





Fig. 5.16

An image containing

a type 5 texture on

the left and a type

3 texture on the right,
with a vascular channel

in the centre.

Fig. 5.17
Result of
segmenting (a)
and segmenting
and classifying

(b) figure 5.16.
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Looking at 5.17(a), the edge round the vascular channel has been identified,
although it is slightly broken and the bright outer rim on the left-hand side has been
highlighted, rather than the inner rim. Part of the edge around the smaller vascular
channel has been identified but once again it is slightly broken. The edge between the
formative and resorptive textures in the bottom right of the image has been identified
but various other artefacts in the image have also been highlighted. Turning to the
classification, most of the image has been classified as type 5, the only exception being
two windows at the top right which have been classed as types 2 and 3. On the whole,
this is correct. Only smaller windows would allow for a more accurate classification.

The previous two images were examples taken from the original data set. The
next step was to see how the methods would perform on images in the new data set.
An example of a 256x256 image containing formative and resorptive types is shown in

figure 5.18. The results of segmenting and segmenting and classifying it are illustrated
in figures 5.19(a) and (b).




Fig. 5.18

An image containing
texture type 4 on the
left and type 2 on the
right.

Fig. 5.19

The result of
segmenting (a)
and segmenting
and classifying

(b) figure 5.18
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Again the segmentation and automatic thresholding have worked quite well and
a fairly continuous edge has been identified. The classification has identified formative
types at the top and to the right of the image and, to a certain extent, resorptive types
in the lower left-hand side of the image. As happened in the examples in chapter 3,
however, some of the type 5 windows have been misclassified as type 3’s. Again, by
examining the original image in figure 5.18 the misclassified windows do look very like
type 3 textures. Apart from this problem the classification results are good.

Finally, figure 5.20 shows an image from the new data set which doesn’t contain

a clear border between formative and resorptive types.
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Fig. 5.20

An image containing
a type 4/5 texture
on the left and type
1/2 on the right.

This is not an easy image to segment or classify - there is no clear border
between texture types and the texture on the left could probably be considered as either
type 4 or type 5. Similarly, the texture type to the right of the image would probably
best be described as a late type 1 or an early type 2. Due to the lack of border, the
segmentation techniques were unable to locate an edge between the texture types, and
so instead, the image was "segmented’ by dividing into 64x64 windows and classifying

each. The results are shown in figure 5.21 below.




Fig. 5.21
The result of
classifying

fig. 5.20.

The resorptive types at the top and to the left have been classified correctly apart
from one type 5 window at the top which has been misclassified as type 3. In addition,
the windows in the lower right-hand quadrant have been correctly identified as types 1
and 2. The main problem is in the centre of the image where windows have been
classified as type 3. This seems to be due to the same old problem - the similarity
between type 3 and type S textures. Nevertheless, the boundary round the formative

types 1 and 2 can be identified from this segmentation.

5.5 Conclusions

The first impression from this chapter is that the methods do not work as well
on larger images as they did when applied to the 64x64 images in chapters 3 and 4. On
closer inspection, however, this is not really true - the techniques have performed well

considering the images to which they were applied. The images illustrated in this
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chapter are not easy to either segment or classify. None of them contains a completely
clear continuous boundary between texture types, some of the images contain a
considerable amount of noise and the texture types are not always clear cut, making the
classification difficult.

As far as the segmentation is concerned, the boundaries between texture types
have been identified but often other *edges’ in the images which look no different from
the texture edges, but in fact may be cracks in the bone or places where osteoclastic

resorption has taken place, are identified as well. The segmentation can identify edges

" round the vascular channels and thresholding can, to a certain extent, identify them as

such.

On the whole the classification is good, the only problem is really distinguishing
between type 3 and type 5 textures. The solution to this may be to examine larger
windows where osteoclastic resorption in type 5 textures would be more clearly visible.
This contradicts the other criticism of the classification in that it would be better if a
finer classification could be obtained. It is unlikely that the same methods applied to
smaller windows would lead to very high rates of classification. What might work,
however, is to use 64x64 moving windows to classify the images.

Overall, considering the images to which the techniques have been applied, the
results are good. Boundaries around vascular channels and bone cells and between
formative and resorptive textures can be identified, and regions can be classified into
one of the 5 texture types with reasonable accuracy. There is still room for

improvement, however, and suggestions on how this may be achieved are discussed in

chapter 6.

