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ABSTRACT

In this paper, second and fourth order statistical
moments are used to segment fine grain textures. The
fusion of the moments is made through different
implementations (serial or parallel strategies) and
different formalism (Bayes and Evidence theory). A
comparative study of the classification performance is
presented and interpreted.

I. INTRODUCTION

The recognition of textured images is a complex task
due to difficulties to well characterise the textured
patterns, specially fine grain textures. For these ones,
statistical features are often used. The textures are
characterised by the correlation between pixels into a
small neighbourhood. A number of statistical features has
been proposed based on second order moments [5] and on
fourth order moments [4,7,8].

The main objective of this article is to show how the
fusion of second  and fourth order moments can enhance
the performance of textures discrimination. Two different
fusion  strategies are explored according to:

♦ A simple serial "Master-Slave" architecture.
♦ A parallel scheme fusion formalism:

a) Fusion of post probabilities,
b) Fusion of decisions through the Bayes theory,
c) Fusion of decisions through Dempster-Shafer

theory (DS), i.e. the Evidence theory.
With the serial scheme, the "Slave" classifier is only

active when the "Master" can not discriminate. This
scheme provides also an enhancement of the
discrimination associated with a computational
simplicity.

With the parallel fusion scheme, all the classifiers are
actives and their outputs are then combined. So this
system is computationally expensive. It is widely used in
character recognition, speech recognition, remote sensing
and medical applications [3,6].

For all the strategies, we will use two classifiers, one
is associated to the second order moments "M2" and the
second to the fourth order moments "M4".

II. FEATURE EXTRACTION

The features "M2" and "M4" are evaluated inside an
estimation window, and are function of the current pixel
(Xn), its first neighbour (Xn+1) and its second neighbour
(Xn+2). These estimations are made in four orientations
(0°, 45°, 90° and 135°). Before the statistical estimations,
the images are pre-processed by an equalisation of the
grey level histogram in order to be, as much as possible,
independent of the acquisition parameters (contrast and
brightness).

II-1. Cooccurence matrices

The "M2" features are derived from the cooccurence
matrices. In order to reduce the number of features, we
have chosen, among all the parameters deduced from
these matrices, the contrast and the angular second
moment [5]. Preliminary experimental tests have shown
an accurate discrimination based on these two parameters
which are configured with two distances between the
current pixel and its neighbour (d=1 and d=2). In this
way, a texture is characterised by 16 components (2
parameters x 2 distances x 4 orientations). The size of the
estimation window is 16 x 16 pixels.

II-2. Fourth order moments

With this set of features, the textures are characterised
by the correlation between three pixels (Xn, Xn+1, Xn+2)
through the estimation of fourth order moments. In order
to reduce the number of combinations between the pixels
inside the neighbourhood, and nevertheless to take into
account the orientation of the textures, four
neighbourhood patterns have been chosen : the three
pixels are aligned according to the four selected
orientations. With these limitations, for each orientation,
it remains 10 "M4" moments. The general equation to
estimate the fourth order moments is given by:
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By this way, the textures can be characterised with 4 x
10 components. Among these ones, for each orientation,



we have selected 4 moments which are in average, the
most discriminating ones. So the texture is characterised
by 16 components (4 moments x 4 orientations). This
selection has been experimentally done on a large dataset
of textures. These features are estimated from a large
estimation window (32x32 pixels). With a large window,
the bias and the variance estimates are reduced but the
localisation of the boundaries between the textures are
not accurate; it is the contrary behaviour with a smaller
window. To achieve a trade-off between accurate
estimations and boundaries, a filtered method was used to
estimate the moments inside a smaller window[1]. These
features (called "M4F", 22x22 window) are viewed here
as a downgraded version of "M4".

III. SERIAL FUSION ("MASTER-SLAVE")

A region of interest (ROI) described by the "M2"
features (respectively "M4" or "M4F") are first classified
by the classifier called the "Master". The reject threshold
is set to a high value. If the ROI is rejected, then it is
described by "M4" or "M4F" (respectively "M2") and is
classified by the second classifier ("Slave"). For the
"Slave", the reject threshold is smaller. The final decision
is taken with the "Slave" and it can also be rejected.

