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Abstract. Computed Tomography (CT) images provide a 1 Introduction

non-invasive alternative for observing soil structures, partic-

ularly pore space. Pore space in soil data indicates empt§poil structure describes the arrangement of the solid parts
or free space in the sense that no material is present theref the soil and the pore space located between them. Soil
except fluids such as air, water, and gas. Fluid transport destructure is dependent upon the material it is derived from,
pends on where pore spaces are located in the soil, and fdhe environmental conditions under which the soil formed,
this reason, it is important to identify pore zones. The low the amount of clay present and the organic materials present.
contrast between soil and pore space in CT images present¥ore space is the portion of the soil volume that is not occu-
a problem with respect to pore quantification. In this paper,pied by solid soil but rather by air and/or water. Soil texture,
we present a methodology that integrates image processingresence of organic matter, the nature of the crops cultivated
clustering technigues and artificial neural networks, in orderand soil depth have a great influence on soil pore space. Im-
to classify pore space in soil images. Image processing wagge analysis of soil has been used for physical and chemical
used for the feature extraction of images. Three clustering alcharacterisation, macromorphology and micromorphology.
gorithms were implemented (K-means, Fuzzy C-means, and Several instruments have been used to obtain soil images,
Self Organising Maps) to segment images. The objective osuch as light microscopes, Scanning Electron Microscopes
clustering process is to find pixel groups of a similar grey (SEM), Transmission Electron Microscopes (TEM), Com-
level intensity and to organise them into more or less homo{puted Tomography (CT) and Magnetic Resonance Imagin-
geneous groups. The segmented images are used for tesiray (MRI). In the past few years, geoscientists have started
classifier. An Atrtificial Neural Network is characterised by to use CT images of soil for characterising and modelling
a great degree of modularity and flexibility, and it is very soil properties. CT images provide a non-invasive alternative
efficient for large-scale and generic pattern recognition apfor observing soil structure. CT images involve a revolving
plications. For these reasons, an Artificial Neural Network x-ray tube that surrounds a soil sample and a detector unit to
was used to classify soil images into two classes (pore spacproduce 2-D images to provide grey-level images of slices of
and solid soil). Our methodology shows an alternative way tothe sample after computer integration. During this integra-
detect solid soil and pore space in CT images. The percention process, 3-D images are generated (Mermut, 2009). The
ages of correct classifications of pore space of the total nummain issue in CT soil imaging is the low contrast between
ber of classifications among the tested images were 97.01%s0il and pore space. Pore space is represented in CT images
96.47% and 96.12%. by dark pixels (0 — grey level), and soil is represented by clear
pixels (255 — grey level) (Vogel and Kretzschmar, 1996).

In general, image analysis involves many different tasks,
such as segmentation, classification and interpretation. Seg-
mentation involves identifying objects into images. Classi-
fication assigns labels to individual pixels by taking into ac-

Correspondence to: count previous information on the problem of interest. In-
M. G. Cortina-Januchs terpretation involves extracting some meaning from the im-
BY age as a whole. The segmentation of soil images is very
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Fig. 1. The block diagram of our proposed method.

important for the measurement of properties as well as fomented to segment soil images, including (K-means, Fuzzy

detecting and recognising objects in the soil. C-means and Self Organising Maps). In the last step, an Ar-
Different methods have been used to segment soil imagesficial Neural Network was implemented to classify soil and

such as a simple binary threshold method (Perret et al., 2003)ore space using the segmented images. Figure 1 shows the

and a multiple threshold method (Pal and Pal, 1993; Vogeblock diagram of our proposed method. Our goal is to obtain

and Kretzschmar, 1996; Capowiez et al., 1998; Tarquis efan image in which pore and soil spaces can be distinguished.