N.B. The combination of segmentation and classification has so far only been tested on
a small number of images. The ones shown in the thesis were chosen to illustrate results
obtained from a variety of texture types and for images with and without vascular channels
and bone cells. More images should be tested and some way of assessing their
performance devised. One way of assessing the classification results would be by
computing the percentage area of an image that is correctly classified. As far as the
segmentation is concerned, the continuity of the edges could be measured by counting the
number of gaps and the length of each one. Similarly, false edges could be quantified by
their number and length. The position of the boundaries could be assessed by measuring
the area between the fitted boundary and the true’ one. The main difficulty with this is
defining the “true’ boundary and the ’correct’ classification. Physiologists will not always
agree on these matters but the decision of a panel of expert physiologists would at least

provide some means of judging performance.




Chapter 6 Discussion

6.1 Success

This has been a difficult problem. It is one of only a few studies where
techniques for texture have been applied to natural images. The majority of researchers
who have studied texture analysis have tested their methods on images taken from

Brodatz’ (1966) texture album, e.g. Vickers & Modestino (1982), Davis et al. (1979),

. Mitchell et al. (1977), Harwood et al. (1985). The only other types of images that have

been analysed to any great extent are aerial photographic images (Haralick et al. (1973),
Weszka et al. (1976), Conners et al. (1984), and satellite images (Haralick et al. (1973),
Weszka et al. (1976)). Compared with the images used in this study, Brodatz’ (1966)
images should be relatively easy to segment and classify. Only one image of each type
is available, and training and test sets are constructed by dividing up this one image into
more manageable regions. On the other hand, no two rats’ bones are identical, and
therefore the five texture types identified in this study vary, albeit only slightly, from
rat to rat, from bone to bone and ultimately from image to image. The appearance of
the texture is also highly dependent on the conditions under which the image is
captured. This is true of all images, but probably more so where specimens are first
viewed under microscope. The magnification used can be stipulated and kept constant,
but other factors such as the lighting conditions, and even the operator’s eyesight all
play a part in obtaining samples - good or not so good - of each texture type. In this
study, similar microscopy techniques were used to obtain all samples. The accelerating
voltage was kept at 15kW, the brightness was kept as constant as possible, and the same
operator (myself) was used to capture all images in the initial data set. The resulting
images, however, still vary. Some appear clear, whereas others appear blurred, and there
is a considerable difference in brightness, with some images appearing very dark and
others very bright. One of the main problems has therefore been to find a way to
standardise the images, so that the methods developed can be applied to scanning
electron microscopy images of rats’ tibiae in the future, regardless of the microscopist.

The objective of this study was to develop techniques to segment, automatically,

scanning electron microscope images of rats’ bones into different texture types, and then

202




to classify each type. Neither perfect segmentation nor classification has been achieved,
but this is not surprising. Very few authors have managed such a high success rate
using Brodatz’ (1966) images, and those that did classify all images in their data set
correctly, tended to test their methods on the training sets, (Vickers & Modestino (1982),
Berry & Goutsias (1991)). It is unlikely that every image in the future would be
classified correctly, and anyway there is no way of checking this. Although there is
room for improvement, this study has achieved what it set out to achieve. Images can
be segmented fairly accurately into formative and resorptive bone types, vascular
channels and bone cells can be identified, and areas can be classified with some success
into one of five texture types. At this stage, the method is not fully automatic, and an
operator is still required to eliminate spurious pixels, but there is now no longer the need
to identify boundaries by hand and subjectively classify textures into the appropriate

type, as was the case in Dempster’s study in 1979.

6.2 Limitations

The ultimate objective of this research is to examine human bone, to be able to
segment and classify it and thereby contribute to the understanding of human bone
disease. Although vitamin D deficiency diseases such as rickets are less prevalent than
they once were, other bone diseases such as osteoporosis are becoming more prevalent
(Lindsay (1984)). In osteoporosis there is an imbalance between the rate of resorption
and the rate of formation, in favour of the latter and therefore images are likely to
contain a larger proportion of texture types 4 and 5 than normal bone. The images used
in this study were of rats’ tibiae but it is hoped that the techniques used here could be
applied, with similar success, to images of human bones captured in the future. There
are, however, limitations which must be considered. Before the results can be applied
to human bone, the first step is to ensure that the techniques used will achieve
reasonable success when applied to rats’ tibiae captured in the future. Probably the
main consideration has to be the image capture. Not all images used in this study were
captured by the same person - images making up the first data set were captured and

