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1. Introduction

The texture and structure of rocks are important
parameters for characterizing rock types from a petrophy-
sical and mechanical point of view. The shape and size of
the mineral grains, the existence of preferred orientation in
fractures, or the matrix content, for example, are some of
the most important parameters which control the response
of materials in petrophysical tests [1–7].

Two of the most important problems when studying the
influence of rock fabric in the petrophysical behaviour of
materials are the correct quantification of petrographic
characters of rocks, and the handling of the analysis of
multivariables with correlations. Several techniques and
methods have been developed in order to solve the first
problem [4,6,8–11], whilst the second question is not
usually dealt with in depth.

Many studies use bivariate analysis in order to assess the
influence of both textural and petrophysical parameters
[10,12–14]. However, it is often not possible to reduce the
study of the influence of texture in a physical process to a
two-variable problem due to the fact that different
petrographic parameters are usually dependant on each
other so that it is hard to separate them as independent
variables. Therefore, to merely analyse the interrelation
between two parameters is not sufficient to understand the
physical behaviour of a rock in most cases.
e front matter r 2007 Elsevier Ltd. All rights reserved.
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In this paper, an in-depth study of the correlation
between petrographic features and ultrasonic waves is
carried out. The ultrasonic method is an extremely useful,
non-destructive test for evaluating the mechanical proper-
ties of rocks [15–24]. This method is based on the
propagation of high-frequency elastic waves through
materials. In contrast with destructive tests, the analysis
of the propagation of ultrasonic waves through materials
allows an estimate of the mechanical properties of rocks to
be obtained without destroying the sample used. This is an
important advantage as it may be applied simultaneously
with different tests as well as measurements can be repeated
on the same sample. The propagation of ultrasonic waves
through materials is strongly and simultaneously influ-
enced by different petrographic aspects (fractures, porosity,
crystal-size, preferred orientations, etc.). Consequently, a
bivariate analysis of these influences is not particularly
useful.
For multivariate analysis, our rock samples were

characterized in terms of several petrographic parameters
obtained by means of colour image analysis. Image
analysis is a field that is rapidly expanding due to advances
in modern computer technology, which award to this
method easy accessibility, low cost and consistently
accurate results. In this study, a new method has been
designed in order to quantify petrographic characteristics
by means of colour image analysis processing [25], given
that the complex characteristics of the highly fractured
materials and the conditions of this study mean that
methods published in previous literature cannot be applied
[1,10,26,27]. The numerically quantified outcomes are
composed of several petrographic variables, for example,
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fine-grained matrix content, brecciation density (bd) or
preferred clasts orientations. These numeric parameters are
essential if a multivariate analysis is to be carried out.

Secondly, several ultrasonic parameters have been
calculated from the digital analysis of the transmitted
signals in order to obtain as numerical ultrasonic informa-
tion as possible. In this study, four ultrasonic parameters
have been calculated: compressional and shear wave
velocities (Vp and Vs, respectively), velocity ratio (Vp/Vs)
and waveform energy (e). Moreover, the dynamic elastic
constants, Young’s modulus (Ed) and Poisson’s ratio (nd),
have been calculated from ultrasonic velocities and bulk
density in order to assess the mechanical characteristics of
the rocks.

The aim of this paper is to analyse the interaction
between the petrographic parameters and ultrasonic
characters in highly fractured materials. This analysis has
been carried out by applying different multivariate analysis
tools: scatter diagrams, principal components and cluster
analysis. The results obtained allow for an in-depth
understanding of the interrelation between rock fabric
and the ultrasonic test, which is extremely useful in
assessing the degree of fracturing of rocks, the preferred
orientation of the fracture sets, elastic constants, and, in
short, the mechanical quality of rocks.

2. Materials

Two different varieties of brecciated dolostone have been
used in this study: Marrón Emperador (ME) and Beige
Serpiente (BS). These kinds of rocks are widely used as a
construction and building material, mainly for cladding,
flooring and paving. The mechanical behaviour of these
brecciated dolostones plays an essential role in such uses, in
ensuring the correct use and high durability of these
materials.