al., 2009). Vogel and Kretzschmar (1996) suggested using

thresholds for typical and critical regions. They calculated

a lower limit of the critical region for each individual im- 2 Materials and methods

age as the average of the lower maximum and minimum be-

tween the two maxima in the grey-level histogram. Capowiez2.1  Soil image

et al. (1998) used a simple rule to determine the threshold

value based on the grey-level histogram. By adding 1/3 ofSoil samples were collected from four horizons of an argis-

the distance between the pore peak and the matrix peak t8ol formed on the Tertiary Barreiras group of formations in

the pore peak, they identified the approximate minimum ofPernambuco, Brazil, at the Itapirema Experimental Station.

the distribution function between the two peaks. Pal andAccording to the classification scheme obgpen, the area

Pal (1993) suggested local thresholding schemes in whicthas a tropical monsoon climate. The physical and chemi-

the voxel classification depends on the grey-scale values ofal characterisation, macromorphology and micromorphol-

its surrounding voxels instead of using global-level valuesogy of this soil have been broadly analysed by Melo and dos

as thresholds. Oh and Lindquist (1999) developed a locafSantos (1996). The physical characteristics of the soil are

threshold method based on the Mardia-Hainsworth spatiaprovided in Table 1.

thresholding algorithm; details on this method can be found The intact soil samples were imaged using an EVS MS-

in Mardia and Hainsworth (1988). MicroCT scanner (now GE Medical, London, Canada).
The aim of the present work is to detect pore space in 2-DThough some samples required paring to fit into the 64-mm-

images (that is, axial views) acquired using tomography techdiameter imaging tubes, the field orientation was maintained.

niques. The methodology is composed of three steps. Thémaging parameters were 155 keV and 25 pA.

first step is called feature extraction; we applied an erosion Proprietary software (GE Medical) was used to recon-

morphological operation to enhance the dark regions (porestruct the 16-bit 3-D imagery from the axial sequence views.

space). In the next step, three clustering methods were impleFhe resulting voxel size was 45.1 pA. Accordingly, three
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Table 1. Physical properties of the selected horizons of Argissol nated selectively,_and thus the essential im.age features (_:an
according to Melo and dos Santos (1996). be enhanced. Using the concept of structuring elements, in-
tersections and unions in the image with the translations of
the structuring element yield two basic morphological oper-

ations, namely, erosion and dilation (Gonzalez and Woods,
C.Sand F.Sand Silt Clay 2002).

Horizon  Depth (cm) Particle size distribution (%)

A2 10-35 62 24 3 11 Erosion generally decreases the size of objects and re-
AB 35-57 26 53 4 17 moves small anomalies by subtracting objects with radii
Bt2 98-152 21 40 4 23 smaller than the given structuring element. With grey-scale
Bt/Bw 150-190 18 37 10 35 images, erosion reduces the brightness (and therefore the

size) of bright objects on a dark background using the neigh-
bourhood minimum when shifting the structuring element
over the image. Erosion is denoted by

sub-volumes were extracted from each of the four original

volumes using GE Medical Microview; care was taken to en-(/ @ E)(x,y) =max{/ (x —i,y — j) — E(, j)], (1)
sure no overlay of the sub-volumes. The sub-volumes me

: ) : a\'/vherel(x,y) is a grey-scale image, arf{i, j) is the struc-
sured 256« 256x 256 units, corresponding to about 16.8 mil- turing element.

lion voxels. A 3-D Gaussian filter was also run in Microview . I . .
In contrast to erosion, dilation generally increases the sizes

(GE Healthcare, 2.006) on each sup-volume 0 r_educe_ NOISGy objects, fills in holes and broken areas and connects areas
and beam-hardening artefacts, typically occurs in CT imag-,

) . . . that are separated by spaces smaller than the size of the struc-
Itrr]]gs(;—?rrr?:Ise:tv?zle.r’ezggt?;clrgg}lrzxosr!([’)\,ivri;sees 2D Ir‘n"’lges’turing element. With grey-scale images, dilation increases
9 ges. the brightness of objects by taking the neighbourhood max-
22 Feature extraction imum when shifting the structuring element over the image.
Dilation is denoted by

