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ABSTRACT

Co-occurrence matrices have been successfully used in
texture analysis. However, duc to noise and monotonic
shifts in gray levels, traditional co-occurrence analysis
may lead to crroneous results. Using the order of the gray
values instead of the gray values themselves is shown to
improve the retricval accuracy. Ordinal measures have
been used for many image processing tasks in the
literature. In this paper, we proposc a novel combination
of ordinal measures and co-occurrence matrices using
local pixel pair comparisons. Features constructed in this
paper represent the occurrence frequency of certain
ordinal relationships  at  different  distances and
orientations. The proposed method gives encouraging
results when comparing its retrieval performance to that of
the traditional gray level co-occurrence matrices.

1. INTRODUCTION

Texiure evaluation is needed in various applications
ranging from industrial applications to medical imaging.
Co-occurrence matrices; and their binary versions [5],
have been successfully applied in texture analysis [7, 12].
However, due to noise and monotonic shifts in grey levels,
co-occurrence matrix analysis may lead to erroneous
results. This problem could be alleviated by using the
order of the gray values instead of the actual pixel values.

Ordinal measures, which are based on the relative order
of the pixel values, have been used in many image
processing tasks in the literature. An ordinal framework
for shape comparison has been introduced in [1]. Also
several ordinal methods for texture description have been
proposed in [3-4, 6, 8-11]. In [4] a so called texture unit
(TU) is introduced. There the’ texture information is
collected from a 3x3-neighborhood. Each neighbor of the
center pixel is assigned a label 0, 1, or 2, depending on
whether its value is below, equal, or above the value of the
center pixel. The resulting texture units are coilected into
feature distribution, called texture spectrum (TS), which is
used to describe the texture. '
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In local binary patiern approach [6, 10] a local
acighborhood is thresholded at the gray value of the center
pixel into a binary pattern. The final texture feature is the
histogram of the operator outputs accumulated over the
texture sample.

N-tuple methods consider ¥ arbitrary neighbors of the
current pixcl. In [8] oriented N-tuple operators with
globally thresholded binary images have been used. Later
this method has been exiended to gray level images and
rank coding has been used to reduce the dimensionality of
the features [9].

This paper proposes a novel combination of ordinal
measures and  co-occurrence  matrices.  Retrieval
performance of the proposed method is evaluated using a
set of well known Brodatz textures [2].

2. ORDINAL CO-OCCURRENCE
2.1. Proposed method

The proposed method produces a sct of textural features,
which are entirely based on the ordinal relationship
between the pixels in the textured area 7. Pixel pairs are
used as the basic elements to construct the features. More
complex pixel combinations could be used, but those are
beyond the scope of this paper.

The constructed features represent the occurrence
frequency of certain ordinal relationships (“greater”,
“equal”, “smaller”) at different distances D and
orientations O. Because we deal with pairs of pixels, there
are three possible relations, which are represented in the
form of three ordinal co-occurrence matrices coocll,
coocl0, and coocOl. Each of the matrices is of size
Np*Ng, where Np is the number of distances and N, the
number of orientations. Coocll(D,0) represents the
occurrences of current pixel C being equal to its neighbor
at distance D and orientation O. Respectively, matrices
coocl0(D, D) and cooc01(D,0) represent the occurrences
of C being greater or smaller than its neighbor at (D, O).
Based on the comparison between the pixel values, the
corresponding cell in the corresponding matrix will be
incremented, as shown in Figure 1. The obtained co-
occurrence matrices are used to characterize the texture,
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Figure 1 Incrementing ordinal co-occurrence matrices

2.2, Algorithm

The implementation of the proposed mcthod is based on
going through all Ny pixels in the textural region T, which
can be of any shape. The processing is donc using a
neighborhood NH, whose size depends on the number of
used distances Np. :

NH. ={P|D=dist(P,C)<N, Li=1. N,
In order to consider all pixel pairs in T exactly once and in

a predetermined manner, only the set of anti-causal
neighbors X of the current pixel C is considered.

X = NH,,
X ={P|D=dist(P,C)< N, and off (P) > off {C) },
off (C) =y, - w+x,

where P, C are pixels, offfC) is the offset of the current -

pixel, w is width of the region T, x. and y. are the
coordinates of the current pixel. We denote by X; the
clements of the set X.

For example if we consider Np = 1, then NH = {X..
X-j, Xg, X_l, X,l, X_), Xj, X4} and X = { X;, Xz, X_}, X4 } as
shown in Figure 2.
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Figure 2 3x3 neighborhood of pixel C

The following pseudo code describes the algorithm for
building the ordinal co-occurrence matrices.