2.1. Marrón Emperador

Marrón Emperador (ME) is defined as a highly fractured
dolostone (Fig. 1). In this variety, abundant fractures with
strong dissolution processes are observed, although no
preferred orientation has been noted. This fractured system
defines clasts that vary greatly in size. In general, texture of
clasts corresponds to microcrystalline and/or mesocrystal-
line dolostones (according to Friedman’s terminology,
1965). The cement, which surrounds the clasts and fills
the veins, is over 90% calcite (Fig. 1c). Total porosity of
the sample varies between 2.6% and 4.2%, depending on
the degree of fracturing (according to [28]).

2.2. Beige Serpiente

Beige Serpiente (BS) corresponds to a breccia where
clasts are not clearly defined by fractures (Fig. 1). In this
case, as in the ME variety, texture of clasts corresponds
to microcrystalline and/or mesocrystalline dolostones,
although limestone fragments are not often present. Clast
size distribution is more homogeneous than in the previous
case, even though small clasts are more abundant. Many
clasts show thin white calcite veins which have a low
continuity. The fine-grained matrix, which surrounds the
clasts, is formed by a mixture of calcite (20%) and dolomite
(80%) crystals. The porosity associated to the fine-grained
matrix is relatively high (approximately 8.5%, according to
[28]) and millimetric-size geodes can sometimes develop.

3. Methodology

3.1. Image analysis

In this study, four cubic samples (7� 7� 7 cm) of each
variety were used. This geometry allows three orthogonal
axis systems to be defined and used as reference system.
The petrographic features of the samples used have been

quantified by means of colour image analysis. Several
software packages have been used in order to obtain good
rock fabric quantification. It was necessary to design a
specific methodology due to the great complexity of the
chromatic characteristics, the heterogeneity of these rocks,
and the need to carry out a mesoscopic study [25].
The image was obtained by scanning the moistened

surfaces of the samples (Fig. 2a). This procedure was chosen
as it offers both the best lighting conditions and a good
resolution for the subsequent image analysis. A mesoscale
study was required, rather than the more common micro-
scopic analysis, as the average size of the elements studied
(clasts, veins, etc.) was in the order of a few centimetres.
Several filters were applied to remove isolated erroneous

pixels from the image obtained (noise reduction): Median

filter and lowpass filter. The aim of this step is to improve
the quality of the image as well as to provide a more
effective segmentation of the image.
Image segmentation consists of identifying and defining

the clasts of the materials. The result of this step is an
image in which clasts and fine-grained matrix are
completely differentiated. In order to carry out this
differentiation, two processes are distinguished: Primary

and secondary segmentation. Primary segmentation
(Fig. 2b) is an automatic process where a rough differ-
entiation is obtained. This step is carried out via the
manual threshold method. This method are carried out
selecting the whole pixels included between two threshold
values previously defined, and encoding them with the
same colour, and different from the remainder pixels. The
upper and lower thresholds in our images are established
taking into account the particular histogram of each clast
(Fig. 2). In this way, the global thresholds include the mean
chromatic range of clasts. These values are necessarily
defined again when a new image is analysed due to the high
chromatic heterogeneity of materials (especially in BS
variety). The image obtained after this step shows clasts
not completely isolated due to some erroneous pixels
of fine-grained matrix, which have similar chromatic
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Fig. 1. The two studied varieties (Marrón Emperador: ME; Beige Serpiente: BS) as observed (a) at mesoscale; (b) under scanning electron microscope in

backscattering secondary electron mode (SEM-BSE); and (c) under optical polarising microscope (the sample was stained with Alizarin Red S). CV: calcite

vein; OF: open fracture; CC: calcite clast; DC: dolomite clast; FgM: fine-grained matrix.
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coordinates to clasts. The secondary segmentation (Fig. 2c)
is a manual process where these erroneous pixels are
removed, and the clasts are completely isolated from the
fine-grained matrix.