Feature extraction is the process of locating information of o . . ..
interest to detect pore space in soil images. The idea is tha1®E)(x’y) =minl/ (x =i,y =)+ EG )] 2)
feature extraction identifies different features of the samewhere/ (x, y) is a grey-scale image, arfli, j) is the struc-
pattern corresponding to different levels of importance andyring element.

thereby carrying different information. First, an erosion mor-

phological operation was applied to enhance pore areas. Se@.2.2 Spatial domain features

ond, spatial domain features were used to obtain information

on the neighbourhood of each pixel; in this work, we com- Spatial domain features include both shape-related features
puted two window-based features (namely, mean and starand window-based features. In this work, we applied
dard deviation) with different window sizes £33, 5x 5) in window-based features. These features are the mean and
the eroded image. In order to select the best size windowstandard deviation, which are extracted from images within
we calculated the correlation between the mean and standa@ rectangular window.

deviation for each image.

Using the extracted features and the grey-level inten-lﬂ: 1 Xn: v 1G,}) (3)
sity of the original image, a Feature Vector (FV) was con- nxmiTi4a
structed. This FV is used for image segmentation. The
FV is composed as\%* = {[x%*) x{#¥ x{1% x{9]), where 1 anm , 12
gs=1,..., QS.(N)ote thatQ,;=M x N, whereM x N isthe  Istp= (mZZ(I(i,j)—Iu) ) , 4)
qs i=1j=1

image size.x;" "’ corresponds to the grey-level intensity of

the original images.xéq” corresponds to the grey level of where 1, and Istp represent the mean and standard devi-
the eroded image, an@q") andxf(“) correspond to the mean  ation, respectively, of an image, withx m is the window
and standard deviation of the eroded image, respectively. size,I is an image and, j) is the pixel position.

2.2.1 Mathematical morphology 2.3 Image segmentation using clustering techniques

Mathematical Morphology is a discipline in the field of im- Another important role of segmentation in image analysis is
age processing that involves an analysis of the structure oin high-level image interpretation and understanding. Seg-
images. Image processing using morphological transformamentation subdivides an image into its constituent regions or
tion is a process of information removal based on size andbjects. The level to which the subdivision is carried out de-
shape. In this process, irrelevant image content is elimi-pends on the problem being solved (Gonzalez and Woods,
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2002). The segmentation of soil images is very important forthesek new centroids, a new binding is conducted between
the measurement of properties as well as for detecting anthe same data set points and the nearest new centroid. A loop
recognising objects in the soil. The approaches to segmentas then generated. Based on this loop, we may notice that the
tion proposed in the literature vary depending on the specifick centroids change their location step by step until no more
application, such as CT or MRI. The main problem in CT changes occur, that is, centroids do not move anymore. Fi-
soil images is the low contrast between soil and pore spacenally, this algorithm minimises an objective function, which
Pore space is represented in CT images by dark pixels (0 +n this case is a squared error function, as follows:

grey level), and soil is represented by clear pixels (255 — grey

level) (Vogel and Kretzschmar, 1996). J :Zi 2
i=1

: ©)

)
X

Tarquis et al. (2009) and Ruela et al. (2009), used the €
Peak Fitting Module to analyze the histogram, in order
to identification of constituent peaks in the grey-scale his-
togram. The major peak with the lowest mean digital num- ,
ber was taken to be that corresponding to the pore space; tHween a data point'”’ and the cluster;, which serves as an
next major peak was considered to be solid soil, assumingndicator of the distance between th&lata points and their
Gaussian distribution for both peaks. In this work, we usedcluster centres. The algorithm is composed of the following
clustering techniques based on partitional clustering. Partisteps:

tional techniques have advantages in applications involving o )
large data sets, for example, soil image data. Soil images — Placek points into the space represented by the objects
present different regions in which the pore and solid mixmay ~ thatare being clustered. These points represent the ini-
hinder the identification of each region. A problem that ac- tial centroids.

