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Chapter 7

Volumetric Texture Analysis 
in Biomedical Imaging

Constantino Carlos Reyes-Aldasoro
The University of Sheffield, UK

Abhir Bhalerao
University of Warwick, UK

intrODUctiOn

What is texture?

Even when the concept of texture is intuitive, no 
single unifying definition has been given by the 
image analysis community. Most of the numer-

ous definitions that are present in the literature 
have some common elements that emerge from 
the etymology of the word: texture comes from 
the Latin textura, the past participle of the verb 
texere, to weave (Webster, 2004). This implies that 
a texture will exhibit a certain structure created by 
common elements, repeated in a regular way, as 
in the threads that form a fabric. Three ingredients 
of texture were identified in (Hawkins, 1970):

abstract

In recent years, the development of new and powerful image acquisition techniques has lead to a shift 
from purely qualitative observation of biomedical images towards more a quantitative examination of 
the data, which linked with statistical analysis and mathematical modeling has provided more interest-
ing and solid results than the purely visual monitoring of an experiment. The resolution of the imaging 
equipment has increased considerably and the data provided in many cases is not just a simple im-
age, but a three-dimensional volume. Texture provides interesting information that can characterize 
anatomical regions or cell populations whose intensities may not be different enough to discriminate 
between them. This chapter presents a tutorial on volumetric texture analysis. The chapter begins with 
different definitions of texture together with a literature review focused on the medical and biological 
applications of texture. A review of texture extraction techniques follows, with a special emphasis on 
the analysis of volumetric data and examples to visualize the techniques. By the end of the chapter, a 
review of advantages and disadvantages of all techniques is presented together with some important 
considerations regarding the classification of the measurement space.
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• some local ‘order’ is repeated over a region 
which is large in comparison to the order’s 
size,

• the order consists of the non-random ar-
rangement of elementary parts, and,

• the parts are roughly uniform entities hav-
ing approximately the same dimensions 
everywhere within the textured region.

Yet these ingredients could still be found in 
the very different contexts, not just in imagery, 
such as food, painting, haptics or music. Wikipe-
dia cites more than 10 contexts of tactile texture 
alone (http://en.wikipedia.org/wiki/Texture). In 
this work, we will limit ourselves to visual non-
tactile textures, sometimes referred as visual 
texture or simply image texture, which is defined 
in (Tuceryan & Jain, 1998) as: a function of the 
spatial variation in pixel intensities. Although 
brief, this definition highlights a key characteristic 
of texture, that is, the spatial variation. Texture is 
therefore inherently scale dependent (Bouman & 
Liu, 1991; Hsu et al., 1992; Sonka et al., 1998). 
The texture of a brick wall will change completely 
if we get close enough to observe the texture of a 
single brick. Furthermore, the texture of an ele-
ment (pixel or voxel) is implicitly related to its 
neighbors. It is not possible to describe the texture 
of a single element, as it will always depend on 
the neighbors to create the texture. This fact can 
be exploited through different methodologies 
that analyze neighboring elements, for example: 
Fourier domain methods, which extract frequency 
components according to the frequency of ele-
ments; a Markovian process in which the attention 
is restricted to the variations of a small neighbor-
hood; a Fractal approach where the texture is 
seen as a series of self-similar shapes; a Wavelet 
analysis where the similarity to a prototypical 
pattern (the Mother wavelet) at different scales or 
shifts can describe distinctive characteristics; or 
a co-occurrence matrix where occurrence of the 
grey levels of neighboring elements is recorded 
for subsequent analysis.

Some authors have preferred to indicate proper-
ties of texture instead of attempting to provide a 
definition. For instance in (Gonzalez & Woods, 
1992) texture analysis is related to its Statistical 
(smooth, coarse, grainy,...), Structural (arrange-
ment of feature primitives sometimes called 
textons) and Spectral (global periodicity based 
on the Fourier spectrum) properties. Some of 
these properties are visually meaningful and are 
helpful to describe textures. In fact, studies have 
analyzed texture from a psycho-visual perspec-
tive (Ravishankar-Rao & Lohse, 1993; Tamura 
et al., 1978) and have identified the properties 
such as: Granular, marble-like, lace-like, random, 
random non-granular and somewhat repetitive, 
directional locally oriented, repetitive, coarse, 
contrast, directional, line-like, regular or rough.

It is important to note that these properties 
are different from the features or measurements 
that can be extracted from the textured regions 
(although confusingly, some works refer to these 
properties as features of the data). When a meth-
odology for texture analysis is applied, sub-band 
filtering for instance, a measurement is extracted 
from the original data and can be used to distin-
guish one texture from another one (Hand, 1981). 
A measurement space (it can also be called the 
feature space or pattern representation (Kittler, 
1986)) is constructed when several measurements 
are obtained. Some of these measurements are 
selected to build the reduced set called a feature 
space. The process of choosing the most relevant 
measurements is known as feature selection, 
while the combination of certain measurements 
to create a new one is called feature extraction 
(Kittler, 1986).

Throughout this work we will refer to Volu-
metric texture as the texture that can be found 
in volumetric data ((Blot & Zwiggelaar, 2002) 
used the term solid texture). All the properties 
and ingredients that were previously mentioned 
about texture, or more specifically, visual, or 2D 
texture, can be applied to volumetric texture. Fig-
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ure 1 shows three examples of volumetric data in 
which textured regions can be seen and analyzed.

Volumetric texture

Volumetric Texture is different from 3D Texture, 
Volumetric Texturing or Texture Correlation. 3D 
Texture (Chantler, 1995; Cula & Dana, 2004; Dana 
et al., 1999; Leung & Malik, 1999; Lladó et al., 
2003) refers to the observed 2D texture of a 3D 
object that is being viewed from a particular angle 
and whose lighting conditions can alter the shad-
ings that create the visual texture. This analysis is 
particularly important when the direction of view 
or lighting can vary from the training process to 
the classification of the images. Our volumetric 
study is considered as volume-based (or image-
based for 2D); that is, we consider no change in 
the observation conditions. In Computer Graphics 
the rendering of repetitive geometries and reflec-
tance into voxels is called Volumetric Texturing 
(Neyret, 1995). A different application of texture 
in Magnetic Resonance is the one described by the 
term Texture Correlation proposed in (Brian K. 
Bay, 1995) and now widely used (Brian K. Bay et 
al., 1998; Gilchrist et al., 2004; Porteneuve et al., 
2000), which refers to a method that measures the 

strain on trabecular bone under loading conditions 
by comparing loaded and unloaded digital images 
of the same specimen.

Throughout this work, we will consider that 
volumetric data, VD, will have dimensions for 
rows, columns and slices Nr×Nc×Ns and is quan-
tized to Ng levels. Let

L r N
r r
= { , ,..., , ..., }1 2 , 

L c N
c c
= { , ,..., , ..., }1 2  and  

L s N
s s
= { , ,..., , ..., }1 2  

be the spatial domains of the data, (for an image 
Lr,Lc would be horizontal and vertical), (r,c,s) 
(rows, columns, slices) be a single point in the 
volumetric data, and G g N

g
= { , ,..., , ... }1 2  the 

set of grey tones or grey levels in the case of grey 
scale and 

G G G G
red green blue

= 

 =, ,

 
{ , ,..., , ... },{ , ,..., , ... },{ , ,.1 2 1 2 1 2g N g N

red g green gred green
..., , ... }g N

blue gblue






 

for a color image where G corresponds to a triplet 
of values for red, green and blue channels.

Figure 1. Three examples of volumetric data from where textures can be analyzed: (a) A sample of muscle 
from MRI, (b) A sample of bone from MRI, (c) The vasculature of a growing tumor from multiphoton 
microscopy. Unlike two dimensional textures, the characteristics of volumetric texture cannot always 
be observed from their 2D projection
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The volumetric data VD can be represented 
then as a function that assigns a grey tone to each 
triplet of co-ordinates:

L L L VD L L L G
r c s r c s
× × × × →; :  (1)

An image then is a special case of volumetric 
data when Ls={1}, that is (Haralick et al., 1973):

L L I L L G
r c r c
× × →; :  (2)

Literature review

Texture analysis has been used with mixed success 
in medical and biological imaging: for detection of 
micro-calcification and lesions in breast imaging 
(James et al., 2002; Sivaramakrishna et al., 2002; 
Subramanian et al., 2004), for knee segmentation 
(Kapur, 1999; Lorigo et al., 1998) and knee carti-
lage segmentation (Reyes Aldasoro & Bhalerao, 
2007), for the delineation of cerebellar volumes 
(Saeed & Puri, 2002), for quantifying contralateral 
differences in epilepsy subjects (Yu et al., 2001; 
Yu et al., 2002), to diagnose Alzheimer’s disease 
(Sayeed et al., 2002) and brain atrophy (Segovia-
Martínez et al., 1999), to characterize spinal cord 
pathology in Multiple Sclerosis (Mathias et al., 
1999), to evaluate gliomas (Mahmoud-Ghoneim 
et al., 2003), for the analysis of nuclear texture 
and its relationship to cancer (Jorgensen et al., 
1996; Mairinger et al., 1999), to quantitate nuclear 
chromatin as an indication of malignant lesions 
(Beil et al., 1995; Ercoli et al., 2000; Rosito et al., 
2003), to evaluate invasive adenocarcinomas of 
the prostate gland (Mattfeldt et al., 1993), to dif-
ferentiate among types of normal leukocytes and 
chronic lymphocytic leukemia (Ushizima Sabino 
et al., 2004), for the classification of plaque in 
intravascular ultrasound images (Pujol & Radeva, 
2005), for the quantitative assessment of bladder 
cancer (Gschwendtner et al., 1999), and for the 

detection of adenomas in gastrointestinal video as 
an aid for the endoscopist (Iakovidis et al., 2006).

Volumetric texture has received much less 
attention than its spatial 2D counterpart which 
has seen the publication of numerous and differ-
ing approaches for texture analysis and feature 
extraction (Bigun, 1991; Bovik et al., 1990; 
Cross & Jain, 1983; Haralick, 1979; Haralick et 
al., 1973; Tamura et al., 1978), and classification 
and segmentation (Bouman & Liu, 1991; Jain & 
Farrokhnia, 1991; Kadyrov et al., 2002; Kervrann 
& Heitz, 1995; Unser, 1995; Weszka et al., 1976). 
The considerable computational complexity that 
is introduced with the extra dimension is partly 
responsible for lack of research in volumetric 
texture. But also there are an important number 
of applications for 2D texture analysis, and yet, 
a growing number of problems where a study of 
volumetric texture is of interest.