saved by a different operator from the second data set, although the same microscope
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(a JEOL T100 scanning electron microscope) was used and the same basic principles
for use of the scanning electron microscope were applied. Even so, differences in
lighting and focusing can still be seen in the images within, as well as between, data
sets. This can have quite a considerable effect on the success achieved when classifying
textures, where for example, as was illustrated in chapter 3, the texture features
suggested by Haralick et al. (1973) can vary significantly from image to image
depending on image capture. Most authors have dealt with this problem by first
histogram equalising the images, i.e. by transforming the grey-level histogram to be
uniformly distributed. Thus each image wili have equal numbers of each grey level.
Visually, after transformation, there appears to be some loss of information, but in fact,
experiments have shown that there is little loss of textural information, and methods
using second-order statistics seem to work as well on transformed images as on images
before transformation. It is, however, no longer possible to use first-order statistics such
as mean and standard deviation to classify images.

The images used in this study were saved onto disk by two different methods,
and to take account of this, at different magnifications. Images in the initial batch were
magnified 350 times, whereas later images were magnified 750 times. The original
images were collected using a Joyce Loebl Magiscan computer, and because the
Magiscan only uses the central part of each scan, the final digital image magnification
is in fact twice the original, i.e. 700. Later images were saved using a digital scanner,
and thus the final magnification remained at 750. Neither the change in technique used,
nor the difference in magnification, appeared to affect the results in any way, and
methods which worked on the original data set also worked on the new data set. Saving
images at considerably different magnifications should not affect either the segmentation
or classification to any great extent, as long as all images in both the training and test
sets are saved at the same magnification. Regardless of magnification, a type 2 texture
will always appear coarser, with larger mineral nodules than a type 1 texture, magnified
the same number of times, for example. The thresholds may, however, have to be
modified slightly. How successful the various algorithms are when tested on images
collected by an independent individual, using a different scanning electron microscope,
has yet to be investigated, but because the quality of some of the images used in this

study is quite poor, and because two operators have been used, it is possible that the
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techniques are robust enough to make any differences fairly small.

6.3. Further work

Since the beginning of this research in 1987 there has been a considerable
amount of work done in all areas of texture analysis. To test every technique ever
published could take a life-time, particularly as the area is still very active and numerous
papers are published each year. Although, it is not an exhaustive literature review,
several methods for texture classification have been mentioned and commented on in
chapter 2. The methods selected for the chapter essentially fall into two, though not
mutually exclusive, categories. The first category consists of ’standard’ techniques, i.e.
those that have been used consistently over the years and have performed well on
different data sets. For example, the texture features of Haralick et al. (1973) have been
successful in classifying various textures over the past two decades. The 14 features
originally suggested by Haralick et al. in 1973 have since been added to, and
modifications of their technique have been used. The maximum likelihood method of
Vickers and Modestino (1982) uses the whole co-occurrence matrix to classify textures,
rather than extracting features, and again, because of its success, this method could be
considered a ’standard’ technique, worthy of testing before more complicated algorithms
are developed. Other statistical techniques such as Fourier transform features and run-
length matrices, which have been fairly extensively tested but have received less
favourable reviews, are included for completeness. More recently, modelling techniques,
particularly those based on Markov and Gibbs random fields, have become an almost
standard approach to texture analysis, although a limited amount of work has yet been
done on the problem of texture classification.

The second category of techniques in chapter 2 are those which have been less
extensively investigated but look promising, in my opinion, for classifying the rats’
tibiae in this study. One example of a technique in this category is the relative extrema
measures of Mitchell et al. (1977). In the initial stages of this research, line scans of
images were taken and analysed subjectively. Although this work was taken no further,
results looked promising and could perhaps be extended.

Less work has been done in the area of texture segmentation, although there
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have been several publications in the past few years. Until recently, the only well-
publicised method was that of Rosenfeld & Thurston (1971). In the past ten years, one
active area of research in texture segmentation has been the use of Gibbs and Markov
random field models (Derin & Cole (1986), Derin & Elliott (1987), Hansen & Elliott
(1982), Geman & Graffigne (1986)). Other techniques involved measuring image
properties over windows of varying sizes. These include Chen and Pavlidis’ (1979)
split-and-merge algorithm, the pyramid approach of Burt et al. (1981) and the quad-tree
smoothing approach of Spann and Wilson (1985).