companies the use of a pa}rtitional algorithm is the need to _ Assign each object to the group with the closest cen-
choose the number of desired output clusters. We propose troid.

and compare three clustering methods to segment soil im-

ages (K-Means, Fuzzy c-Means and Self Organising Maps). — When all objects have been assigned, recalculate the po-
These clustering methods have been used to segment natural sitions of thek centroids.

images (Jian and Zhou, 2004ataro et al., 2006; Ye, 2009), ) ] )
satellite images (Chuang et al., 2006; Arias et al., 2009) and — Repeat the second and third steps until the centroids no
mammograms images (Vega-Corona et al., 2003; De Oliveira  /onger move. This produces a separation of the objects
etal., 2009; Quintanilla-Dominguez et al., 2009). into groups from which the metric to be minimised can

The objective of the clustering process used to segment D€ calculated.

Images 1S to find p|xel groups W't.h a similar grey-level in- Although it can be proven that the procedure will always ter-
tensity in order to integrate them into homogeneous groups; .t the K-means algorithm does not necessarily iden-

Similarity is evaluated according to a distance measure be:. . . L

tween tge pixel and the protot;?pes of the object or regiont|1‘y the most optimal configuration in terms of the global
rototvoes. and each pixel is assianed to the nearest or mo2 jective function minimum. The algorithm is also signifi-

prototypes, P SS9 o 2 ntly sensitive to the initial randomly selected cluster cen-

similar prototype. However, this process must distribute a”tres However, the K-means algorithm can be run multiple

data to the different groups, even if some pixels are not verytime'S to reducé this effect

representative of the group as a whole (Ojeda-Niagst al., '

2009). 2.3.2 Fuzzy c-means algorithm

j=1

; 2
where Hx;.j)—ci is the Euclidean distance measure be-

2.3.1 K-means algorithm The Fuzzy c-Means clustering algorithm (FCM) was ini-

_ ) _ tially development by Dunn (1973) and later generalised by
The K-means algorithm (MacQueen, 1967) is one of the sim-Bezdek (1981). This algorithm is based on optimising the
plest unsupervised learning algorithms that is used to solvgypjective function given by Eq. (6)

the well-known clustering problem. The procedure involves N

a simple and easy way to classify a given data set into a cer- <

tain nEmber of cIL)J/ster)s/ (nameklzus?ers), whichis fixeda Jem(Z:U: V)= ZZ(“”‘)’" 2k —vill?, 6
priori. The main idea is to definecentroids, that is, one for i=1k=1

each cluster. The next step is to take each point belongingvhere the matriXd =[u;r] € Mimc is a fuzzy partition ofz,

to a given data set and associate it with the nearest centroicandV = [v1, vz, v.] is the vector of prototypes of the clus-
When no additional points are available for clustering, theters, which are calculated according g4, = lzx —vi ll%,

first step is completed, and an early group is done. At thiswhich is a square inner-product distance nomne [1, co]
point, we must re-calculatenew centroids at vary centres of is a weighting exponent that determines the fuzziness of the
the clusters resulting from the previous step. After we obtainresulting clusters. The optimal partitiag* of Z using the
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Fuzzy c-Means algorithm is reached by implementing the Self Organising Maps (SOM; Kohonen, 1990) are a type
couple (U*, V*) to locally minimise the objective function of unsupervised learning tool used for the goal of discov-
Jimc according to an alternating optimisation method (Ojeda-ering the underlying structure of data. A topological map
Magdia et al., 2009). is simply a mapping that preserves neighbourhood relations,
Theorem FMC: ifDjx4; = llzk — v; || > O for everyi, k,m > and it consists of a set of units that are arranged in a certain
1 and Z containing at least different patterns(U, V) € topology. SOM basically provide a form of cluster analysis
Mime x RN and Jime can be minimised only if by producing a mapping of high-dimensional input d&ta
2oy -1 X e 9", in the output space while preserving the topological
¢ m— . . ) . .
. ( ( D4, ) ) l<i<c: 1<k<n () relationship between the input data items as faithfully as pos-
j=1

sible. Each of the units is assigned a weight vectar; of
the same dimension as the input data, where R". In the
initial setup of the model prior to training, the weight vec-