In Biology, the introduction of confocal mi-
croscopy (Sheppard & Wilson, 1981; T. Wilson, 
1989) has created a revolution since it is possible 
to obtain incredibly clear, thin optical sections and 
three-dimensional views from thick fluorescent 
specimens. The advent of multiphoton fluores-
cence microscopy has allowed 3D optical imaging 
in vivo of tissue at greater depth than confocal 
microscopy, with very precise geometric localiza-
tion of the fluorophore and high spatial resolution 
(Masters & So, 2004). In Medical Imaging, the 
data provided by the scanners of several acqui-
sition techniques such as Magnetic Resonance 
Imaging (MRI) (Kovalev et al., 2001; Lerski et 
al., 1993; Schad et al., 1993), Ultrasound (Zhan 
& Shen, 2003) or Computed Tomography (CT) 
(Hoffman et al., 2003; Segovia-Martínez et al., 
1999) deliver grey level data in three dimensions. 
Different textures in these data sets can allow the 
discrimination of anatomical structures. In Food 
Science, the visual texture of potatoes (Thybo et 
al., 2003; Thybo et al., 2004) and apples (Létal 
et al., 2003) provided by MRI scanners has been 
used to analyze their varieties, freshness and 
proper cooking. In Dentistry, the texture of teeth, 
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observed either by scanning electron microscopy 
or confocal microscopy, can reveal defects, its rela-
tion with attrition, erosion or caries-like processes 
(Tronstad, 1973) or even microwear, which can 
lead to infer aspects of diet in extinct primates 
(Merceron et al., 2006; Scott et al., 2006). The 
analysis of crystallographic texture - the organiza-
tion of grains in polycrystalline materials - is of 
interest in relation to particular characteristics of 
ceramic materials such as for ferro- or piezoelec-
tricity (Tai & Baba-Kishi, 2002). In Stratigraphy, 
also known as Seismic Facies Analysis (Carrillat 
et al., 2002; Randen et al., 2000), the volumetric 
texture of the patterns of seismic waves within 
sedimentary rock bodies can be used to locate 
potential hydrocarbon reservoirs.

Thus, the analysis of volumetric texture has 
many potential applications but most of the re-
ported work, however, has employed solely 2D 
measures, usually co-occurrence matrices that are 
limited by computational cost. The most common 
technique to deal with volumetric data is to slice 
the volume in 2D cross-sections. The individual 
slices can be used in a 2D texture analysis (Blot 
& Zwiggelaar, 2002). A simple extension of the 
2D slices is to use orthogonal 2D planes in the 
different axes, and then proceed with a 2D tech-
nique, using Gabor filters for instance (Zhan & 
Shen, 2003). However, high frequency oriented 
textures could easily be missed by these filter 
planes. In those cases it is important to conduct 
a volumetric analysis.

Objectives

This chapter will introduce six of the most im-
portant texture analysis methodologies, those that 
can be used to generate a volumetric Measurement 
Space. The methodologies presented are: Spatial 
Domain techniques, Wavelets, Co-occurrence 
Matrix, Sub-band Filtering, Local Binary Patterns 
and Texture Spectra and The Trace Transform. It 
is important to analyze different algorithms as one 
technique may capture the textural characteristics 

of one region but not another. While repetitive 
oriented patterns can be described by their energy 
patterns in the Fourier domain, Local Binary 
Patterns are fast to calculate and concentrate on 
small regions, Trace transforms are orientation 
independent, Wavelets can capture non-linear and 
non-intuitive patterns and in some other cases, 
simpler measurements like variance can capture 
different textures.

Each methodology will be presented with 
mathematical detail and examples. By the end of 
the chapter a summary will review the advantages 
and disadvantages of the techniques and their 
current applications and will give references to 
where the techniques have been used.

teXtUre anaLYsis: generating 
a MeasUreMent sPace

In this section, a review of texture measurement 
extraction methods will be presented. A special 
emphasis will be placed on the use of these tech-
niques in 3D. Some of the techniques have been 
widely used in 2D but not in 3D, and some others 
have already been extended. For visualization pur-
poses, two data sets will be presented: an artificial 
set with two oriented patterns and one volumetric 
set of a human knee MRI set (Figure 2).

All the measurements extracted from the data, 
either 2D or 3D will form a multivariate space, 
regardless of the method used. The space will 
have as many dimensions or variables as measure-
ments extracted. Of course, numerous measure-
ments can be extracted from the data, but a 
higher number of measurements do not always 
imply a better space for classification purposes. 
In some cases, having more measurements can 
yield lower classification accuracy and in others 
a single measurement can provide the discrimina-
tion of a certain class. The set of all measurements 
extracted from the data will be called the measure-
ment space and when a reduced set of relevant 
features is obtained, this will be called feature 
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space (Hand, 1981). The selection of a proper set 
of measurements is a difficult task, which will 
not be covered here.

To obtain a measurement from a volumetric 
data set, it is necessary to perform a transformation 
of the data. A transformation can be understood as 
a modification of the data in any way, as simply 
as an arithmetic operation or as complicated as 
a translation to a different representation space. 
We will now describe different transformations 
that lead to measurement extraction techniques.

spatial Domain Measurements

The spatial domain methods operate directly with 
the values of the pixels or voxels of the data:

VD x T VD

L L L

x L L L
r c d

r c d

( ) = ( )





⊂ × ×( )
∈ × ×( )

N

N
N N N

,

,

   

    (3)

where T is an operator defined over a neighbor-
hood N relative to the element x that belongs to 
the region L L L

r c d
N N N× ×( ) . The result of any 

particular operator Ti will become one dimension 
of the multivariate measurement space S:

Si=VDi (4)

and the measurement space will contain as many 
dimensions i as the operations performed on the 
data.

Single Element Mappings

The simplest spatial domain transformations arise 
when the neighborhood N is restricted to a single 
element x. T then becomes a mapping T:G⟶G
T G G: ®  on the intensity or grey level of the 
element: g T g= 



  and is sometimes called a 

mapping function (Gonzalez & Woods, 1992). 
Figure 3 shows two cases of these mappings; the 

Figure 2. Three-dimensional data sets with texture: (a) Artificial data set with two oriented patterns of 
[64×32×64] elements each, with different frequency and orientation, and (b) Magnetic Resonance of a 
human knee. Left: data in the spatial domain; right: data in the Fourier domain
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first involves no change of the grey level, while 
the second case thresholds the grey levels between 
certain arbitrary low and high values gl,gh.

This technique is simple and popular and is 
known as grey level thresholding, which can be 
based either on global (all the image or volume) 
or local information. In each scheme, single or 
multiple thresholds for the grey levels can be as-
signed. The philosophy is that pixels with a grey 
level below a threshold belong to one region and 
the remaining pixels to another region. The goal 
is to partition the image into regions, object/
background, or object object background

a b
/ / ... . 

Thresholding methods rely on the assumption that 
the objects to segment are distinct in their grey 
levels and can use histogram information, thus 
ignoring spatial arrangement of pixels. Although 
in many cases good results can be obtained, in 
texture analysis there are several restrictions. First, 
since texture implies the variation of the intensi-
ties of neighboring elements, a single threshold 
can select only some elements of a single texture. 
In some cases like for MRI, the intensities of 
certain structures are often non-uniform, possibly 
due to inhomogeneities of the magnets, and there-
fore simple thresholding can wrongly divide a 
single structure into different regions. Another 
matter to consider is the noise intrinsic to the im-

ages that can lead to a misclassification. In many 
cases the optimal selection of the threshold is not 
a trivial matter.

The histogram (Winkler, 1995) of an image 
measures the relative occurrence of elements at 
certain grey levels. The histogram is defined as:

h g
x L L L VD x g

L L L
g Gr c d

r c d

( )
# ( ) : ( )

#{ }
,=

∈ × × ={ }
× ×

∈  

(5)

where # denotes the number of elements in the 
set. This approach involves only the first-order 
measurements of a pixel (Coleman & Andrews, 
1979) since the surrounding pixels (or voxels) are 
not considered to obtain higher order measure-
ments. Figure 4 presents the two data sets and their 
corresponding histograms. The histogram of the 
human knee (b) is quite dense and although two 
local minima or valleys can be identified around 
the values of 300 and 900, using these thresholds 
may not be enough for segmenting the anatomical 
structures of the image. It can be observed that 
the lower grey levels, those below the threshold 
of 300 correspond mainly to background, which 
is highly noisy. The pixels with intensities be-
tween 301 and 900 roughly correspond to the 
region of muscle, but include parts of the skin, 

Figure 3. Mapping functions of the grey level. The horizontal axis represents the original value and the 
vertical axis the modified value: (a) Grey levels remain unchanged, (b) Thresholding between values g

l
 

and g
h
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and the borders of other structures like bones 
and tissue. Many of the pixels in this grey level 
region correspond to transitions from one region 
to another. (The muscles of the thigh; Semimem-
branosus and Biceps Femoris in the hamstring 
region, do not appear as uniform as those in the 
calf; the Gastrocnemius, and Soleus.) The third 
class of pixels with intensities between 901-2787 
roughly correspond to bones – femur, tibia and 
patella – and some tissue – Infrapatellar Fat Pad, 
and Suprapatellar Bursa. These tissues consist of 
fat and serous material, which have similar grey 
levels as the bones. The most important problem is 
that bone and tissue share the same range of grey 
levels in this MRI and using just thresholding it 
would not be possible to distinguish successfully 
between them. The histogram of the oriented 
textures (Figure 4 (d)) is not as dense and smooth 
as the one corresponding to the human knee and 

it spreads through the whole grey level region 
without showing any valleys or hills that could 
indicate that thresholding could help in separating 
the textures involved.

Figure 5 shows the result of thresholding over 
the data sets previously presented. The human 
knee was thresholded at the g = 1500 and the 
oriented data at g = 5.9. For the knee some struc-
ture of the leg is visible (like the Tibia and Fibu-
la in the lower part) but this thresholding is far 
from useful. For the oriented data both regions 
contain pixels above the threshold.