1. FOR all pixelsin T

2. Set current pixel C

3. FOR all anti-causal neighbors X; of C
4. IF (X; inside T)

5. Determine D and O

6. Increment all_cooc(D,0)

7. IF(C=X)

8. Increment coocl 1(D,0)

9. ELSEIF ( C> X;)

10. Increment cooc10{D,0)

11. END

12. END

13. ENDFOR

14, ENDFOR

15. Nermalize coocl1 and coocl0 with all_cooec

Results are saved in the form of ordinal ce-occurrence
matrices, which are incremented bascd on the values and
spatial relationships of the current pixel and its neighbors.
All occurrences of distance and oricntation patterns are
saved in matrix all_cooc for normalization purposes. If
current pixel C is equal to the considered neighbor Y}, the
matrix coocl] is incremented. On the other hand, if C is
greater than X;, the matrix coocl0 is incremented. We
could also consider a third relation were C is smaller than
X; However, this information could also be obtained from
coocll, cooclC and all_cooc matrices. The obtained
ordinal co-occurrence matrices, coocll and coocl0, are
used as features for the considered textural region.

The number of used distances and orientations can be
selected. To enable comparison of erdinal co-occurrence
matrices obtained from varying texture sizes, the obtained
ordinal co-occurrence matrices are normalized by the total
number of pairs with the corresponding distance and
orentation when moving over the region 7. The
normalization is performed at step 15 in the algorithm.

2.3, Feature comparison

Matrices are compared using city-block distance. The total
difference between two textural regions 7y and 7> can be
obtained by summing up the differences from the matrix
coocll and coocl0 comparisons. We assume that same
number of distances and orientations are used for both
textural regions.

dist(T,, T, )= Y| cooel 1, (i, j )}~ coocl 1, (5, 7)|+
Y

ZI cooclOy (i, j)vcooc10r1 (i, J)]
i
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Figure 3 Samples of Brodatz textures

3. RESULTS
3.1. Test database

In the retrieval experiments, we used 15 classes of
Brodatz textures [2]. The selected classes are the same as
were used in [10], but now the images are not globally
gray scale corrected. Each of the original images is split
into 16 pieces of size 160x160, resulting in a database
with 240 images. One sample from each class is shown in
Figure 3. Before the experiments images in the test
database are uniformly quantized into 32 gray levels.

3.2. Experiments

All retrieval results shown in this paper are obtained using
ordinal co-occurrence method with 5 distances and 4
orientations. Since the database contains 16 samples from
each of the classes, 16 best matches in retrieval are
considered. Each row in Table 1 corresponds to retrieval
results for one sample from each class in retrieval order
using the ordinal co-occurrence approach. Gray area
corresponds to samples retrieved from the correct class.
For example, in the second row of Table 1 we can see that
for one sample of class D4, 15 out of 16 samples are
correctly retrieved and that the only incorrectly retrieved
sample occurs in the 16™ position. To be more complete,

we used each image from each class as a query image and
calculated the number of correct matches during retrieval.
The average numbers of correct matches for each class
using ordinal co-occurrence method arc represented in
second last column of Table 1. For comparisen purposes,
the last column of Table 1 shows the average number of
correct retrievals for gray level co-occurrence matrices
(GLCM) [12]).

3.3. Evaluation of the results

As can be seen in Table 1, most of the classes are
retrieved comrectly using the ordinal co-occurrence
approach. For some classes the retrievals are mixed with
some images from other classes. However, in most of
those cases, the closest matches are retrieved correctly and
the errors occur towards the end of the list of best
matches. For some of the classes, especially for D19, the
retrieval performance of GLCM seems to be slightly
better than that of ordinal co-occurrence matrices. This
may be due to the fact that those textures contain
relatively large areas with slightly varying gray levels
causing some variations in ordinal co-occurrence matrices.
However, Table 1 suggests that the overall retrieval
performance of the proposed ordinal co-occurrence
matrices is better than the retrieval capability of traditional
gray level co-occurrence matrices.
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Query rank | 1. ]2. [3, |4. [5. I6. |7. Ix. |9. Ilo. |11. |12. |13. |14. |15. 16. | Od [GLCM
D4 D4 . - by [is.a3 ) 1500
DY D9 TD24 [ DY [Da D | D4 [D24] 1169 ] 590
D16 D16 ' _ 1600 | 8.70
D19 Dig ] D29} B19| D29 11.88 | 15.00
D2t D21 , | D57 14.88 | 16.00
D24 D24 | Dy | D24 | Dojp24| D9 1094 | 7.80
D29 D29 ' - ' D19] 14.75 | 14.00
D32 D3z D29) 13.81 | 16.00
D53 D53 16.00 | 7.40
D57 D57 16.00 | 14.00
D63 D68 D19 13.75 | 1100
D77 D77 16.00 | 9.00
Dg§4 D84 16.00 | 16.00
D92 D92 {p4 |D9 | 1413 ] 1400
D93 D93 Ip24] Dolp93] Do D24{ 1075 | 9.80
Avcrage 14.1 12.0

Table 1 Example retricval results

4. CONCLUSIONS

We presented a novel combination of ordinal mcasures
and co-occurrence matrices. The proposed method can be
used to characterize texture based on ordinal relations
between pixels. The method was shown to perform well
for retrieval purposes using a set of Brodatz images. The
average retricval capability of the proposed method was
also better than that of the traditional co-occurrence

matrices. Although the used simple comparison method

produced encouraging results, better results might be
obtained if more sophisticated comparison method would
be applied. Increasing the spatial predicate D allows to
generalize this method to any neighborhood size. The
optimal value for D depends on the texture in question.
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