D ja;

N
> u?}czk tor is filled with random values. During the learning step,
=t 1<i<c (8)  the unitc with the highest activity level, which is the win-
Hik nerc with respect to a randomly selected input patteris

adapted in a way that will allow it to exhibit an even higher
activity level at future presentations of that specific input pat-
Following the Egs. (7) and (8) presented above with respectern. Commonly, the activity level of a unit is based on the
to the FCM algorithm, giverZ, choose the number of clus- Euclidian distance between the input pattern and the pattern
ters 1<i < N, the weighting exponemt > 1 and, the ending  weight unit of that vector. The unit showing the lowest Eu-
tolerances > 0. Then, the solution can be reached with the clidean distance between its weight vector and the current
following steps: input vector is selected as the winner. Hence, the selection or
winnerc may be written as follows:

k=1

— Provide an initial value to each one of the prototypgs

i=1,...,c. These values are generally generated ran-: |x —mc|| = min||x —m; || 9)

domly. !

. Adaptation takes place at each learning iteration and is per-

— Calculate the distance to pattermfrorr; each of the  formed as a gradual reduction of the difference between the

i-th prototypesy; using Djj », = (zx —vi)" Ai(zk = Vi), respective components of the input vector and the weight

lsi=c1=k=N. vector. The amount of adaptation is guided by the learning
ratec, which gradually decreases over time. As an extension
to standard competitive learning, units in a time-varying and
gradually decreasing neighbourhood surrounding the winner
— Calculate the new values of the prototypgsusing  are adapted. This strategy enables the formation of large

Eq. (7). clusters in the beginning and fine-grained input discrimina-

tion toward the end of the learning process. In combining

— Verify if the error is greater thad. If itis, move 0N 10 hege principles of SOM training, we may write the learning
the second step. Otherwise, stop. rule as given in Eq. (10):

— Determine the membership degrees of the matrix
[ik], if Dixa >0 using Eq. (6).

2.3.3 Self Organising Maps m;(t+1) =m;(t) +a(t)hei[x(t) —m; ()], (10)

An artificial Neural Network (ANN) is a mathematical model wheret denotes the current learning iteration, andepre-
that attempts to simulate the structural and functional aspectsents the time-varying learning rate. represents the time-
of biological neural networks. ANN can be classified as varying neighbourhood kernel, andrepresents the current
both supervised and unsupervised. The most important feanput pattern. Finallysr; denotes the weight vector assigned
tures that relate to an ANN with respect to biological neuralto unit:.

networks are that knowledge is acquired through a learning

process, and synaptic weights are used to store knowledgé4 Classification

(Haykin, 1999). ANNs are considered very powerful classi- o

fiers compared to classical algorithms. The algorithms used-!assification is one of the most frequently encountered

in ANN applications are capable of finding good classifiers 9€CiSion-making tasks in human activity. A classification
based on a limited and generally small number of trainingProPlem occurs when an object needs to be assigned to a

examples. This capability, also referred to as generalisationP"€defined group or class based on a number of observed at-

is useful from a pattern recognition standpoint since a largd'iPutes related to that object. In this case, we must classify
set of parameters is estimated using a relatively small dat£0il images in two classes, one representing soil and the other
set. representing pore space.
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An ANN was used to classify soil images into two classes
(pore space and solid soil). ANN is characterised by a great
degree of modularity and flexibility, also it is very efficient
for demanding large-scale and generic pattern recognition
applications.