Although’it is perhaps unlikely that results in this study could be ‘improved to
any great extent using the techniques mentioned above, an investigation into at least
some of them, particularly quad-tree smoothing and relative extrema methods, would

provide an interesting extension to this research project.

6.3.1 The Quad-Tree Approach

The quad-tree approach is a special case of a split-and-merge algorithm. If an
image is inhomogeneous with regard to some texture feature it is divided into quadrants
and the process is repeated until the image consists of homogeneous regions. At any
stage, homogeneous regions may also be combined. Chen & Pavlidis (1979) used co-
occurremce matrices as their features, whereas Spann & Wilson (1985) used a
combination of statistical and spatial information to segment synthetic texture images,
and in 1988 Wilson & Spann used a similar technique based on finite prolate spheroidal
sequences to segment synthetic images and Brodatz’ (1966) images. In this study
images were divided into quadrants until homogeneous regions were obtained but then
the texture segmentation algorithm of Rosenfeld & Thurston (1971) was applied.

Further investigation could involve some of the texture features mentioned above.

6.3.2 Relative Extrema

As mentioned above, an initial investigation of the use of scan-lines for classifying the
images looked promising, and could be further investigated. For example, a fine type

1 texture would be expected to have numerous peaks, whereas the coarser type 2 would
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have less, and the smooth type 5 less still. These properties could possibly also be used
to find the boundaries between two textures, e.g. the point where an oscillating line

becomes smooth may indicate a boundary between a type 2 and a type 5 texture.
6.3.3 Markov & Gibbs Random Fields

Markov and Gibbs random field models could be tested on the rats’ bone data.
Little work has been done on texture classification using Markov random field models
but Chen and Huang (1993) obtained better results with Markov random field parameters
than co-occurrence matrix features when classifying Brodatz’ (1966) texture images.
On the other hand, Ohanian and Dubes (1992) obtained better results with co-occurrence
matrices than Markov random fields, and advised that Markov random fields should only
be used on large images. It is perhaps unlikely, therefore, that classification of rats’
tibiae could be improved by Markov random fields, but the models are worthy of some
investigation.

Segmentation of images using Markov random fields is a much more difficult
problem, and one that has only really been addressed using synthetically generated
images. An image labelling problem is specified in terms of a set of objects and a set
of object labels L={l,l,,...15} where the labels denote the pattern classes in the image.
For example, if an image contains an object in a background, G=2 labels could be used,
one for the object and one for the background. The true pixel labelling is denoted x’
= {x,,X"y, ..X'y} where M is the number of pixels. The object in segmentation
problems is to estimate x'. The set of observable random variables is denoted by
Y={Y,,Yp... Yy} where Y, is a feature vector associated with the t" pixel, and the true
labelling x" is viewed as a realisation of a Markov random field imposed on
X={X,X,,...Xy}. Then, given a set of observed feature vectors, Y=y and the contextual

information P(X=x), the problem is to find the ’optimal’ estimate of the true labelling

*

X" The Maximum-A-Posteriori (MAP) method chooses the estimate £ that

maximises the posterior probability of X= £ , given Y=y i.e. P(X=xlY=y). Using

Bayes’ Theorem, this can be written
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P(Y=y|X=x)P(X=x) .

P(X=x|Y=y) = P(T-y)

The computational problems of finding £ are enormous, and various algorithms, such

as simulated annealing and iterated conditional modes (ICM) have been suggested.
Knowing the number of pattern classes and some of the parameters simplifies the
problem of estimating x’, but the problem is never easy. Dubes & Jain, in their paper
in 1989 state "Good prior information about the true image is a tremendous advantage
in segmentaion, as in all Bayesian procedures. Spectacular results can be achieved if
enough is known about the image model and the observation process." Thus although
authors such as Derin & Cole (1986) and Derin & Elliott (1987) have obtained good
segmentation results on synthetically generated images, it is less likely that such success
would be achieved on natural images where there is very little prior information.
Graffigne (1987) on the other hand, has obtained some promising results using Markov
random fields to segment images containing combinations of Brodatz’ (1966) texture
images. Whether the same techniques would work on bone is a matter for further

investigation.

Several other techniques for texture, not already mentioned in this thesis, have
been investigated by several authors in recent years. Some of the better-publicised

techniques are described below.