Neighborhood Filters

When T comprises a neighborhood bigger than a 
single element, several important measurements 
can be used. When a convolution with kernels is 
performed, this can be considered as a filtering 

Figure 4. Two images (one slice of the data sets) and their histograms: (a, b) Human Knee MRI, and 
(c, d) Oriented textures. It should be noticed how the MRI concentrates the intensities in certain grey 
levels while the oriented textures are spread (non-uniformly) over the whole range
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operation, which is described below. If the rela-
tive position is not taken into account, the most 
common measurements that can be extracted are 
statistical moments. These moments can describe 
the distributions of the sample, that is the elements 
of the neighborhood, and in some cases these 
can help to distinguish different textures. Yet, 
since they do not take into account the particular 
position of any pixel, two very different textures 
could have the same distribution and therefore the 
same moments. Even with this limitation, some 
researchers use these measurements as descrip-
tors for texture.

For a neighborhood related to the element x 
= (r,c,s) a neighborhood can be seen as a subset 
N of the data with the domains L L L

r c s
N N N´ ´  

(of size N N N
r c s
N N N, , ) related to the data in the 

following relations:

L L L r r r N r N N
r r r r r r
N N N N⊂ = + + ≤ ≤ −      { , ,..., }, ,1 1  

(6)

L L L c c c N c N N
c c c c c c
N N N N⊂ = + + ≤ ≤ −      { , ,..., }, ,1 1  

(7)

L L L s s s N s N N
s s s s s s
N N N N⊂ = + + ≤ ≤ −      { , ,..., }, ,1 1  

(8)

( , , ) ( )r c s L L L
r c s

∈ × ×N N N  

The first four moments of the distribution; 
mean μ, standard deviation σ, skewness sk and 
kurtosis ku, are obtained by:

m
VD

r c s L L LN N N
VD r c s

r c s

=
× ×
∑1

N N N
N N N

( , , )  

(9)

σ µ
VD

r c s

VD
L L LN N N

VD r c s
r c s

= +
−

−( )
× ×
∑1

1

2

N N N
N N N

( , , )  

(10)

sk
N N N

VD r c s
VD

r c s

VD

L L Lr c s

=
−

−









× ×

1

1

3

N N N
N N N

( , , ) µ

σ∑∑  

(11)

ku
N N N

VD r c s
VD

r c s

VD

L L Lr c s

=
−

−









× ×

1

1

4

N N N
N N N

( , , ) µ

σ∑∑  

(12)

Figure 5. Thresholding effect on 3D sets: (a) Oriented textures thresholded at g = 5.9, (b) Human knee 
thresholded at g = 1500. While the oriented textures have elements in the whole volume, the MRI is 
concentrated to the regions of bone and tissue
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Figure 6 shows the results of calculating 
the four moments over a neighborhood of size 
16×16 in a sliding window (overlapping) for the 
example data sets. It is important to mention that 
for higher moments the accuracy of the estimation 
will depend on the number of points. With only 
256 points, the estimation is not very accurate.

For the knee data, it is interesting to observe 
that the higher values of the standard deviation 
correspond to the transition regions, roughly close 
to the edges of bones tissue and skin. The lower 
values correspond to more homogeneous regions, 
and account for more than 92% of the total ele-
ments.

While for the knee data, some of the results can 
be of interest, for the oriented textures the moments 
resemble a blurred version of the original image. 
From here we can observe that if these moments 
are of interest it will imply that a significant dif-
ference on the grey levels is present.

Convolutional Filters

The most important characteristic of the measure-
ments that were presented in the previous section 
was that the relative position of the elements inside 
the neighborhood is not considered. In contrast to 
this, there are many methods in the literature that 
use a template to perform an operation among the 
elements inside a neighborhood. If the template 
is not isotropic then the relative position is taken 
into account. The template or filter is used as a 
sliding window over the data to extract the desired 
measurements. The operators respond differently 
to vertical, horizontal, or diagonal edges, corners, 
lines or isolated points.

The templates or filters will be arrays of dif-
ferent size: 2×2, 3×3, etc. To use these filters in 
3D is just necessary to extend by one extra di-
mension and have filters of sizes: 2×2×2, 3×3×3, 
etc. The design and filtering effect will depend 
on the coefficients assigned to each element of 
the template: z1,z2,z3,… that will interact with the 
voxels x1,x2,x3,… of the data. If the coefficients of 

Figure 6. Four moments for one slice of the examples: (a) Mean, (b) Standard Deviation, (c) Skewness, 
(d) Kurtosis
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these filters are related to the values of the data 
through an equation R=z1x1+z2x2+z3x3+… this is 
considered as a linear filter. Other operations such 
as the median, maximum, minimum, etc. are pos-
sible. In those cases the filter is considered as a 
non-linear filter. The simplest case of these filters 
would be when all the elements zi have equal values 
and the effect of the convolution is an averaging 
of neighboring elements. A very common set of 
filters is the one proposed in (Laws, 1980) that 
emerge from the combination of three basic vec-
tors: [1 2 1] used for averaging, [-1 0 1] used for 
edges and [-1 2 -1] used for detecting spots. The 
outer product of two of these vectors can create 
many masks used for filtering.

These filters can easily be extended into 3D 
by using 3 vectors and have been used to analyze 
muscle fiber structures from confocal microscopic 
images (Lang et al., 1991). The problem of Laws 
mask remains in the selection of the vectors; a 
great number of combinations can be generated 
in 3D and not all of them would be useful.

Differential filters are of particular importance 
for texture analysis. Applying a gradient operator 
∇ to the data will result in a vector:

∇ = + +VD
VD
r
r
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c
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s
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where ,̂ ,̂ ˆr c s( )  represent unitary vectors in the 
direction of each dimension. In practice the partial 
derivatives are obtained by the difference of ele-
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 is used to obtain dif-

ferences in the diagonals. The differences between 
elements will visually sharpen the data; in contrast 
to the smoothing of the data created by averaging.

Other texture measurements use of the mag-
nitude of the gradient (MG)
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For example, the Zucker-Hummel filter 
(Zucker & Hummel, 1981):
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(15)

which has also been used as a gradient operator 
(Kovalev et al., 2001; Kovalev et al., 2003a; 
Kovalev et al., 2003b; Segovia-Martínez et al., 
1999). Once the filter is convolved in each of the 
axis, either the magnitude or the orientation of the 
gradient at each voxel can be used to calculate 
three-dimensional histograms. If orientation is 
considered, the values are grouped into bins of 
solid angles. These histograms can be visualized 
with an extended Gaussian image (3D orientation 
indicatrix) (Kovalev et al., 1999).

This filter is also used as a step of the 3D 
co-occurrence matrix proposed in (Kovalev et 
al., 1999; Kovalev & Petrou, 1996) and will be 
further discussed below.
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Wavelets

Wavelet decomposition and Wavelet Packet are 
two common techniques used to extract measure-
ments from textured data (Chang & Kuo, 1993; 
Fatemi-Ghomi, 1997; Fernández et al., 2000; 
Laine & Fan, 1993; Rajpoot, 2002; Unser, 1995) 
since they provide a tractable way of decompos-
ing images (or volumes) into different frequency 
components sub-bands at different scales.

Wavelet analysis is based on mathematical 
functions, the Wavelets, which present certain 
advantages over Fourier domain analysis when 
discontinuities appear in the data, since the ana-
lyzing or mother Wavelet ψ is a localized function 
limited in space (or time) and does not assume 
a function that stretches infinitely as do the si-
nusoidals of the Fourier domain analysis. The 
Wavelets or small waves should decay to zero at 
±∞ (in practice they decay very fast) so in order 
to cover the space of interest (which can be the 
real line R) they need to be shifted along R. This 
could be done with integral shifts:

ψ (r - k),k ∈Z,  (16)

where Z=[...,-1,0,1,...] is the set of integers. To 
consider different frequencies, the Wavelet needs 
to be dilated, one way of doing it is with a binary 
dilation in integral powers of 2:

Ψ(2lr-k), k,l∈Z.  (17)

The signal Ψ(2lr-k) is obtained from the mother 
Wavelet ψ (r) by a binary dilation 2j and a dyadic 
translation k∕2l. The function Ψk,l is defined as:

Ψk,l(r)=Ψ(2lr-k), k,l∈Z.  (18)

The scaled and translated Wavelets need to 
be orthogonal to each other in the same way that 
sine and cosine are orthogonal, i.e.:

y y
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.  (19)

Next, for the basis to be orthonormal, the 
functions need to have unit length. If ψ has unit 
length, then all of the functions Ψk,l will also have 
unit length:

∥Ψk,l(r)∥2=1.  (20)

Then, any function f can be written as:

f r c r
k l k l

k l

( ) ( ),
, ,

,

=
=−∞
∑ y  (21)

where ck,l are called the Wavelet coefficients, 
analogous to the notion of the Fourier coefficients 
and are given by the inner product of the function 
and the Wavelet:
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The Wavelet transform of a function f (r) is 
defined as (Chui, 1992):
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The Wavelets must satisfy certain conditions, 
of which perhaps the most important one is the 
admissibility condition, which states that:

| ( ) |
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where Ψω(ρ) is the Fourier transform of the mother 
Wavelet ψ(r). This condition implies that the 
function has zero mean:

y( ) ,r dr =
∞

∞

∫ 0  (25)
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and that the Fourier transform of the Wavelet ψ 
vanishes at zero frequency. This condition prevents 
a Gabor filter from being a Wavelet since it is pos-
sible that a Gabor filter will have a value different 
from zero at the origin of the Fourier domain.

From a signal processing point of view, it 
may be useful to think of the coefficients and the 
Wavelets as filters, in other words, we are dealing 
with band pass filters, not low pass filters. To cover 
the low pass regions, a scaling function (Mallat, 
1989) is used. This function does not satisfy the 
previous admissibility condition (and therefore it 
is not a Wavelet) but covers the low pass regions. 
In fact, this function should integrate to 1. So, by 
a combination of a Wavelet and a scaling func-
tion it is possible to split the spectrum of a signal 
into a low pass region and a high pass region. 
This combination of filters is sometimes called a 
quadrature mirror filter pair (Graps, 1995). The 
decomposition can continue by splitting the low 
pass region into another low pass and a band pass. 
This process is represented in Figure 7. To prevent 
the dimensions of the decomposition expanding 
at every step, a down-sampling (subsampling) 
step is performed in order to keep the dimen-
sions constant. In many cases the down-sampling 
presents no degradation of the signals but it may 
not always be the case. If the down-sampling step 
is eliminated, the decomposition will provide 

an over-complete representation called Wavelet 
Frames (Unser, 1995).