2.4.1 Feed Forward Neural Network

Feed Forward Neural Network (FFNN), also known as mul- ¥ .
tilayer perceptrons (MLP), are popularly used in many prac- (®)

tical applications. FFNN is a type of supervised learning. Fig. 2. The obtained result for a soil image: (a) the CT soil image in

Knowledge is acquired by the netwqu through a.learning grey scale; (b) the results after a morphological erosion operation.
process known as the Back Propagation (BP) algorithm. The

BP algorithm serves as a workhorse in the design of a spe-

cial class of layered FENN. A FFNN has an input layer of 3 Results and discussion
source nodes and an output layer of neurons; these two lay- )

ers connect the network to the outside world. In addition toS-1 Feature extraction

these two layers, the multilayer perceptron usually has on — . . _
. : ; or each studied image, we applied an erosion morphological
or more layers of hidden neurons, which are called hidden : . .
) . : operation to enhance the dark regions (that is, pore space).
because they are not directly accessible. The hidden neuro . . ) .
e structuring element will darken the image. Bright re-

extract important features contained in the input data. Using_. . L

. : . Jgions surrounded by dark regions (pore space) shrink in size,

supervised learning, these networks can learn the mappin . . . . .
nd dark regions surrounded by bright regions (that is, soil

from one data space to other examples. The term BP refers_|. o . : LS o

. ' . -, —5olid) grow in size. Small, bright pixels in images will dis-
to the way in which the error is computed at the output S|de.a ear as they are eroded down to the surrounding intensity
Namely, it is propagated backwards from the output layer to pp y 9

the hidden layer and finally to the output layer; details on this\é?;:;’ igr:gozrpgl;?g g Q;Xﬁfc\gé"iE?ﬁg?ﬁ;a;gfvrhglr);eiliiezzﬁ
method can be found in Basheer and Hajmeer (2000). P 9 y

Three FFNN with the same structure were tested, one fot’ hanges rapidly, whereas regions with fairly uniform inten-

: ity will be left more or | nchan xcept at their .
each segmentation method. The network structures used a%ty be left more o €ss uncha ged, e cep _att eir edges
as follows: cross-shaped structuring element of 3 size window was

applied. Figure 2 shows the results for a given image. Fig-
— Input layer: four neurons, where each neuronisan  ure 2a shows grey-scale CT soil images. Figure 2b depicts

image feature. the results after a morphological erosion operation.
_ _ . In this work, we applied two window-based features,
— Hidden layer: one hidden layer with ten neurons. namely, mean and standard deviation; they were extracted

from eroded images within a rectangular window. Two win-
dows of different sizes were applied. The correlation analysis
was implemented to find the best pixel block window accord-
— Learning rate: 1. ing to the results already obtained; as such, we chose& 5

pixel window.
— The used activation function: the log-sigmoid function.

3.2 Image segmentation

— Output layer: one output layer, where in the output layer
two classes are obtained.

— Training set: eight images, two for each horizon.

Three clustering methods were implemented to obtain seg-
mented images. We built a FY, = {x%) : ¢, =1,..., O},
— Performance function: Mean Squared Error where x@9 € #P is a D-dimensional vector, and;
(MSE)=0.01. is the number of pixels in the image, wheng?) =
{[xi‘”),xéqs),xéqs),x;q”]}. The FV set is then clustered us-
ing three different methods.
All mathematical computations were performed using S @€ grouped intd clusters, where only one group cor-
Matlal®. responds tq pore space, and the others correspond to d|fferent
types of soil solid. Various approaches are used to determine
which cluster represents the pore group, including the min-
imum percentage of total data and the minimum grey level
of the original image. The remaining clusters represent soil
group. The previous clustering results are represented as a

— Training conditions: epoch 250.

— Test set: four images, an image for each horizon.