6.3.4 Fractals

Fractal geometry was initially explored and developed by Mandelbrot (1982) and
has had a major impact in modelling and analysis in the natural and physical sciences.
The defining characteristic of a fractal is that it has a ’fractional’ dimension.
Technically, a fractal is a set whose Hausdorft-Besicovich dimension is strictly larger

than the topological dimension. The fractal dimension of a surface corresponds quite
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closely to our notion of roughness. Fractals are independent of scale and provide a
mathematical framework to study the irregular shapes found in nature, such as
coastlines.

Consider a bounded set A in Euclidean n-space. The set A is said to be self-
similar when A is the union of N distinct (nonoverlapping) copies of itself, each of
which has been scaled down by a ratio r in all coordinates. The fractal or similiarity

dimension of A is given by the relation

1 =Nr? or N (¢Y)

Natural fractal surfaces do not, in general, possess this deterministic self-similarity.
Instead, they exhibit statistical self-similarity; that is, they are composed of N distinct
subsets each of which is scaled down by a ratio r from the original and is identical in
all statistical respects to the scaled original. The fractal dimension for these surfaces is
also given by (1).

There has been increasing interest in the use of fractal models in image analysis,
led primarily by Pentland (1984). He yielded a correct classification rate of 84.4% on
8 Brodatz’ (1966) textures by calculating the fractal dimensions of 16x16 images.
Keller et al. (1989) however, demonstrated that fractal dimension alone does not provide
sufficient discriminatory power to classify natural textures. They introduced new
features based on Mandelbrot’s concept of lacunarity (that characteristic of fractals of
the same dimension with different texture appearances) which capture the second-order
statistics of fractal surfaces. Using both their new estimate for computing the fractal
dimension and four lacunarity features they obtained good results when segmenting
images containing combinations of Brodatz’ (1966) textures. The results obtained by
Pentland (1984) were good considering the images were only of size 16x16. Once
again, however, all the analysis mentioned above has been applied to Brodatz’ (1966)
images. Fractal models and lacunarity features alone may not improve either the
segmentation or classification of bone, but it would be interesting to investigate, for

example, the use of a combination of lacunarity features and co-occurrence features.
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6.3.5 Spatial Filtering

Spatial filtering techniques have achieved good classification results in recent
years. The potential power of Fourier analysis for studying human vision was
discovered in the 1960s but it wasn’t until the 1980s that studies suggested that filtering
in spatial frequency channels might be useful for machine pattern recognition, including
texture analysis. The method is based on a model of human vision which postulates the
existence of channels which decompose an image into several bands of spatial frequency
and orientation. The output of the filtering procedure is a sequence of filiered images,
each of which contains limited spectral information from the original image. Simple
texture features such as a measure of the spread of the grey level frequency histogram
of the filtered images, can then be extracted from these filtered images. Coggins & Jain
(1985) used Gaussian shaped filters, adapted by Ginsburg (1977) in 4 directions, and
extracted a single feature to classify eight texture classes from Brodatz’ (1966) texture
album. They obtained 98% correct classification on 64x64 images and 91% on 32x32
images. Thus, once again, good results have been obtained on fairly small images,
although the images were again Brodatz’ (1966) images. Classification of the bone data

is unlikely to be as high as 91% but the method is still worth investigating.

6.3.6 Neural Networks

Artificial neural networks are currently enjoying a rapid expansion into all areas
of data and image processing and their use for texture classification is an area of
research which is fairly active at the time of writing. Artificial neural network models
are composed of many nonlinear computational elements operating in parallel and
arranged in patterns reminiscent of biological neural networks. Computational elements
or nodes are connected via weights that are typically adapted during use to improve
performance. Neural networks can be broken down in terms of how they are encoded
(how they store knowledge) and how they are decoded (how, once knowledgeable, they
process new input data). In its encoding property, a network can be either supervised
or unsupervised; in its decoding, it can be either a feedforward or feedback type.