It is important to remember that ejx = 
cos(x)+jsin(x) is the only function necessary to 
generate the orthogonal space in Fourier analysis. 
While through the use of Wavelets, it is possible 
to extract information that can be obscured by the 
sinusoidals. There is a large number of Wavelets 
to choose from: Haar, Daubechies, Symlets, Coi-
flets, Biorthogonal, Meyer, etc., and some of them 
have variations according to the moments of the 
function. The nature of the data and the applica-
tion can determine which family to use, but even 
with this knowledge, it is not always clear how 
to select a particular family of Wavelets.

The decomposition is normally performed only 
in the low pass region, but any other section can 
also be decomposed. When the high pass region 
(or band pass) is decomposed, an adaptive Wavelet 
decomposition or Wavelet packet is used. Figure 
8 shows a schematic representation of a Wavelet 
packet.

The previous description of the Wavelet de-
composition was based on a 1D function f(r). 
When dealing with more than one dimension, the 
extension is usually performed by separable 
Wavelets and scaling functions applied in each 
dimension. In 2D, 4 options are obtained in one 
level of decomposition: LL, LH, HL, HH, that 

Figure 7. (a) Wavelet decomposition by successively splitting the spectrum. (b) Schematic representa-
tion of the decomposition. In both cases the spectrum is subdivided first into low-pass and high pass, 
then the low-pass is subdivided into low-pass and high-pass successively until a desired level is reached
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is low pass in both dimensions (LL), one low pass 
and one high pass in opposite dimensions (LH, 
HL) and high pass in both dimensions (HH). 
Figure 9 represents schematically a 3D separable 
Wavelet decomposition, eight different combina-
tions of the filters (LLL, LLH, LHL, LHH, HLL, 
HLH, HHL, HHH) can be achieved in the first 
level of a 3D decomposition.

Figure 10 presents the first two levels of a 2D 
Wavelet decomposition (Coiflet 1 used) of one 
slice of the human knee MRI.

Joint statistics: the co-Occurrence 
Matrix

The co-occurrence matrix defines the joint oc-
currences of grey tones (or ranges of tones) and 
is constructed by analyzing the grey levels of 
neighboring pixels. The co-occurrence matrix 
is a widely used technique over 2D images and 
some extensions to three dimensions have been 
proposed. We begin with a description of 2D co-
occurrence.

2D Co-Occurrence

Let the original image I with dimensions for rows 
and columns Nr×Nc be quantized to Ng grey levels. 
The co-occurrence matrix will be a symmetric 
Ng×Ng matrix that will describe the number of 
co-occurrences of grey levels in a certain orienta-
tion and a certain element distance. The distance 
can be understood as a chess-board distance (D8) 
(Gonzalez & Woods, 1992). The un-normalized 
co-occurrence matrix entry CM(g1,g2,D8,θ) re-
cords the number of times that grey levels g1 and 
g2 jointly occur at a neighboring distance D8, in 
the orientation θ. For example, if Lc={1,2,…,Nc} 
and Lr={1,2,…,Nr} are the horizontal and vertical 
co-ordinates of an image I, and G={1,…,g1,…
,g2,…,Ng} the set of quantized grey levels, then 
the values of the un-normalized co-occurrence 
matrix CM(g1,g2) within a distance D8=1 and 

θ
π

=
3
4

 is given by:

Figure 8. Wavelet packet decomposition. Both high pass and low pass are further split until a desired 
level of decomposition is reached

Figure 9. A schematic representation of a 3D Wavelet decomposition
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where # denotes the number of elements in the 
set. In other words, the matrix will be formed 
counting the number of times that two pixels with 
values g1,g2 appear contiguous in the direction 
down and to the right (south-east). In this way, 
a co-occurrence matrix is able to measure local 
grey level dependence: textural coarseness and 
directionality. For example, in coarse images, 
the grey level of the pixels change slightly with 
distance, while for fine textures the levels change 
rapidly. From this matrix, different features such 
as: entropy, uniformity, maximum probability, 
contrast, correlation, difference moment, inverse 
difference moment, correlation can be calculated 
(Haralick et al., 1973). It is assumed that all the 
texture information is contained in this matrix.

As an example to illustrate the properties of 
the co-occurrence matrix, 4 training regions, 
namely, background, muscle, bone, tissue, were 
selected from the MRI. Figure 11 shows the train-
ing samples location in the original image. For 
every texture, the co-occurrence matrix was cal-

culated for 4 different orientations θ π π π
= { , , , }0

4 2
3
4

 

and three distances D8={1,2,3}. The results are 
presented in the Figure 12, Figure 13, Figure 14, 
Figure 15. Here are some brief observations about 
the co-occurrence matrices and their distributions:

• Background. The distribution of the co-
occurrence matrix suggests a highly noisy 
nature with a skew towards the darker re-
gions. There is a certain tendency to be 
more uniform in the horizontal direction (θ 
= 0) at a distance of D8=1 which is the only 
matrix that is significantly different from 
the rest of the set.

• Muscle. The co-occurrence matrix is high-
ly concentrated in the central region, the 
middle grey levels, and there is a lower 
spread compared with the background. A 
vertical structure can be observed, this in 
turn gives a certain vertical and horizon-
tal (θ=0,π∕2) uniformity, only at distance 
D8=1.

• Bone. The nature of the bone is highly 
noisy as it can be observed from the ma-
trices, but compared with the background, 

Figure 10. Two levels of a 2D Wavelet decomposition of one slice of the human knee MRI, (a) Level 1, 
(b) Level 2. In some cases, the four images of second level are placed in the upper-left quadrant of Level 
1. In this case, they are presented separately to appreciate the filtering effect of the wavelets
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there is no skew towards dark or bright. As 
in the case of the muscle there is certain 
horizontal uniformity, but not vertical.

• Tissue. The distribution is skewed towards 
the brighter levels. The tissue presents 
several major structures with a 135° orien-
tation, this makes the θ=π∕4 matrix to be 
more dispersed than the other orientations 

for distance D8=1. As the distance increas-
es the matrices spread towards a noisy 
configuration.

When observing the matrices, it is important 
to note which textures are invariant to distance 
or angle. Some useful characteristics of the co-
occurrence matrix are presented in Table 1.

Figure 11. Human knee MRI and four selected regions. These regions have different intensity levels and 
different textures that will be analyzed with co-occurrence matrices

Figure 12. A sample of background, its histogram and co-occurrence matrices. The matrices describe 
a fairly uniform texture concentrated on the low intensity regions
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Some of the features determine the presence 
of a certain degree of organization, but others 
measure the complexity of the grey level transi-
tions, and therefore are more difficult to identify. 
The textural features as defined in (Haralick et 

al., 1973) and (Haralick, 1979) are presented in 
Table 2 and Table 3. There are slight differences 
in the features presented in both texts, notice for 
instance that Contrast and Correlation are some-
times equivalently displayed as:

Figure 14. A sample of bone, its histogram and co-occurrence matrices. With the exception of the first 
matrix, the texture co-occurrences are rather uniform and spread. This suggests that bone has a strong 
component of orientation at (θ = 0)

Figure 13. A sample of muscle, its histogram and co-occurrence matrices. The matrices describe a texture 
concentrated on the middle levels
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Any single matrix feature or combination can 
be used to represent the local regional properties 
but it can be difficult to predict which combination 
will help discriminate regions without some ex-
perimentation.

The major disadvantage of the co-occurrence 
matrix is that its dimensions will depend on the 
number of grey levels. In many cases, the grey 
levels are quantized to reduce the computational 
cost and information is inevitably lost. Otherwise, 
the computational burden is huge. To keep compu-
tation tractable, the grey levels are quantized, D8 
is restricted to a small neighborhood and a limited 
number of angles θ are chosen. An important im-
plication of quantizing the grey levels is that the 
sparsity of the co-occurrence matrix is reduced.

The images are normally processed by blocks 
of a certain size 4×4, 8×8, 16×16, etc., and they 
have an overlap which allows for rapid computa-
tion of the matrix (Alparonte et al., 1990; Clausi & 

Jernigan, 1998). Even with these restrictions, the 
number of features can be very high and a selec-
tion method is required. If 4 angles are selected, 
with 15 textural features, the space will be of 60 
features for every distance D8; if D8={1,2,3}, the 
feature space will have 180 dimensions. Figure 
16 presents 60 features calculated on one slice 
of the MRI.

3D Co-Occurrence

When the co-occurrence of volumetric data sets VD 
is to be analyzed, the un-normalized co-occurrence 
matrix will become a five dimensional matrix:

CM(g1,g2,D8,θ,d),  (27)

where d will represent the slice separation of the 
voxels. Alternatively, two directions: θ, ϕ could 
be used. The computational complexity of this 
technique will grow considerably with this ex-
tension; the co-occurrence matrix could also be 
a very sparse matrix. The sparsity of the matrix 
could imply that quantizing could improve the 

Figure 15. A sample of tissue, its histogram and co-occurrence matrices. The matrices indicate a highly 
concentrated texture towards the higher levels
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complexity, or special techniques of sparse matrix 
could also be used (Clausi & Jernigan, 1998).

Early use of co-occurrence matrices with 3D 
data was reported by in (Ip & Lam, 1994) where 
data was partitioned, the co-occurrence matrix 
calculated, and three features for each partition 
were selected and then classified the data into 
homogeneous regions. The homogeneity is based 
on the features of the sub-partitions.

A generalized multidimensional co-occurrence 
matrix was presented in (Kovalev & Petrou, 1996). 
The authors propose M-dimensional matrices, 
which measure the occurrence of attributes or 
relations of the elements of the data; grey level 
is one attribute but others (such as magnitude of 
a local gradient) are possible. Rather than using 
the matrices themselves, features are extracted 
and used in several applications: to discriminate 
between normal brains and brains with patholo-
gies, to detect defects on textures, and to recognize 
shapes.

Another variation of the co-occurrence matrix 
is reported in (Kovalev et al., 2001) where the 
matrix will include both grey level intensity and 
gradient magnitude:

CM(g1,g2,MG1,MG2,D8,θ,d).  (28)

This matrix is called by the authors IIGGAD 
(Two Intensities, Two Gradients, Angle, Distance) 
who also consider reduced versions of the form: 
IID, GGD, GAD. The traditional co-occurrence 
matrix will be a particular case of the IIGGAD 
matrix. This matrix was used in the discrimination 
of brain data sets of patients with mild cogni-
tive disturbance. This technique was also used 
to segment brain lesions but the method is not 
straightforward. First, a representative descrip-
tor of the lesion is required. For this, a VOI that 
contains the lesion is required, which leads to a 
training set manually determined. Then, a map-
ping function is used to determine the probability 
of a voxel being in the lesion or not, based on 

Table 1. Graphical characteristics of the co-occurrence matrix 

(a) (b) (c) (d) (e) (f)

When the co-occurrence matrix is displayed as a grey-level intensity image, dark represents low occurrence, i.e. no transitions 
simultaneous occurrence of those intensity levels and bright represents high occurrence of those transitions. The main diagonal if 
formed by the occurrences of the transitions when g1 = g2.