Biogeosciences, 8, 27988 2011 www.biogeosciences.net/8/279/2011/
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(b)

Fig. 3. The obtained results for the K-means meth@j:the image  Fig. 4. The obtained results for the Fuzzy c-means metlifapthe
segmented with nine clusters; afig) the binary image obtained image segmented with nine clusters; gbyithe binary image ob-
from the segmentation process, where 0 value corresponds to th&ined from the segmentation process, where 0 value corresponds to
pore space class and 1 value corresponds to the soil solid class. the pore space class and 1 value corresponds to the soil solid class.

segmented image of binary form, where 0 value corresponds. & =
to a pore space class and 1 value corresponds to a soil solit
class. Next, we show the initial conditions for segmentation
and the results of each clustering method.

In the implementation of segmentation algorithm is nec-
essary to have information about the images, this informa-g
tion help us to adjust the parameters and number of groupgﬂ”
in which the image will be segmented. Once we know how ¥
many groups are needed to represent the gray levels corre

(b)
sponding to pore, more images with the same features can be
segmented. Fig. 5. The obtained results for the SOM metha@) the image

segmented with nine clusters; aff) the binary image obtained
3.2.1 K-means from the segmentation process, where 0 value corresponds to the
pore space class and 1 value corresponds to the soil solid class.

@)

The initial conditions for this method were as follows.

— The cluster number took values from 7 to 11. 3.2.3 SOM

— Centroids were initialised as random values. o N .
The initial conditions for this method were as follows:

— The Euclidean distance function was used to measure
distance. — The network structure [4] was such thak took values

— The maximum iteration number was set at 100. from 710 11.

To illustrate the results, Fig. 3 shows the segmented image — The weight vector was randomly initialised.
and the binary image obtained by applying the K-means al-

gorithm. — The topology function was hextop.
3.2.2 FCM — The distance function was linkdist.
The initial conditions for this method were as follows: — The maximum epoch was set at 100.

— The cluster number took values from 7 to 11. ] ]
To illustrate these results, Fig. 5 shows the segmented and

— Centroids were initialised as random values. binary images obtained by applying SOM.
The group corresponding to the pore class was obtained
_ _ _ under the following conditions.
— The maximum number of iterations was set to 100. The data were clustered into several groups, the number of
— The minimum amount of improvement was set to which ranged from 7 to 11; the percentage that c_orresponded
1% 10°3. to pore space was then computed. The obtained percent-
) _ ages in this work were compared with the results obtained by
Toillustrate the results, Fig. 4 shows the segmented anifiuela et al. (2009), who used the threshold method. Tak-
binary images obtained by applying FCM algorithm. ing into account their results, we chose a number of groups

— The number of membership degrees was set to 2.

www.biogeosciences.net/8/279/2011/ Biogeosciences, 828832011
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7000

Table 2. Porosity percentages using thresholding criteri@Eia,
2 6000 [I
2009). £
2 5000 II
e ey
Horizon  Porosity (%) o 4000 —
2 —FCM
A2 13.45 L; ip ——kmeans
AB 14.73 £ 2000 - -
Bt2 12.14 & 1000
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equal to 9. Care must be taken not to over-segment the imrig. 6. Pore space distribution for the A2 horizon.

age, therefore it is necessary to have information of the im-

age when the algorithm is implemented. Table 2 shows the

porosity percentage fromiiela et al. (2009). Table 3 shows with FV label. According to the obtained results, the best
the percentage of pore space obtained using our method, thdassification rate was obtained using the FV for the K-means
results show that the more the image is segmented group thalgorithm.

