
e vector Y associated to the vector Y7 is defined as above.
yur experiments have shown that this new signature vector is
onstant with translation.

M

4 Application and Results

I'his plobal procedure has been used on different natural textures
extracted from Brodatz’s textures. For every texture we have
tist deterined the resolution.

Ae have then observed 100 samples of suitable width for every
textute and examined the signature vectors. The results are
expressed i the following table.

e hist line gives the name of the texture. The second line gives
the roathematical resolution of the texture. The lines three to
Aeven give the resnlts of the operators for the different textures.
I'ie operator 1 is not cousidered becaise its response is always
vmaximnme and its value is always 1.

Fhie vector formed by the respouses of the operators , rows three
v cleven s the signature of each texture, Almost all the samples
trave the same signature, The last line gives the number of errors
tor the different textures.

terture wood  Jute  wool  crept lichen
windowwulth 38 64 56 56 80
operator 2 1 0 1 1 0
operator 3 0 1 1 i 1
operator 4 1 QO 1 1 0
operator 5 0 0 0 0 0
operator 6 0 1 1] | 0
operator 7 1] a 0 U 0
operator 8 1 0 3] 0 0

operator 9 §) ) V) 0 6]
aperator 10 0 ! 1) 0 0
crrors 3] 5 0

5 Stability of the Results

The signature vector that we obtain is very stable. The property
of translation-invariance requires large window width to calcu-
late signature vectors, but in fact we need only a few points
nside the window

The study of stability was done with two textures : wood and
woven. We have computed the mumber of errors to translation-
invariance when we calculate the local caracterization of texture
only at N points side the window. The choice of the N poiuts
inside the window is done with a random procedure. The results
are expressed by the following tables. The first line gives the
uumber of points inside the window, where the texture caracter-
ization is done.

The second line gives the number of errors.

This study is done with 100 samples for every texture.

WOOD TEXTURE
numlber of points 10 20 30 40 50
number of errors 29 10 4 1 0

WOOL TEXTURE
number of points 100 160 220 280 340
number of errors 11 13 4 4 0

These two textures were chozen because they exhibit different
behaviors when we perform the texture characterization on a
few points inside the window. The al.dl)lllly converges faster
with the wood texture. The conclusion is identical: we don’t
need to calculate the texture characterization at every pomnt,
but at most at 25 percent of points.

6 Conclusion

By using a linear transforin over a neighborhood and a non-
linear process, we obtain a texture signature that can be used
to define the resolution of an homogeneous texture image. This
process can be used to find the homogencous textured regions in
an image and, more generally, for segmentation.
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