The choice of the "Master" and the "Slave" depends
on the performances of each group of features, on the
processing time constraints, on the surface of the textured
regions, etc.

Example of "Master-Slave" architecture with M2 and M4

IV. PARALLEL FUSION

Among all the possible parallel fusion schemes [3,6],
we have selected 3 strategies which are better adapted to
our studies with only two classifiers. Complementary
between the two groups of features must enhance the
global performance.

In the first scheme, the fusion is made at the measure
level (here the post-probabilities). In the two other
schemes, the fusion is made at the decision level,
according to the Bayes theory and to the Evidence theory.

For the second and third strategies, a priori
knowledge is required and it is given by the confusion
matrix information.

The classifiers used here are Gaussian Quadratic
Classifiers. For each classifier k (k=1...K), the class
decision is made according to the maximum of the post-
probabilities P x c xk i( / )∈  with i=1 to M, the number of

classes and x the features vector to be classified. Here,
K=2 and M=4 plus a reject class.

IV.1 Post-probabilities fusion

The fusion is done according to the post-probability
generated by each classifier. With these probabilities, two
types of classifiers combination are used: the "averaged
classifier" and the "maximum classifier".

IV.1.1 Averaged classifier
For each class ci , the K post-probabilities are then

combined by the mean value as :
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The final decision (the winner class) is the maximum
value of these averaged post-probabilities PE .

IV.1.2 Maximum classifier
The winner class is given by the maximum of Pk of

each class, over all classifiers :

( ) ( )( )PE x cj x Pk x ci x∈ = ∈/ max / with i,j=1...M and k=1...K.

IV.2 Decision fusion

Decision fusion is weighted by the knowledge of the
distribution of the errors for each classifier
( ( )P x c e x jk i k k( / )∈ =  given by the confusion matrix). So, the

winner class is estimated by a Belief function, meaning
the proposition that x belongs to class ci :
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The winner class is defined by:
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IV.3 Theory of evidence

The theory of evidence was developed by Dempster and
Shafer [3,6]. Its goal is to combine the propositions or
evidences following the a priori knowledge given by the
matrix confusion. For the K classifiers: ε rk  is the

recognition rate (mean value of the diagonal components)
and εs k  substitution rate (mean value of the no diagonal

components). Given a number of exhaustive and mutually
exclusive propositions Ai x ci i M= ∈ =, . . .1 , which

form a universal set { }Θ = A A M1 . . . . "Bel(Ai)" indicates

the degree to which the evidences support the proposition
Ai . It is calculated from a function called the basic
probability assignment (m, mass function), which
represents the individual impact of each evidence on the
subset of Θ . Therefore, the combination rule is designed
by ( ) ( ) ( )m A m A mK A= ⊕ ⊕1 . . . . Let us notice here only
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the illustrative formulas  for this architecture with two
classifiers. Then, in this simple case, the mass function is
calculated as:
i) if the classifiers have the same decision Ai ,

( ) ( ) ( ) ( ) ( ) ( ) ( )[ ]m Ai m Ai m m Ai m Ai m m Ai= + +η 1 2 1 2 1 2. . .Θ Θ

with ( ) ( ) ( ) ( )η − = − −1
1 1 2 1 2m A i m A i m A i m A i. .

i) if the classifiers have two different decisions Ai and A2:

( ) ( ) ( ) ( ) ( )[ ]m A m A m m A m A1 1 1 2 1 1 2 2= +η . .Θ

( ) ( ) ( ) ( ) ( )[ ]m A m m A m A m A2 1 2 2 1 1 2 2= +η Θ . .

with ( ) ( )η − = −1
1 1 1 2 2m A m A.

The elementary mass function are ( )m k A k rk= ε ,

( )m k A k s k= ε  and ( )m k rk skΘ = − −1 ε ε .

The Belief function is determined by ( ) ( )Bel A i m A i= .

VI. PERFORMANCE OF THE FUSION SCHEMES

Eight textures were selected from the Brodatz
album[2], organised into two patchwork images (256x256
pixels) of 4 textures (see figure 1).