The result of this step is a binary image (Fig. 2c) in which
the original image has been reduced to a two-colour
scheme: the black areas correspond to clasts and the white
areas correspond to the fine-grained matrix. From binary
images several parameters can be calculated, which have
been designed in order to quantify specific rock fabric
characteristics of materials. These parameters are:

Brecciation density (bd): This parameter is obtained in
order to quantify the brecciation degree of the rock sample.
Brecciation density is defined as the number of clasts
content per surface unit. When a net, whose cells measure
1 cm2, is placed over the image, bd is defined as the
percentage of cells with a content equal to or more than six
clasts. The counting of the number of clasts per surface
unit is carried out with Maltlabs v.5.3, and consists in
comparing the coordinates of the net nodes and the
coordinates of the centroids of the clasts [25]. In this
way, a high value in the bd parameter corresponds to a high
small clast content. Therefore, the sample is associated to a
strong brecciation process.

Clast size distribution: The clasts have been classified
according to their area in six size classes (Table 1). The
different classes express the number of clasts whose area is
included within the thresholds of that class.

Fine-grained matrix content in the sample (FMC): As a
result of the segmentation process, the code of the binary
image corresponds white pixels to the fine-grained matrix
and black pixels to clasts. This fact allows us to quantify
the fine-grained matrix content by calculating the percen-
tage of pixels, which were codified in white in the binary
image. This is a very important parameter in the analysis of
the relationship between rock fabric and ultrasonic waves.
This importance lies in the fact that fine-grained matrix is
formed on average by 90% of calcite in ME and 20% in



ARTICLE IN PRESS

Fig. 2. Image analysis process used to quantify the most important petrographic features of the samples studied. Images (a), (b) and (c) correspond to

Marrón Emperador (ME) variety, whereas images (d), (e) and (f) correspond to a Beige Serpiente (BS) sample. Images (a) and (d): scanned sample surface;

images (b) and (e): primary segmentation; images (c) and (f): secondary segmentation and final binary image. The step between images (a) and (b) as well

as between (d) and (e) shows the thresholds selection process.

Major axis Minor axis

Major axis
angle

Reference
direction

Fig. 3. Diagram of a hypothetical clast, showing its major and minor axes

and its major axis angle.

Table 1

Size class limits

Class Class1 Class2 Class3 Class4 Class5 Class6

Scale of values (cm2) o0.03 0.03–0.44 0.44–0.84 0.84–1.24 1.24–1.64 41.64
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BS. Therefore, FMC is an indirect measurement of the
calcite content in the sample. Different FMC values can be
translated into different calcite/dolomite ratios, and con-
sequently, different associated ultrasonic velocities.

Preferred clast orientations (alim): The importance of the
presence of clast preferred orientations is based on the fact
that this clast preferred orientation can be extrapolated to
discontinuity orientations. This extrapolation can occur
when only elongated clasts are considered. Consequently,
this analysis has been realised taking only into account
the clasts whose minor axis length to major axis length
ratio is less than 0.6. In these particles, the orientation of
boundaries, or the fractures, which define boundaries, can
be considered the same as the major axis angle of the clast
(Fig. 3).

Due to the need to effectively quantify the discontinuity
orientations, the parameter alim is defined as the percentage
of elongated clasts orientated in the least favourable
direction as regards ultrasonic wave propagation (Fig. 4).
In order to obtain the worst orientation of clasts for
ultrasound, a theoretical critical angle has been obtained.
According to the wave theory, when a wave strikes a
discontinuity, there exist specific angles between the wave
direction and the discontinuity surface in which refracted
waves are not generated. Elongated clasts with a major
axis angle included in these orientations are the particles
with the least favourable conditions for wave propagation.
This assertion is due to the fact that the boundaries
of elongated clasts are sub-parallel to their major axis
and therefore, these discontinuities cause a total wave
reflection.
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Fig. 4. Diagram of the calculation of the alim after the three orthogonal axes defined in the sample. The parameter alim in each direction is calculated as the

ratio between (1) the number of elongated clasts orientated in the least favourable direction as regards ultrasonic wave propagation, counted in the four

parallel surfaces to the direction in which the ultrasonic wave was measured and (2) the total number of clasts in the four parallel surfaces to the direction

of the ultrasonic measurement.
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This critical angle for a wave that strikes a boundary
between a calcitic medium and a dolomitic medium, the
only case where refraction is produced, is 62.541, according
to Snell’s law [29,30]. Therefore, the parameter alim
quantifies the percentage of clasts which fulfill both
conditions, which is on the one hand, their elongation is
equal to or less than 0.60 and, on the other, their major axis
angle is between 762.541 and 790.001.