(a) High values in the main diagonal imply uniformity in the image. That is, most transitions occur between similar levels of grey for 
g1 and g2.

(b) High values outside the main diagonal imply abrupt changes in the grey level, from very dark to very bright.

(c) High values in the upper part imply a darker image.

(d) High values in the lower part imply a brighter image.

(e) High values in the lower central region part imply an image whose transitions occur mainly between similar grey levels and 
whose histogram is roughly of Gaussian shape.

(f) In a noise image, the transitions between different grey levels should be balanced and it should be invariant to D8 and θ. The 
reverse, a balanced matrix, does not imply a noisy image.
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the distances between the current VOI and the 
representative VOI of the lesion. Again this step 
needs tuning. The segmentation is carried out with 
a sliding-window analyzing the data for each VOI. 

Post-processing with knowledge of the WM area 
is required to discard false positives. The method 
segments the lesions of the WM but there is no 
clinical validation of the results.

Table 2. Textural features of the co-occurrence matrix (Haralick, 1979; Haralick et al., 1973):
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In summary, co-occurrence matrices can be 
extended without much trouble to 3D and are a 
good way of characterizing textural properties of 
the data. The segmentation or classification with 
these matrices presents several disadvantages: 
first, the computational complexity of calculating 
the matrix is considerable for even small ranges of 
grey levels (even with fast methods (Alparonte et 
al., 1990; Clausi & Jernigan, 1998)). In many cases 
the range is quantized to fewer levels with possible 

loss of information. Second, the parameters on 
which the matrix depends: distance, orientation 
and number of bins in the 3D cases can yield a 
huge number of possible different matrices. If this 
dimensionality issue was not problematic enough, 
because there are a large number of features that 
can be extracted from the matrix, choosing the 
appropriate features will depend on the data and 
the specific analysis to be performed.

Table 3. Notation used for the co-occurrence matrix and its features (Haralick, 1979; Haralick et al., 
1973):
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sub-band filtering

In this section we will discuss some filters that 
can be applied to textured data. In the context of 
images or volumes, these filters can be understood 
as a technique that will modify the spectral content 
of the data. As mentioned before, textures can 
vary in their spectral distribution in the frequency 
domain, and therefore a set of sub-band filters can 
help in their discrimination.

The spatial and frequency domains are related 
through the use of the Fourier transform, such that 
a filter F in the spatial domain (that is the mask 
or template) will be used through a convolution 
with the data:

VD =F * VD (29)

where VD  is the filtered data. From the convolu-
tion theorem (Gonzalez & Woods, 1992) the same 
effect can be obtained in the frequency domain:

VD FVDw w w=  (30)

where the  VD VDw = F [ ] , VD VDw = F [ ] , and 
F Fw = F [ ]  are the corresponding Fourier trans-
forms. The filters in the Fourier domain are named 
after the frequencies that are to be allowed to pass 
through them: low pass, band pass and high pass 
filters. Figure 17 shows the filter impulse response 
and the resulting filtered human knee for low pass, 
high pass and band pass filters.

The filters just presented have a very simple 
formulation and combinations through different 
frequencies will form a filter bank, which is an 
array of band pass filters that span the whole 

Figure 16. Features of the co-occurrence matrix for 4 different angles and distance D8=1
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frequency domain spectrum. The idea behind the 
filter bank is to select and isolate individual fre-
quency components. Besides the frequency, in 
2D and 3D there is another important element of 
the filters, the orientation. The filters previously 
presented vary only in their frequency but remain 
isotropic with respect to the orientation of the 
filter; these filters are considered ring filters for 
the shape of the magnitude in the frequency do-
main. In contrast, the wedge filters will span the 
whole frequencies but only in certain orientations. 
Figure 18 presents some examples of these filters. 
Of course, the filters can be combined to concen-
trate only on a certain frequency and a certain 
orientation, so called sub-band filtering. Many 
varieties of sub-band filtering schemes exist; 
perhaps the most common is Gabor filters, de-
scribed in the next section.

It is important to bear in mind that the clas-
sification process goes beyond the filtering stage 
as in some cases the results of filters have to be 
modified before obtaining a proper measurement 
to be used in a classifier. According to (Randen 
& Husøy, 1999) the classification process consists 

of the following steps: filtering, non-linearity, 
smoothing, normalizing non-linearity and clas-
sification. The first step corresponds to the output 
of the filters, then, a local energy function (LEF) 
is obtained with the non-linearity and the smooth-
ing. The normalizing is an optional step before 
feeding everything to a classifier. Figure 19 dem-
onstrates some of these steps. In this section we 
will concentrate on the filter responses and for all 
of them and use the magnitude as the non-linear-
ity. The smoothing step is quite an important part 
of the classification as it may influence consider-
ably the results.

Sub-Band Filtering with Gabor Filters

This multichannel filtering approach to texture 
is inspired by the human visual system that can 
segment textures preattentively (Malik & Perona, 
1990). Experiments on psychophysical and neu-
rophysiological data have led us to believe that 
the human visual system performs some local 
spatial-frequency analysis on the retinal image 
by a bank of tuned band pass filters (Dunn et al., 

Figure 17. Frequency filtering of the Human knee MR: Top Row (a) Low pass filter, (b) High pass filter, 
(c) Band pass filter. Bottom Row (d,e,f) Corresponding filtered images
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1994). In the context of communication systems, 
presented the concept of local frequency was pre-
sented in (Gabor, 1946), which has been used in 
computer vision by many researchers in the form 
of a multichannel filter bank (Bovik et al., 1990; 
Jain & Farrokhnia, 1991; Knutsson & Granlund, 
1983). One of the advantages of this approach is 
the use of simple statistics of grey values of the 
filtered images as features or measurements of 
the textures.

The Gabor filter is presented in (Jain & Far-
rokhnia, 1991) as an even-symmetric function 
whose impulse response is the product of a Gauss-

ian function G
a

 of parameters (μ,σ2) and a 
modulating cosine. In 3D, the function is:
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where ρ0,κ0,ς0 are the frequencies corresponding 
to the center of the filter, and s s s

r c s
2 2 2, ,  are the 

constants that define the Gaussian envelope. The 
Fourier transform of the previous equation:

Figure 18. Different frequency filters: (a) Ring filter, (b) Wedge filter (c) Lognormal filter (Westin et 
al., 1997)

Figure 19. A filtering measurement extraction process



224

Volumetric Texture Analysis in Biomedical Imaging

F Aω
ρ κ ς

ρ ρ

σ

κ κ

σ

ς ς

σ
G = −

−
+

−
+

−










exp

( ) ( ) ( )1
2

0
2

2
0

2

2
0

2

2















−
+

+
+

+
+

A exp
( ) ( ) ( )1

2
0

2

2
0

2

2
0

2

2

ρ ρ

σ

κ κ

σ

ς ς

σρ κ ς



























 

(32)

where σ
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, , , and 

A=2πσrσcσs. The filter has two real-valued lobes, 
of Gaussian shape that have been shifted by 
±(ρ0,κ0,ς0) frequency units along the frequency 
axes ± (ρ,κ,ς) and rotated by an angle (θ,ϕ) with 
respect to the positive ρ axis. Figure 20 (a,b) 
presents a 2D filter in the spatial and Fourier 
domains.

The filter-bank is typically arranged in a rosette 
(Figure 20(c)) with several radial frequencies and 
orientations. The rosette is designed to cover the 
2D frequency plane by overlapping filters whose 
centers lie in concentric circles with respect to 
the origin. The orientation and bandwidths are 
designed such that filters with the same radial 
frequency will overlap at the 50% of their ampli-
tudes. In (Jain & Farrokhnia, 1991) it is recom-
m e n d e d  t o  u s e  f o u r  o r i e n t a t i o n s 

θ
π π π

= { , , , }0
4 2

3
4

, and radial frequencies at 

octaves. The use of Gabor filters for the extraction 
of texture measurements has been widely used in 

2D (Bigun & du-Buf, 1994; Bovik et al., 1990; 
Dunn & Higgins, 1995; Dunn et al., 1994; Jain 
& Farrokhnia, 1991; Randen & Husøy, 1999; 
Weldon et al., 1996).

As an example, the example oriented pattern 
data was filtered with a 3D Gabor filter bank. 
Figure 21 (a) shows the envelope of the filter 
in the Fourier domain, this filter was multiplied 
with the data in the Fourier domain and one slice 
of the result in the spatial domain is presented in 
Figure 21 (c). The presence of two classes appears 
clearly. By thresholding at the midpoint between 
the grey levels of the filtered data, two classes can 
be roughly segmented (Figure 21 (d,e)).

The use of Gabor filters in 3D is not as com-
mon as in 2D. In (Zhan & Shen, 2003) the complete 
set of 3D Gabor features is approximated with 
two banks of 2D filters located at the orthogonal 
coronal and axial planes. In their application of 
Ultrasound prostate images, they claim that this 
approximation is sufficient to characterize the 
texture of the prostate. This approach is clearly 
limited since it is only analyzing 2 planes of a 
whole 3D volume. If the texture were of high 
frequencies that do not lie in either plane, then 
the characterization would fail.

In some cases, 1D Gabor filters have been 
used over data of more than one dimension 
(Kumar et al., 2000; Randen et al., 2003). The 
essence of the Gabor filter remains, in the sense 

Figure 20. 2D even symmetric Gabor filters in: (a) Spatial domain, (b) Fourier domain. (c) A filter bank 
arranged in a rosette, 5 frequencies, 4 orientations
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that a cosine modulates a Gaussian function, but 
the filters change notoriously. Consider the fol-
lowing comparison between 1D and 2D filters 
presented in Figure 22. The 2D filter is localized 
in frequency while the 1D filter spans through 
the Fourier domain in one dimension allowing a 
range of radial frequencies and orientations to be 
covered by the filter.