For each separated features set ("M2", "M4" or
"M4F") and for their fusion ("M2M4", "M2M4F"), the
recognition rate is estimated by a cross validation
method. The learn set is extracted from the isolated
textures (100 samples per class) and the test set comes
from a sequential scanning of the patchwork image.

The figure 2 shows the different recognition rates for
the isolated features and for their fusion.
♦ In all the cases, the recognition rates are increased

with the fusion (up to 12 % for the second dataset and
up to 5 % for the first one) comparing to the isolated
features ("M2", "M4" and "M4F").

♦ Concerning the fusion of "M4F" and "M2"
("M2M4F"), the resulting performance is a
downgraded version of the fusion "M2M4".
Comparated to this combination, the deterioration is
down to 8 % for the second datasets and down to 3 %
for the first one. But the "M2M4F" fusion is less time
consuming than "M2M4.

♦ The decision fusion through the Bayes theory or the
Evidence theory both use a priori information about
each features set by the confusion matrix. For the
former, all the estimated error probabilities are used
to computed the function "Belief". For the later, only
the recognition and the substitution rates are used.
Then in this case, a greater robustness (due to the
mean operation to compute εrk  and εs k ) on the

fusion recognition is obtained relatively to the
variability of the estimation of the confusion matrix.
Table 1 shows the best stability for the DS method.
Here the matrix confusions (a priori information) are
estimated through an averaged "Hold Out" error
counting method (the mean, maximum and minimum
values are obtained over 20 estimations).

Dataset 1 Dataset 2
Mean Min Max Mean Min Max

DS (M2M4) 90,56 +0 -0 77,04 -0 +0

Bayes (M2M4) 86,3 -1,58 +3,65 72,55 -4,29 +5,83

DS (M2M4F) 88,37 -1,79 +2,7 68,98 -0 +0

Bayes (M2M4F) 86,71 -3,43 +2,28 73,7 -4,02 +2,7

Table 1 : Robustness of the Bayes and Evidence theories
to the matrix confusion estimation.

♦ Relatively to the serial fusion ("M2M4" for both
databases), the recognition rate can be enhanced by
parallel fusion (up to 2 % for the second dataset and
up to 1.5 % for the first one). Here, the enhancement
by the parallel fusion is not too advantageous
compared to the serial fusion.
An accurate analysis of the localisation of the

misclassified pixels in the patchwork images shows that
"M2" and "M4" are complementary in almost all the
cases, inside the textured regions. This is not the case for
the boundaries where the misclassification errors are
randomly distributed. This property suggests that the very
simple fusion scheme "Master-Slave" is better adapted to
the texture features. And also, the computation
complexity required for the parallel fusion is greater than
for the serial scheme.

figure 1: Segmentation according to "Master-Slave" architecture ("M2" as master, "M4" as slave)
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Figure 2: Recognition rate for the different fusion methods : (a) first dateset, (b) second dataset.

VII. CONCLUSION

In all the fusion cases, the recognition rates are increased
(up to 12%) compared to the isolated features. "Master-
Slave" architecture is justified if we want to reduce the
computation time. So, the "Slave" features are not
estimated in the whole image but only when the "Master"
cannot discriminate. Nevertheless, when the "Master"
makes a misclassification with a great a posterior
probability, the "Slave" is not "called" for this pixel or
region. This situation can be avoid in certain cases by
taking into account the whole behaviour of the features
with parallel fusion architectures. Then, it is necessary to
compute for each pixel test, the two groups of features.
The performances and also the processing time are
obviously increased. Here, a reduction of about 40% of
the processing time has been achieved with this serial
architecture compared to the parallel. In parallel schemes
fusion, best stability for DS method is obtained compared
to Bayes method (both use a priori information about
each features set given by the confusion matrix). Due to
the mean operation to compute the recognition and the
substitution rate (which are used to determine the Belief
function), contrary to Bayes method where all the
estimated error probabilities are used to computed the
function "Belief".
Finally, the main problem in the serial and in the parallel
fusion is the texture borders because the misclassification
errors in both methods are randomly distributed.
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