The parameter alim is calculated on each surface of the
sample (six values per cubic sample). In order to obtain a
comparable single value of the ultrasonic parameters, the
mean of the four parallel surfaces to the direction in which
the ultrasonic wave was measured has been calculated.
In short, alim is the global percentage of clasts, and
discontinuities, which are orientated in the least favourable
direction as regards ultrasonic wave propagation.

When the value of a specific parameter depends on the
direction considered in the sample, three different values
are calculated in each direction of its orthogonal axis
systems. The specific conditions of this methodology are
indicated in [25].

3.2. Ultrasonic measurements

In order to obtain reproducible conditions in the
ultrasonic measurement, the samples were dried at 60 1C
for 48 h. After they had been cooled in a desiccator, each
one was weighed in order to obtain the bulk density.
The ultrasonic transmission method was used. This

involves two piezoelectric sensors coupled to the object at
constant pressure by means of the hand procedure. One of
the transducers is stimulated using an ultrasonic pulser and
the other is used as a receptor sensor. Therefore, this
method measures the propagation wave characteristics
induced by microstructural factors. Compressional (P) and
shear (S) waves were measured using polarised Panametric



ARTICLE IN PRESS
J. Martı́nez-Martı́nez et al. / International Journal of Rock Mechanics & Mining Sciences 45 (2008) 609–620614
transducers (500 kHz) and a Sonic Viewer-170, which
acquired and digitalised waveforms to be displayed,
manipulated and stored. A visco-elastic couplant was used
to achieve good coupling between the transducer and the
sample.

Several ultrasonic parameters have been calculated from
the digital analysis of the transmitted signal. The most
widely used ultrasonic parameter in material strength
determination is compressional wave velocity, Vp. How-
ever, the analysis of the elastic wave propagation can be
substantially enhanced when digital analysis of the ultra-
sonic signal is used [20,21]. In this study, several ultrasonic
parameters have been calculated. However, four of them
have been selected as the most interesting: compressional
and shear wave velocities (Vp and Vs, respectively), velocity
ratio (Vp/Vs) and waveform energy (e). All of these
ultrasonic parameters were determined from the mean of
a minimum of three measurements for each direction
considered.

Propagation velocity (both Vp and Vs) was determined
from the ratio of the length of the specimen to the transit
time of the pulse. Waveform energy (e) is presented in a
dimensionless form and is defined as the integral of the area
under the square rectified amplitude.

Young’s dynamic modulus of elasticity (Ed) and
Poisson’s ratio (n) were calculated from P-wave and
S-wave velocities (Eqs. (1) and (2)) in order to assess the
elastic behaviour of the rocks [31]:

E ¼ rbulkV2
p

ð1� 2nÞð1þ nÞ
ð1� nÞ

, (1)

n ¼
ðVp=V sÞ

2
� 2

2½ðVp=V sÞ
2
� 1�

. (2)

3.3. Multivariate analysis

Three different multivariate analysis statistical tools
were applied for stabilising the structure of the variable
dependence and the interrelationship. The strategy em-
ployed in the statistical analysis is summarised in the
following steps: (1) a principal component analysis (PCA),
which was applied to the database in order to obtain
correlations between the different parameters calculated;
(2) a scatter diagram analysis, which allows a particular
bivariate study of the correlations observed in the PCA; (3)
a cluster analysis, to analyse the overall similar characte-
ristics patterns of the two previously described materials.

3.3.1. Principal component analysis

The principal component analysis involves a mathema-
tical procedure that transforms a number of correlated
variables into a smaller number of uncorrelated variables
called principal components. Each component is a weighted,
linear combination of the original variables. Usually, only
components with an eigenvalue greater than 1 are of any
interest. In order to make the components more inter-
pretable, while still being orthogonal, a varimax rotation is
used.