Sub-Band Filtering with Second 
Orientation Pyramid

A set of operations that subdivide the frequency 
domain of an image into smaller regions by the use 

of two operators quadrature and center-surround 
was proposed in (Wilson & Spann, 1988). By the 
combination of these operations, it is possible to 
construct different tessellations of the space, one 
of which is the Second Order Pyramid (SOP) 
(Figure 23). In this work, a band-limited filter 
based on truncated Gaussians (Figure 24) has been 
used to approximate the Finite Prolate Spheroidal 
Sequences (FPSS) used by Wilson and Spann. 
The filters are real, band-limited functions which 
cover the Fourier half-plane. Since the Fourier 
transform is symmetric, it is possible to use only 
half-plane or half-volume and still keep the fre-

Figure 21. (a) An even symmetric 3D Gabor in the Fourier domain, (b) One slice of the Oriented pattern 
data and (c) its filtered version with the filter from (a). (c,d) Two classes obtained from thresholding 
the filtered data

Figure 22. Comparison of 2D and 1D Gabor filters. An even symmetric 2D Gabor in: (a) spatial domain, 
and (b) Fourier domain. A 1D Gabor filter in: (c) spatial domain, and (d) Fourier domain
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quency information. A description of the sub-band 
filtering with SOP process follows.

Any given volume VD whose centered Fou-
rier transform is VD VDw = F [ ]  can be subdi-
vided into a set of i regions L L L
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In 2D, the SOP tessellation involves a set of 
7 filters, one for the low pass region and six for 
the high pass (Figure 23 (a)). In 3D, the tessella-
tion will consist of 28 filters for the high pass 
region and one for the low pass (Figure 23 (d)). 
The i-th filter Fiw  in the Fourier domain (
F Fi i
w = F [ ] ) is related to the i-th subdivision 

of the frequency domain as:
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where a G
a

 describes a Gaussian function, with 
parameters μi, the center of the region i, and ∑i is 
the co-variance matrix that will provide a cut-off 
of 0.5 at the limit of the band (for 2D Figure 24). 
In 3D, the filters will again be formed by trun-
cated 3D Gaussians in an octave-wise tessellation 
that resembles a regular Oct-tree configuration. 
In the case of MRI data, these filters can be ap-

Figure 23. 2D and 3D Second Orientation Pyramid (SOP) tessellation. Solid lines indicate the filters 
added at the present order while dotted lines indicate filters added in higher orders, as the central region 
is sub-divided. (a) 2D order 1, (b) 2D order 2, (c) 2D order 3, and (d) 3D order 1
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plied directly to the K-space. (The image that is 
presented as an MRI is actually the inverse Fou-
rier transform of signals detected in the MRI 
process, thus the K-space looks like the Fourier 
transform of the image that is being filtered.)

The measurement space S in its frequency and 
spatial domains will be defined as:

S F VD

L L L

i i i

r c s

ω ω ωρ κ ς ρ κ ς ρ κ ς

ρ κ ς

, , , , , ,

, , ,

( ) = ( ) ( )
∀ ( ) ∈ × ×( )  

S Si i= −F 1[ ]w  (35)

The same scheme used for the first order of the 
SOP can be applied to subsequent orders of the 
decomposition. At every step, one of the filters 
will contain the low pass (i.e. the center) of the 
region analyzed, VDw for the first order, and the 
six (2D) or 28 (3D) remaining will subdivide the 
high pass bands of the surround of the region.

For simplicity we detail only the co-ordinate 
systems in 2D:

Centre : : { ,..., }, { ,..., },F L
N N

L
N N

r
r r

c
c c1 1 1

4
1

3

4 4
1

3

4
= + = +  

(36)

Surround : : { ,..., }, { ,..., },, , , ,F L
N

L
N N

r
r

r
r r2 7 3 4 5 6 2 71

4 4
1

2
− = = +

LL
N

L
N N

L
N N

c
c

c
c c

c
c c

2 3 4

5

1
4 4

1
2

2
1

3

4

, { ,..., }, { ,..., },

{ ,...,

= = +

= + }}, { ,..., }.,L
N

N
c

c
c

6 7 3

4
1= +

 

For a pyramid of order 2, the region to be 
subdivided will be the central region (of order 1) 
described by ( ( ) ( ))L L
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and the next filters can be calculated recursively: 
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To visualize the SOP on a textured image, an 
example is presented in Figure 25.

Figure 26 shows a slice from a different MRI 
set and the measurement space S for the first two 
orders of the SOP: S2−14. The effect of the filtering 
becomes clear now, as some regions (correspond-
ing to a particular texture) are highlighted by some 
filters and blocked by others. S8 is a low pass 
filter and keeps a blurred resemblance to the 
original image. The background is highlighted in 

Figure 24. Band-limited 2D Gaussian filter (a) Frequency domain Fiw , (b) Magnitude of spatial domain 
| |Fi
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the high frequency filters, as should be expected 
of a noisy nature.

It should be mentioned that the previous 
analysis focuses on the magnitude of the inverse 
Fourier transform. The phase information (Boa-
shash, 1992; Chung et al., 2002; Knutsson et al., 
1994) has not been thoroughly studied, partly 
because of the problem of unwrapping in the 
presence of noise, but it deserves more attention 
in the future. The phase unwrapping in the pres-
ence of noise is a difficult problem since the errors 
that are introduced by noise accumulate as the 
phase is unwrapped. If the K-space is available, 
it should be used and this problem would be 
avoided since the K-space is real.

Local binary Patterns 
and texture spectra

Two similar methods that try to explore the rela-
tions between neighboring pixels have been pro-
posed in (He & Wang, 1991; Wang & He, 1990) and 
(Ojala et al., 1996). These methods concentrate on 
the relative intensity relations between the pixels 
in a small neighborhood and not in their absolute 
intensity values or the spatial relationship of the 
whole data. The underlying assumption is that 

texture is not properly described by the Fourier 
spectrum (Wang & He, 1990) or traditional low 
pass / band pass / high pass filters.

To overcome the problem of characterizing 
texture, Wang and He proposed a texture filter 
based on the relationship of the pixels of a 3×3 
neighborhood. A Texture Unit (TU) is first calcu-
lated by differentiating the grey level of a central 
pixel x0 with the grey level of its 8 neighbors xi. 
The difference is measured as 0 if the neighbor xi 
has a lower grey level, 1 if they are equal and 2 if 
the neighbor has a bigger grey level. It is possible 
to quantize G by introducing a small positive value 
Δ. Thus the TU is defined as:
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After the TU has been obtained, a texture unit 
number (NTU) is obtained by weighting each ele-
ment of the TU vector:

N E N
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i
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= × ∈
=

−∑
1

8
13 0 1 6560, { , ,..., }  

(38)

Figure 25. A graphical example of the sub-band filtering. The top row corresponds to the spatial domain 
and the bottom row to the Fourier domain. A textured image is filtered with a sub-band filter with a 
particular frequency and orientation by a product in the Fourier domain, which is equivalent to a convo-
lution in the spatial domain. The filtered image becomes one measurement of the space S, S2 in this case
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The sum of all NTU elements for a given image 
will span from 0 to 6560 () and it is called the 
texture spectrum, which is a histogram of the 
filtered image. Since there is no unique way of 
labeling and ordering the texture units, the results 
of a texture spectrum are difficult to compare. For 
example, two slices of our example data were 
processed with the following configuration: 
1 27 243

3 729

9 81 2187





















 with Δ=0. Figure 27 shows the 

spectra and the filtered images.
The first observation of the texture spectrum 

comes from the filtered images. The oriented data 

seem to be filtered by an edge detection filter, the 
human knee also shows this characteristic around 
the edges of the bones and the skin. He and Wang 
claim that the filtering effect of the texture spec-
trum enhances subjectively the textural perception. 
This may well be an edge enhancement, which 
for certain textures could be an advantage; as an 
example they cite lithological units in a geologi-
cal study. However, not every texture would 
benefit from this filtering. Another serious disad-
vantage is that this filtering is presented as a 
pre-processing step for a co-occurrence analysis. 
Co-occurrence by itself can provide many features, 
if this Texture spectrum filter is added as a pre-
processing step, a huge amount of combinations 

Figure 26. (a) One slice of a human knee MRI and (b) Measurements 2 to 14 of the textured image. (Note 
how different textures are highlighted by different measurements. In each set, the measurement Si is 
placed in the position corresponding to the filter Fiw  in the frequency domain).
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are possible, just the labeling to obtain the NTU 
could alter significantly the results. Figure 28 
shows the result of using a different order for the 
NTU.

To the best of the authors’ knowledge, this 
technique has not been extended to 3D yet. To do 
so, a neighborhood of size 3×3×3 should be used 
as a TU, and then NTU of 326=2.5×1012 combina-
tions would result. The texture spectrum would 
not be very dense with that many possible texture 
units. In our opinion, this would not be a good 
method in 3D.

A variation of the previous algorithm, called 
Local Binary Pattern (LBP) is presented in (Ojala 
et al., 1996). The pixel difference is limited to two 
options: gi≥g0,gi<g0 and instead of 38=6561 there 
are only 28=256 possible texture units, which 
simplifies considerably the spectrum. If this 
method were to be extended into 3D the texture 
units would drop to 226=67,108,864, perhaps still 
too large. Two main advantages of texture spec-
trum and LBP is that there is no need to quantize 
the feature space and there is some immunity to 
low frequency artifacts such as those created by 
inhomogeneities of the MRI process. In the same 
paper, another measure is presented; the grey 

level difference method (DIFFX DIFFY) where 
a histogram of the absolute grey-level differences 
between neighboring pixels is computed in verti-
cal and horizontal directions. This measure is a 
variation of a co-occurrence matrix but instead 
of registering the pairs of grey levels, the method 
registers the absolute differences. The distance is 
restricted to 1 and the directions are restricted to 
2. They report that the results of this method are 
better than other texture measures, such as Laws 
masks or Gaussian Markov Random Fields.

In a more recent paper (Ojala et al., 2001) 
another variation to the LBP considered the sign 
of the difference of the grey-level differences histo-
grams. Under the new scheme, LBP is a particular 
case of the new operator called p8. This operator 
is considered as a probability distribution of grey 
levels, where p(g0,g1) denotes the co-occurrence 
probabilities, they use p(g0,g1−g0) as a joint dis-
tribution. Then, a strong assumption is made on 
the independence of the distribution, which they 
manipulate such that p(g0,g1−g0)=p(g0)p(g1−g0). 
The authors present an error graph, which does 
not fall to zero, yet they consider this average 
error to be small and therefore independence to 
be a reasonable assumption. This comparison was 

Figure 27. The Texture Spectrum and its corresponding filtered image of (a,b). Oriented data, (c,d) 
Human knee MRI
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made for only 16 grey levels, it would be very 
interesting to report for 256 or 4096 grey levels.