Applications on texture so far tend to have been restricted to Brodatz’ (1966)
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texture images and satellite images but the methods could easily be applied to bone.
Muhamad & Deravi (1992) used a feedforward neural network structure with a single
hidden layer to classify 9 texture classes from Brodatz’ (1966) texture album. They
obtained similar results to those of Vickers & Modestino (1982) using maximum
likelihood, although they only used 4 texture features from the co-occurrence matrix
whereas the maximum likelihood method uses the whole co-occurrence matrix.
Greenspan et al. (1991) suggested a combined neural network and rule-based approach
to pattern recognition. They used Gabor filters for the feature-extraction phase and
demonstrated a correct classification rate of 95-99% for synthetic textures and 90% for
natural texture mosaics. In 1992 they applied their method to 5 texture classes from
Brodatz’ (1966) texture album and achieved a correct classification of around 90%. In
1993 Greenspan & Goodman applied the techniques to segment Landsat and aerial
images and found that their texture classification neural-network achieved ’a correct, yet
rough’ segmentation based on textural characteristics alone. More recently, Walder,
MacLaren & Reid (1994) compared a back-propagation neural network with spectral and
textural features with a maximum likelihood classifier to classify satellite images of
clouds and obtained 95% correct classification compared with 90% using maximum
likelihood. Features from co-occurrence matrices were extracted trom the bone data and
run through a feed-forward neural net but the results were poor with only 44% of the
images in the test set being correctly classified. Different architectures or different

learning rules may, however, provide better results.

6.3.7 Continuous Texture Types

In this study five texture types were assumed. Dempster (1979) used six types,
the sixth being a mineralisation front over a resorbed area, which is difficult to
distinguish from the formative types. It would be possible, however, to extend the
research to include this sixth type. It also may be more sensible to treat the texture
types as a continuous scale, rather than 6 distinct types. The three formative types
merge into one another and physiologists may disagree on whether a bone is, for
example, a late type one or an early type two. The same may apply to types two and

three, and types four and five. Either treating the types as continuous, or alternatively
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increasing the number of texture types, where for example a type 2.5 could be thought
of as either a late type two or an early type three, would resolve this problem to some

extent.

6.3.8 Back-scattered Electron Images

The images analysed in this study were obtained by viewing specimens using a
scanning electron microscope. Scanning electron microscopes are largely used to study
surfaces of specimens. They have various advantages over other microscopy methods,
including good spatial resolution and a large depth of field. In almost all types of
electron microscopy, primary electrons enter the specimen and the same or different
electrons leave it again to form the image. Various interactions between the high energy
electrons and the atoms of the specimen are possible. The term secondary electrons is
used to describe those electrons which escape from the specimen with energies below
50eV. The yield of secondary electrons, i.e. the number emitted per primary electron,
can be as high as 1. Secondary electrons are therefore abundant and are the most
commonly used imaging signal in scanning electron microscopy. In thick specimens
some of the electrons are ’back-scattered’ out of the specimen. Back-scattered electrons
are not usually as numerous as secondary electrons but most of them have high energies.
Scanning electron microscopes normally have facilities for detecting both secondary
electrons and back-scattered electrons. Both types of electrons produce images similar
to images of solid objects viewed by eye, though back-scattered electron images tend
to have more shadows and highlights than secondary electron images. In some
circumstances it may be easier to interpret back-scattered images and to distinguish the
peaks from the troughs in the specimen, than for secondary electron images. Thus it
may, in fact, be easier to segment and classify back-scattered electron images. Further
work would be needed to see whether the techniques applied on the secondary electron
images used here would improve the results, or whether completely new techniques

would have to be developed.
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6.4 Conclusions

Several techniques for texture analysis have been review:=dand tested on scanning
electron microscope images of rats’ tibiae. Reasonably good automatic segmentation
and classification have been achieved. Previous studies required an operator to draw
boundaries between textures manually, and a physiologist was needed to identify each
texture type. Now textures can be identified by computer, with a minimal input required
from an operator. Various techniques have been suggested which may improve the
method further. Although restricted to rats’ tibiae in this study, the techniques could
possibly be applied to other natural textures such as human bone, and thereby in some

small way aid researchers in the search for cures for bone diseases.
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Appendix

Textural Features from Co-occurrence Matrices

1) Angular Second Moment
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where @,,u,,0, and o, are the means and standard deviations of P_ and P,.

4) Sum of Squares: Variance
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10) Difference Variance

LVL-1 LVL-1
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i=0 i=0
11) Difference Entropy
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12),13) Information Measures of Correlation
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where HX and HY are entropies of P, and P, and
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LVL-1 LVL-1
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14) Maximal Correlation Coefficient
)1/2
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where
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Notation:

P(i,j) = (i,j)th entry in the normalised co-occurrence matrix.
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