3.3.2. Scatter diagrams

Scatter diagrams are a kind of illustration, which allow a
different distribution of the variables’ data (normal or log-
normal) to be recognised and the correlation level between
two parameters to be analysed.

3.3.3. Cluster analysis

Cluster analysis is a popular technique used to find
groups of data [32]. In clustering, the objects are grouped
into clusters so that the degree of association is strong
between members of the same cluster and weak between
members of different clusters. Objects in one cluster should
be homogeneous, with respect to certain characteristics
describing properties, and well separated from elements in
other clusters. This separation of clusters is based on
multivariate distance.

4. Results and discussion

Ultrasonic parameters (compressional and shear wave
velocities, velocity ratio and waveform energy), and
dynamic elasticity constants are shown in Table 2. The
average value of: brecciation density (bd), preferred clasts
orientation (alim), fine-grained matrix content (FMC) and
density are shown in Table 3. The size-class distribution of
clasts are shown in Table 4.

4.1. Principal component analysis and scatter diagrams

The principal component analysis was carried out using
the code SPSS v.11.5.1 (from SPSS Inc.). The ultrasonic
parameters considered in this analysis are Vp, Vs and
Vp/Vs. The log(e) values were also included due to the fact
that e reveals a logarithmic distribution regarding both
ultrasonic and petrographic parameters.
Six petrographic parameters were selected: bd, alim,

FMC, density, Class2 and Class5. Only two classes (Class2
and Class5) have been chosen to carry out the current
multivariate analysis due to the fact that only Class1,
Class2 and Class5 present significant different clast content
between BS and ME varieties. Class3, Class4 and Class6
present similar content in both materials and do not
contribute to differentiate the ultrasonic response between
both varieties. On the other hand, the size range of the
clasts contained in Class1 is small comparing to the
ultrasonic wave sensitivity. According to previous state-
ments, Class2 represents the lowest size class whose clasts
are recognised by the propagated ultrasonic wave (as the
size of these clasts is greater than the wave sensitivity
threshold). On the other hand, Class5 represents the
highest size class in which there are enough differences
between the varieties studied. Both dynamic elastic
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Table 3

Values of: bd, alim, FMC and density, of both Marrón Emperador and

Beige Serpiente varieties (ME and BS, respectively)

bd (%) alim (%) FMC (%) Density (g/cm3)

ME-I x 49.52 22.36 4.77 2.65

y 34.21

z 24.57

ME-II x 46.59 25.8 5.98 2.69

y 30.05

z 20.56

ME-III x 59.15 32.45 27.73 2.7

y 33.2

z 24.95

ME-IV x 56.8 32.39 29.68 2.69

y 30.61

z 25.96

BS-I x 75.17 24.66 6.14 2.65

y 23.76

z 20.85

BS-II x 66.66 19.53 5.42 2.67

y 25.01

z 24.15

BS-III x 79.58 24.81 6.71 2.65

y 23.38

z 19.65

BS-IV x 48.97 23.46 3.67 2.68

y 25.94

z 19.29

Table 4

Size-class distribution of clasts

Size-class

distribution (%)

Class1 Class2 Class3 Class4 Class5 Class6

ME-I 209 120 6 3 1 1

ME-II 201 113 8 2 1 4

ME-III 242 127 6 1 1 1

ME-IV 222 120 7 2 1 3

BS-I 354 126 68 5 83 3

BS-II 427 99 6 2 1 3

BS-III 388 132 81 3 60 2

BS-IV 348 73 79 1 65 2

ME: Marrón Emperador variety; BS: Beige Serpiente variety.