Besides the texture measurement extraction 
with the signed grey-level differences, a discrimi-
nation process is presented. The authors present 
their segmentation results on the images arranged 
in (Randen & Husøy, 1999) which allows com-
parison of their method, but they do not present a 
comparison for the measurements separated from 
their segmentation method, which could influence 
considerably. This method quantizes the difference 
space to reduce the dimensionality, then uses a 
sampling disk to obtain a sample histogram, uses 
a small number of bins, lower than their own reli-
ability criterion, and also uses a local adjustment 
of the grey scales for certain images.

the trace transform

The Trace Transform (Kadyrov & Petrou, 2001; 
Petrou & Kadyrov, 2004) is a generalized ver-
sion of the Radon transform and has seen recent 
applications in texture classification (Kadyrov et 
al., 2002). As some other transforms, the Trace 
transform measures image characteristics in a 
space that is non-intuitive. One of the main ad-
vantages of the Trace transform is its invariance 
to affine transformations, that is, translation, 
rotation and scaling.

The basis of the transformation is to scan an 
image with a series of lines or traces defined by 
two parameters: an orientation ϕ and a radius p, 
relative to an origin O shown in Figure 29. The 
Trace transform calculates a functional Tr over the 
line t defined by (ϕ, p); with the functional, the 
variable t is eliminated. If an integral is used as 
the functional, a Radon transform is calculated, 
but one is not restricted to the integral as the 
functional. Some of the functionals proposed 
in (Kadyrov et al., 2002) are shown in Table 4, 
but many other options are possible. The Trace 
transform results in a 2D function of the variables 
(ϕ, p). As an example, Figure 30 show the Trace 
transform of one slice of the oriented data with 
three different functionals.

With the use of two more functionals over each 
of the variables, a single number called the triple 
feature can be obtained: Φ[P[Tr[I]]]. These features 
are called the diametrical functional P, and the 
circus functional Φ. Again there are many options 
for each of the functionals, (Table 4). The com-
binations of different functionals can easily lead 
to thousand of features. The relevance of the 
features has to be evaluated in a training phase 
and then a set of weighted features can be used 
to form a similarity measure between images. In 
(Kadyrov et al., 2002) it is reported that the Trace 
transform is much more powerful than the co-

Figure 28. Filtered versions of the oriented data with different labelings (a,b) Filtered data, (c,d) ar-
rangements of E

i
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Figure 29. The Trace transform parameters. A trace (t) that scans the image will have a certain angle 
(ϕ) and a distance (p) from the origin of the image

Table 4. Some functionals for Trace Tr, diametrical P and circus Φ
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occurrence matrix to distinguish between pairs 
of Brodatz textures.

In order to extend this method into 3D, the trace 
along the data will be defined by three parameters, 
(ϕ, p) and another angle of orientation, say θ, so 
the Trace transform would produce a 3D set. This 
can be reduced again by a series of functionals into 
a single value without complications, but the com-
putational complexity is increased considerably.

summary

Texture is not a properly defined concept and 
textured images or volumes can vary widely. This 
has led to a great number of texture measurement 
extraction methods. We have concentrated on 

techniques that can be used in 3D and thus only 
those techniques for 3D measurement extraction 
were presented in this chapter.

Spatial domain methods such as local mean 
and standard deviation can be used for their 
simplicity, and for some applications this can 
be good enough to extract textural differences 
between regions. Also, these methods can be 
used as a pre-processing step for other extraction 
techniques. Neighborhood filters have been used 
in burn diagnosis to distinguish healthy skin from 
burn wounds (Acha et al., 2003). Their textural 
measurements were a set of parameters; mean, 
standard deviation, and skewness, of the color 
components of their images. Their feature selection 
invariably selected the mean values of lightness, 

Figure 30. Three examples of the Trace transform of the Oriented Pattern: (a) Functional 1, (b) Functional 
4 and (c) Functional 5. The transformations do not present an intuitive image but important metrics can 
be extracted with different functions
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hue, and chromaticity, so perhaps the discrimina-
tion power resides in the amplitude levels more 
than the texture of the images. 3D medical data 
was studied in a model-based analysis where a 
spatial relationship, measuring distance and ori-
entation, between bone and cartilage is modeled 
from a set of manually segmented images and is 
later used in model-based segmentation (Kapur, 
1999). Segmentation of the bone in MRI using ac-
tive contours is presented in (Lorigo et al., 1998). 
Both used local variance as a measure of texture.

Convolution filters have been applied to ana-
lyze the transition between grey matter (GM) and 
white matter (WM) in brain MRIs (Bernasconi et 
al., 2001). A blurred transition between GM and 
WM, (lower magnitude values) could be linked 
to Focal cortical dysplasia (FCD), a neuronal 
disorder. Bernasconi proposed a ratio map of GM 
thickness multiplied by the relative intensity of 
voxel values with respect to a histogram-based 
threshold that divides GM and WM and then divide 
this product by the grey level intensity gradient. 
Their results enhance the visual detection of le-
sions. In seismic applications Randen used the 
gradient to detect two attributes of texture: dip 
and azimuth (Randen et al., 2000). Instead of the 
magnitude, they were interested in the direction, 
which in turn poses the problem of unwrapping in 
presence of noise - a non-trivial problem. They first 
obtain the gradient of the data and then calculate a 
local covariance matrix whose eigenvalues are said 
to describe dip and azimuth. These measures are 
said to be adequate for seismic data where parallel 
planes run along the data, but when other seismic 
objects are present, like faults, other processing 
is required.

Three-dimensional histograms obtained 
from the Zucker-Hummel filter and the metrics 
that can be extracted from them - anisotropy coef-
ficient, integral anisotropy measure or local mean 
curvature - can reveal important characteristics of 
the original data, like the anisotropy, which can be 
linked to different brain conditions. The measure 
of anisotropy in brains has shown that there is 

some indication of higher degree of anisotropy in 
brains with brain atrophy than in normal brains 
(Segovia-Martínez et al., 1999).

Wavelets are a popular and powerful tech-
nique for measurement generation. By the use of 
separable functions a 3D volume can be easily de-
composed. A disadvantage of Wavelet techniques 
is that there is not an easy way to select the best 
Wavelet family, which can lead to many different 
options and therefore a great number of measure-
ments. When classification is performed, having 
a larger number of measurements does not imply 
a better classification result, nor does it ease the 
computational complexity. The main problem in 
Wavelet analysis is determining the decomposi-
tion level that yields the best results (Pichler et 
al., 1996). He also reports that since the channel 
parameters cannot be freely selected, the Wavelet 
transform is sub-optimal for feature extraction 
purposes. Texture with Wavelets has been ana-
lyzed in (Unser, 1995) concluding that Wavelet 
transform is an attractive tool for characterizing 
textures due to its properties of multiresolution 
and orthogonality; it is also mentioned that hav-
ing more than one level led to better results than 
a single resolution analysis. Wavelets in 2D and 
3D have been used for the study of temporal lobe 
epilepsy (TLE) and concluded that the extracted 
features are linearly separable and the energy 
features derived from the 2D Wavelet transform 
provide higher separability compared with 3D 
Wavelet decomposition of the hippocampus 
(Jafari-Khouzani et al., 2004). The endoscopic 
images of the colonic mucosal surface have been 
analyzed with color wavelet features in (Karkanis 
et al., 2003), for the detection of abnormal colonic 
regions corresponding to adenomatous polyps 
with a reported high performance.

Although easy to implement, co-occurrence 
matrices are outperformed by filtering techniques, 
the computational complexity is high and can have 
prohibitive costs when extended to 3D. Another 
strong drawback of co-occurrence is that the range 
of grey levels can increase the computational com-
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plexity of the technique. In most cases, the number 
of grey levels is quantized to a small number, this 
can be done either directly on the data or in the 
measurements that are extracted, but inevitably 
they result in a loss of information. When the range 
of grey levels exceeds the typical 0-255 that is used 
in images, this issue is even more critical. Some 
of the extensions proposed for 3D have been used 
as global techniques, that is, that the features are 
obtained from a whole region of interest. Gener-
alized multidimensional co-occurrence matrices 
have been used in several publications: to measure 
texture anisotropy (Kovalev & Petrou, 1996), for 
the analysis of MRI brain data sets (Kovalev et al., 
2001), to detect age and gender effects in structural 
brain asymmetry (Kovalev et al., 2003a), and the 
detection of schizophrenic patients (Kovalev et 
al., 2003b). In (Kovalev et al., 2003b) Kovalev, 
Petrou and Suckling use the magnitude of the 
gradient calculated with the Zucker-Hummel filter 
over the data. The authors use 3D co-occurrence 
to discriminate between schizophrenic patients 
and controls. The data of T1-MRIs are filtered 
spatially and then the co-occurrence matrix will 
be a function of

CM(MG1,MG2,D8,θ,d),  (39)

where MG is the magnitude of the gradient at a 
certain voxel. This method requires an empirical 
threshold to discard gradient vectors with magni-
tudes lower than 75 units (from a range 0-600) as 
a noise removal of the data. The authors reported 
that not all the slices of the brain were suitable 
for discrimination between schizophrenics and 
normal control subjects. It is the most inferior 
part of the brain, in particular the tissue close to 
the sulci, which gives the slices whose features 
provide discrimination between the populations.

Brain asymmetry in 3D MRI with co-occur-
rence matrices was also studied in (Kovalev et 
al., 2001). Gradients as well as intensities are 
included in the matrix, which is then used to 
analyze the brain asymmetry. It was found that 

male brains are more asymmetric than females 
and that changes of asymmetry with age are less 
prominent. The results reported correspond closely 
to other techniques and they propose the use of 
texture-based methods for digital morphometry 
in neuroscience.

3D co-occurrence matrices have been reported 
in MRI data for evaluation of gliomas (Mahmoud-
Ghoneim et al., 2003). An experienced neuroradi-
ologist selected homogeneous volumes of interest 
(VOI) corresponding to a particular tissue: WM, 
active tumor, necrosis, edema, etc. Co-occurrence 
matrices were obtained from these VOIs and their 
parameters were used in a pair-wise discrimination 
between the classes. The results were compared 
against 2D co-occurrence matrices, which were 
outperformed by the 3D approach. Herlidou has 
used a similar methodology for the evaluation of 
osteoporosis (Herlidou et al., 2004), diseased skel-
etal muscle (Herlidou et al., 1999) and intracranial 
tumors (Herlidou-Même et al., 2001). Regions 
of interest (ROI) were manually selected from 
the data and then measurements were extracted 
with different techniques with the objective of 
discriminating between the classes of the ROIs. 
As with other techniques, the partitioning of the 
data presents a problem: if the region or volume 
of interest (VOI/ROI) selected is too small, it will 
not capture the structure of a texture, if it is too 
big, it will not be good for segmentation.