Table 5

Coefficients of the different variables in the four components obtained by

principal component analysis

Component

1 2 3 4

% explained of the total

variance

28.412 23.641 22.510 16.311

bd �0.475 �0.259 0.772 �0.111

alim 0.018 0.076 �0.758 0.463

FMC �0.470 0.142 �0.173 0.815

Class2 �0.885 �0.066 0.049 0.055

Class5 �0.008 0.026 0.743 �0.432

Density 0.226 0.224 �0.266 0.893

Vp 0.948 �0.144 0.028 �0.009

Vs 0.688 �0.708 0.051 0.084

Vp/Vs �0.091 0.941 �0.212 0.122

log(e) 0.418 �0.122 0.870 0.137

Ed 0.807 �0.563 0.065 �0.061

nd �0.049 0.958 �0.024 0.230

Table 2

Values of both ultrasonic parameters and dynamic elasticity constants

Vp

(m/s)

Vs

(m/s)

Vp/Vs log(e) Ed� 102

(GPa)

nd

ME-I x 5820 2700 2.15 10.71 8.50 0.36

y 5140 2280 2.27 10.52 3.70 0.38

z 5190 2730 1.89 10.21 5.20 0.30

ME-II x 6210 3280 1.91 12.48 7.50 0.31

y 5920 3160 1.91 11.92 6.80 0.31

z 6460 3190 1.98 12.34 7.60 0.33

ME-III x 5220 2860 1.99 11.65 5.00 0.33

y 5390 2910 1.98 11.92 5.30 0.33

z 5000 2730 1.94 11.53 4.70 0.32

ME-IV x 5230 2930 1.91 11.75 5.30 0.31

y 5390 2960 1.96 11.88 5.40 0.33

z 5300 2910 1.92 11.56 5.40 0.31

BS-I x 5070 2920 1.76 12.58 5.60 0.26

y 5010 2900 1.74 12.47 5.50 0.25

z 5300 2940 1.87 12.74 5.50 0.30

BS-II x 6140 3730 1.67 12.93 8.90 0.22

y 6420 3440 1.80 12.70 8.70 0.28

z 5990 3260 1.84 12.12 7.30 0.29

BS-III x 5600 3010 1.83 12.80 6.40 0.29

y 5410 2960 1.79 12.81 6.20 0.27

z 5600 2980 1.90 12.74 6.00 0.31

BS-IV x 6440 3320 1.94 12.68 7.80 0.32

y 6240 3310 1.87 12.47 7.80 0.30

z 5980 3250 1.84 13.04 7.30 0.29

ME: Marrón Emperador variety; BS: Beige Serpiente variety.
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constants, Young’s modulus and Poisson’s ratio, have been
considered in this analysis.

Four principal components were extracted which ac-
counted for 90.8% of the total variance, using Varimax as
a factor rotation method. The coefficients of the different
variables in these four components are shown in Table 5.
There are two remarkable aspects in these coefficients:
(1) the absolute value of coefficients: high values in several
coefficients of the same component reveal a narrow
relationship between them; (2) the sign of the coefficient:
the same or opposite sign of several coefficients reveal the
direct or inverse relationship between them.

4.1.1. Component 1: principal related variables: Vp [0.948];

Class2 [�0.885]; Ed [0.807] and Vs [0.688]

This component reveals a strong interaction between
three ultrasonic parameters (velocity of the wave P, S

and Young’s modulus), with the percentage of small clasts
in the sample (the petrographic parameter Class2).
These relationships are inverse: the coefficient of the Class2
is negative, while Vp, Vs and Ed coefficients are positive.
The inverse relationship of these relationships can
be observed more clearly in the regression line trend of
the scatter diagrams of these four parameters showed
in Fig. 5.
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Fig. 5. Relationships between Vp, Vs, Young’s modulus, Class2, FMC and bd. Each scatter diagram shows the regression line and the 50% confidence

limits. These confidence limits show the interval in which a new data will be included with a 50% probability. The bar graphs of the diagonal show the

frequency histograms of the corresponding variable.
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According to these results, the greater the amount of small
clasts, the lower the velocities and the Ed. This assertion can
be explained by the fact that a higher content of small clasts
in the sample is equivalent to a lower homogeneity, and a
greater number of discontinuities. On the one hand, when a
wave strikes in a discontinuity, it suffers scattering processes
as well as a delay in its propagation. That explains the high
connection between Vp, Vs and Class2. On the other hand, it
is well known the fact that fractures and discontinuities
generate an inelastic yielding in the mechanical behaviour of
samples [33]. Therefore, it explains the relationship between
Class2 and Ed.

In particular, the considerable high coefficient of FMC
[�0.470], and the negative sign of both FMC and Class2
[�0.885] allow us to affirm that the high number of small
clasts, the high fine-grained matrix content and, therefore,
the high calcite content. The velocity of the ultrasonic waves
in a dolomite medium is greater than in a calcite medium.
So, the increase of small clasts, and the increase of calcite
content, is directly related to the decrease of Vp and Vs.

4.1.2. Component 2: principal related variables: nd [0.958];

Vp/Vs [0.941]; Vs [�0.708] and Ed [�0.563]

Component 2 shows some well-established relationships:
(1) between Poisson’s ratio and the Vp/Vs parameter, which
is quantified by Eq. (2); (2) between shear wave velocity
and elastic constants, suggested previously in component 1;
and (3) between Young’s modulus and Poisson’s ratio.
These relationships show the well-established equations

from the theory of elasticity and manifest the effectiveness
of the principal component analysis to grouping of the
different parameters.

4.1.3. Component 3: principal related variables: log(e)
[0.870]; bd [0.772]; alim [�0.758] and Class5 [0.743]

In this component, an interesting relationship is ob-
served between the ultrasonic parameter log(e) (logarithm
of the energy of the registered waveform) and the three
petrographic parameters: alim, bd and Class5.
One of the most interesting results obtained from this

study is the connection showed between the parameter alim
and log(e). This relationship provides information about
the sensitivity of waveform energy to determine the
orientation of discontinuities in the sample. The opposite
coefficient signs of the two parameters show that a greater
number of clasts and discontinuities orientated between the
worst ultrasonic propagation angles create intensive
scattering processes and, therefore, a reduction in wave-
form energy. The inverse trend between both variables can
be observed more clearly in Fig. 6, where the scatter
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diagram is shown (as well as the scatter diagrams of the rest
of parameters connected in this component).

On the other hand, it is also important to remark the
high values which relate the ultrasonic parameter log(e),
and the petrographic parameters bd and Class5. All this
coefficients have positive values, which reveal a direct
relationship between all of them, as we can observe in the
regression line trend of the scatter diagrams showed in
Fig. 6. These connections indicate that the greatest
waveform energies are associated with samples with both
a high clast density and high large clast content. The
previous assertion allows us to affirm that the samples with
a high clast density and large clast content present a low
number of discontinuities. According to wave propagation
theory, when the number of discontinuities decrease,
ultrasonic wave attenuation decreases and, consequently,
the waveform energy increases. This explains the relation-
ship observed between the waveform energy and both the
clast density and clast content. As a conclusion, samples in
which high waveform energy is registered, present higher
rock fabric homogeneity (in terms of brecciation degree).

4.1.4. Component 4: principal related variables: density

[0.893] and FMC [0.815]

A relationship between the fine-grained matrix content
and the density of the sample is observed in the component
4. The high positive values of both coefficients indicate that
the higher the fine-grained matrix content, the higher the
density. This relationship could be contradictory due to the
fact that the calcite density is lower than the dolomite
density. Consequently, a sample with high fine-grained
matrix content has a high calcite content, and theoretically,
it should have a low density. However, according to the
values shown in [33], calcite density is very similar to
dolomite density (rcalcite ¼ 2.71 g/cm3; rdolomite ¼ 2.86 g/
cm3). Therefore, variations in density cannot be explained
by simply taking into account the density of mineralogical
components, as such features as, for example, the porosity
associated to different textures (idiotopic or xenotopic) [34]
is more influential on density value than the calcitic content
of the sample.