The extraction of textural measurements with 
Gabor filters is a powerful and versatile method 
that has been widely used. While the rosette con-
figuration is good for many textures in some 
cases will not be able to distinguish some textures. 
Also, the origin of the filters in the Fourier domain 
has to be set to zero to avoid that the filters react 
to regions with constant intensity (Jain & Far-
rokhnia, 1991). Another disadvantage of the 
Gabor filters is their non-orthogonality due to 
their overlapping nature that leads to redundant 
features in different channels (Li, 1998). Other 
cases of 3D Gabor filters have been reported where 
Wavelets and Gabor filters are combined for 
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segmentation of 3D seismic sections and filters 
were applied to clinical ultrasound volumes of 
carotid (Fernández et al., 2000). For the design 
of a filter bank in 3D the radial frequencies are 
also taken in octaves and the orientation of azimuth 
and elevation can be both restricted to 4 angles: 

θ φ
π π π

, { , , , }( ) = 0
4 2

3
4

 which yield a total of 13 

orientations. Pichler compared Wavelets and 
Gabor filters and overall Gabor filtering had bet-
ter results than Wavelets but with a higher com-
putational effort (Pichler et al., 1996). In another 
comparison of Wavelets and Gabor filters (Chang 
& Kuo, 1993) it is mentioned that Wavelets are 
more natural and effective for textures with 
dominant middle frequency channels and Gabor 
is suitable for images with energy in the low 
frequency region.

A technique that escapes the problem of the 
range of grey levels is the Texture Spectrum 
and Local Binary Pattern (LBP) (Harwood et 
al., 1993; Ojala et al., 1996) by taking the sign 
of the difference between grey level values of 
neighboring pixels and weighting the orientation 
by a power of 2. LBP has been used in combina-
tion with Wavelets and co-occurrence matrices 
for the detection of adenomas in gastrointestinal 
video as an aid for the endoscopist (Iakovidis et 
al., 2006) with good results but LBP underper-
forms against filter banks and co-occurrence in 
(Pujol & Radeva, 2005) while trying to classify 
plaque in intravascular ultrasound images. Both 
LBP and signed grey level differences provide 
good segmentation results in 2D but the extension 
to 3D will imply having a very large number of 
combinations. The possibility of different label-
ings of the elements in a neighborhood can lead 
to many different measurements.

The Trace transform provides a way of 
characterizing textures with invariance to rota-
tion, translation and scaling, that enables this 
relatively new technique to discriminate between 
pairs of texture with success over co-occurrence 

matrices. The trace transform has been applied 
for face recognition based on the textural Triple 
features of faces (Srisuk et al., 2003). The three 
dimensional structure of protein structures has 
been analyzed by the trace transform, which pro-
vided good results when applied to single domain 
chains but not for multidomain (Daras et al., 
2006). The detection of Alzheimer’s disease (AD) 
applied to position emission tomography (PET) 
images of the brain has also seen applications of 
this algorithm (Sayeed et al., 2002). Accuracies 
of more that 90% in specificity and sensitivity 
were obtained discriminating between patients 
with AD and healthy controls.

final considerations

In the previous sections, processing of the textured 
data produced a series of measurements, either 
the results of filters, features of the co-occurrence 
matrix or Wavelets, that belong to a Measure-
ment Space (Hand, 1981), which is then used 
as the input data of a classifier. Classification, 
that is, assigning every element of the data, or 
the measurements extracted from the data, into 
one of several possible classes is in itself a broad 
area of research, which is outside the scope of 
this chapter. However, for the particular case of 
texture analysis there are four important aspects 
that can affect the classification results and will 
be briefly mentioned here.

First, not all the measurements dimensions will 
contribute to the discrimination of the different 
textures that compose the original data, therefore it 
is important to evaluate the discrimination power 
of the measurements and perform feature selection 
or extraction. The feature selection and extraction 
problem selects a subset of features that will reduce 
the complexity and improve the performance of 
the classification with mathematical tools (Kittler, 
1986). In feature selection, a set of the original 
measurements is discarded and the ones that are 
selected, which will be the most useful ones, 
will constitute the Feature Space. In contrast, 
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the combination of a series of measurements in 
a linear or non-linear mapping to a new reduced 
dimensionality is called feature extraction. Perhaps 
the most common feature extraction method is the 
Principal Components Analysis (PCA) where the 
new features are uncorrelated and these are the 
projections into new axes that maximize the vari-
ances of the data. As well as making each feature 
linearly independent, PCA allows the ranking of 
features according to the size of the variance in 
each principal axis from which a ‘subspace’ of 
features can be presented to a classifier. However, 
while this eigenspace method is very effective in 
many cases, it requires the computation of all the 
features for given data. If the classes are known, 
an algorithm for feature selection through the use 
of a novel Bhattacharyya Space provides a good 
way of selecting the most discriminant features of 
a measurement space (Reyes Aldasoro & Bhalerao, 
2006). This algorithm can also be used for detect-
ing which pairs of classes would be particularly 
hard to discriminate over all the space and in 
some cases, the individual use of one point of the 
space can be also of interest. When the number 
of classes is not known, other methods like the 

Two-point correlation function or the distance 
histogram (Fatemi-Ghomi, 1997) could be used.

Second, it is important to observe that if one 
measurement is several orders of magnitude 
greater than others, the former will dominate the 
result. It may help thus to normalize or scale the 
measurements in order for the measurements to 
be comparable. This whitening of the distributions 
presents another problem that is exemplified in 
Figure 31. By scaling the measurements, the ele-
ments can change their distribution and different 
structures can appear.

Third, the choice of a local energy function 
(LEF) can influence considerably the classifica-
tion process. The simplest, and perhaps most 
common way to use a LEF is to smooth the space 
with a convolution of a kernel, either Gaussian 
or uniform. Another way of averaging the values 
of neighbors is through the construction of a 
pyramid (Burt & Adelson, 1983) or tree (Samet, 
1984). These methods have the advantage of re-
ducing the dimensions of the space at higher 
levels. Yet another averaging can be performed 
with an anisotropic operator, namely butterfly 
filters (Schroeter & Bigun, 1995). This option can 
be used to improve the classification, especially 

Figure 31. The scaling of the measurements can yield different structures. In the first case, the data 
could be separated into two clusters that appear above an below of a imaginary diagonal while on the 
second case, the clusters appear to be on the left and right
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near the borders between textures. Previous re-
search shows that a Gaussian smoothing (Bovik 
et al., 1990; Jain & Farrokhnia, 1991; Randen & 
Husøy, 1994, 1999) is better than uniform, yet the 
issue of the size of the smoothing filter is quite 
important.

Finally, since texture is scale-dependent a 
multiresolution classification may provide a 
lower misclassification than a single resolution 
classifier. Multiresolution will consist of three 
main stages: the process of climbing the levels or 
stages of a pyramid or tree, a decision or analysis 
at the highest level is performed, and the process 
of descending from the highest level down to the 
original resolution. The basic idea of the method 
is to reduce number of elements of the data, by 
climbing a tree, in order to reduce the uncertainty 
at the expense of spatial resolution (Schroeter & 
Bigun, 1995). This climbing stage represents the 
decrease in dimensions of the data by means of 
averaging a set of neighbors on one level (which 
are called children elements or nodes) up to a 
parent element on the upper level. The decrease 
of elements should decrease the uncertainty in 
the elements values since they are tending to a 
mean. In contrast, the spatial position increases 
its uncertainty at every stage (Wilson & Spann, 
1988). Interaction of the neighbors can reduce 
the uncertainty in spatial position that is inherited 
from the parent node. This process is known as 
spatial restoration and boundary refining, which 
is repeated at every stage until the bottom of the 
tree or pyramid is reached. A comparison between 
volumetric pyramidal butterfly filters, which 
outperform a Markov Random Field approach is 
presented in (Reyes Aldasoro, 2004).

cOncLUsiOn

Texture analysis presents an attractive route to 
analyze medical or biological images as dif-
ferent tissues or cell populations, which would 
present similar intensity characteristics, can be 

differentiated by their textures. As the resolution 
of the imaging equipment (CCD cameras, laser 
scanners of multiphoton microscopes or Magnetic 
Resonance imaging) continues to increase, texture 
will play an important role in the discrimination 
and analysis of biomedical imaging. Furthermore, 
the use of the volumetric data provided by the 
scanners as a volume and not just as slices can 
reveal important information that is normally lost 
when data is analyzed only in 2D.

The fundamental ideas of several texture 
analysis techniques have been presented in this 
chapter, together with some examples and appli-
cations, such that a reader will be able to select 
an adequate technique to generate a measurement 
space that will capture some characteristics of the 
data being considered.

fUtUre research DirectiOns

There are three important lines of research for 
the future:

1)  Algorithms should be compared in perfor-
mance and computational complexity. For 
2D, the images proposed in (Randen & 
Husøy, 1999) have become a benchmark 
against which many authors test their extrac-
tion techniques and classifiers. There is not 
such a reliable and interesting database in 
3D and, as such, the algorithms presented 
tend to be optimized for a particular data set. 
It is also important to consider the measure-
ment extraction separate from classification, 
feature selection and intermediate steps like 
the local energy function, otherwise a bad 
measurement may be obscured by a sophis-
ticated classifier.

2)  Volumetric texture analysis deals with large 
datasets, for a typical 256 × 256 ×256 voxel 
MRI, the measurement space is correspond-
ingly large. In the future, the use of High 
Performance Clusters will be necessary if 
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images with more resolution are to be ana-
lyzed. The evolution of volumetric texture 
analysis should grow hand in hand with 
parallel-distributed algorithms; otherwise, 
the analysis will remain restricted to small 
areas, volumes whose intensities have been 
quantized to limit computational complexity.

3)  As algorithms are tested, and more impor-
tantly, validated for medical and biological 
applications, these could be incorporated 
into acquisition equipment and in this way, 
volumetric texture analysis would be able to 
provide important information about lesions 
or abnormalities without needing off-line 
analysis, which may take several weeks after 
the data has been acquired.
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