4.2. Cluster analysis

Cluster analysis is a multivariate technique used to find
homogeneous groups with respect to certain properties.
For this reason, this tool has been used in order to study
the similarities in the different samples studied. All of the
petrographic parameters obtained via image analysis and
the density of each sample were considered.
Fig. 7 shows the obtained results. Two different clusters

can be seen in the samples used. These two groups
correspond exactly to the two varieties considered in this
study. This result is proof of the correct quantification of
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Fig. 7. Samples grouped according to their petrographic characteristics and their density via cluster analysis.
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the petrography of these materials, as well as the
discriminatory nature of the petrographic variables. More-
over, this result supports the fact that the conclusions
obtained in the multivariate analysis are not only valid for
one specific material, but for fractured carbonated rocks.

On the other hand, due to the fact that measurements of
several petrographic and ultrasonic aspects depend on the
direction considered, values in the three orthogonal axes of
each sample have been considered in this analysis. Results
shown that the three values for each sample are always in
the same cluster. This fact shows the relatively low
anisotropy of the samples studied between their axial
directions. However, the BS variety is a more hetero-
geneous material than ME, due to the fact that the
distances measured between the different clusters are
larger.

5. Conclusion

In order to study the influence of the petrography of
highly fractured rocks in the propagation of ultrasonic
waves, different multivariate analysis techniques have been
used (scatter diagrams, principal components and cluster
analysis). To carry out this analysis, it was necessary to
create a database containing all of the petrographic and
ultrasonic parameters. Petrographic quantification was
carried out via colour analysis of the mesoscopic images
of the scanned sample. Due to the complex characte-
ristics of the two different varieties of brecciated dolostones
used as samples in this study, a new image analysis
methodology was designed. The outcome of this metho-
dology are several numeric petrographic parameters
which quantify the most important characteristics of the
samples studied in order to elaborate a database to be
used in the multivariate analysis. On the other hand,
an in-depth analysis of elastic wave propagation was
carried out using ultrasonic signal digital analysis. The
waveform has been quantified in detail by four ultra-
sonic parameters: compressive and shear wave velocities,
velocity ratio and waveform energy. Elastic dynamic
constants, Young’s modulus and Poisson’s ratio, were also
calculated.
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The most important results obtained from the multi-
variate analysis can be summarised in the following three
points:
(a)
 Ultrasonic wave velocity and Young’s modulus are
controlled by both the number of discontinuities and
the mineralogy (calcite content) of the sample. This is
due to the fact that discontinuities and fractures
generate scattering and delay in wave propagation, as
well as an inelastic yielding in the sample. On the other
hand, ultrasonic wave velocity in a dolomite medium is
greater than in a calcite medium. Therefore, variations
in the mineral content are directly related to variations
in Vp and Vs.
(b)
 Waveform energy is a new sensitive parameter, which
can assess the existence of predominant fracture sets or
preferred orientations in the cracks. Waveform energy
is not usually calculated in most ultrasonic studies.
However, according to the results of this study, this is
an extremely useful and highly sensitive ultrasonic
parameter that can be used to assess the presence and
orientation of fracture sets. This is due to the fact that
fractures and discontinuities in the rock can cause
important wave scattering processes and, therefore,
increase ultrasonic wave attenuation and decrease
waveform energy.
(c)
 Cluster analysis reveals two different clusters in the
samples used. These two groups correspond exactly to
the two varieties considered in this study. This result is
interesting in that it provides proof of the correct
quantification of the petrography of these materials, as
well as the discriminatory nature of the petrographic
variables. Moreover, this result supports the fact that
the conclusions obtained in the multivariate analysis
are not only valid for one specific material, but for all
fractured carbonated rocks.
According to the results obtained in this study, ultra-
sounds are an extremely powerful tool for evaluating the
mechanical characteristics of highly fractured rocks. With
this non-destructive technique, it is possible to assess the
elastic behaviour of rocks, as well as the degree of
fracturing, preferred orientation of the cracks, etc. Knowl-
edge about these aspects is particularly important as they
control many of the processes involved in stone decay and
the mechanical changes in the rock. However, further
research into the proposed methodology is necessary in
order to corroborate the relationships obtained, as well
as to define more precise correlations between both
ultrasonic and petrographic variables. This could be done
by increasing the number of tested samples and analysing
new types of fractured materials.
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