corresponds to the pore is divided, for this reason the per-

centage of pore decreases. Based on this comparison, the F/3.1  Image reconstruction

was clustered and labelled into nine groups. These labelled ) o )
vectors were then used for classification. V out cONtains the classification results, whéfg,; is formed

by two classes, with one corresponding to solid soil and the
3.2.4 Pore space distribution other corresponding to pore space. Uskhgyi, we built four

images and computed the pore percentage for each recon-
In this study, we observed that it is not only the percentagestructed image. These results are compared with the obtained
of porosity that influences the threshold method; in addition,percentage in Table 3.
certain pore sizes present a higher influence, as is shown in Table 5 shows the comparison results, where the initial
Fig. 6. Pores with sizes ranging from 50 pixels to 400 FCM percentage obtained in the segmented images is compared
and K-means show a similar accumulative porosity curve;with the classifier output. In the results, we can observe that
meanwhile, SOM shows a lower increase. For pores thathe final percentages obtained for A2, Bt2 and Bt/Bw hori-
are greater than 400 pixels, the accumulative curves decreag®ns are very similar to initial percentage, but with the AB
until the pore size reaches 2000 pixels under the FCM andhorizon, the classifier has a very big mistake. The method
-means algorithms. However, in terms of total porosity, thishas limitations in the classification of the AB horizon, to im-
may not be significant, especially considering the substantiaprove the outcome in future work will analyze the feature

influence of hydraulic simulation and behaviour. extraction and segmentation in order to improve the classi-
o fication. Figure 7 shows the reconstructed image for each
3.3 Image classification Vout, the obtained classification is represented as binary im-

- age where 0 value corresponds to the pore space class and 1
We used 2-D CT soil images to detect the percentage of porg, e corresponds to the soil solid class.

space in soil. The image resolution is 45.1 um, and the image

size is 256x 256 pixels, so that we have 65 536-pixels by im-

age. We built a FV from the se&;, which includes 786432 4 Conclusions

feature vectors obtained from feature extraction (pixels cor-

responding to twelve images). Then, we clustered and laThis paper proposed an alternative way to detect pore space

belled FV into the sef using the K-means, FCM and SOM in CT soil images using image processing, data clustering

algorithms to compare results. Each FV was partitioned intoand ANN. Feature extraction in soil images is an important

two sets, namely, a training set with 524 288 feature vectordactor for the pore space detection due to the low level of con-

and a test set with 262 144 feature vectors. trast in these image types. We applied an erosion morpho-
The classification results are represented by the outpukogical operation to enhance the dark regions (pore space);

vector (Vou). Three FFNNs were used for training and test- in addition, the mean and standard deviation were used to

ing with the same conditions to compare classification re-generate additional information about areas of interest.

sults. Clustering algorithms help us to get a better comprehen-
Classification was performed for each FV obtained in thesion and knowledge of data with the objective of segmented

clustering step. Table 4 shows the results of the classificatiomimage into different areas according to given objectives. Af-

for each FV (test set). The output of FFNNs were compareder a learning process, the partitional clustering algorithms
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@) (b)

Fig. 7. The obtained classification results, in each image 0 value (black) corresponds to the pore space class and 1 value (white) correspond:
to the soil solid class(a) the classification obtained with the K-means segmented imgbgshe classification obtained with the FCM
segmented imagegc) the classification obtained with the SOM segmented images. The binary image obtained from the segmentation
process.

(©

Table 3. The percentage of pore space obtained in clustering methods for each horizon, where the cluster number takes values ranging from
7to 11.

No. of Clusters K-Means (%) Fuzzy C-Means (%) SOM (%)
A2 AB Bt2 Bt/Bw A2 AB Bt2 Bt/Bw A2 AB Bt2 Bt/Bw

7 19.60 18.00 14.13 16.94 18.11 16.80 13.86 15.96 20.44 18.52 17.46 18.66
8 16.72 15.17 13.35 13.42 1554 13.79 11.87 13.3417.79 15.89 1477 16.02
9 13.57 1186 1198 12.06 13.32 11.70 1046 11.61 1559 13.83 12.77 13.95
10 1192 10.15 10.11 11.98 11.49 10.00 0.27 10.51 13.80 1211 11.27 12.47
11 9.58 8.84 6.25 10.39 10.00 8.79 8.36 9.16 12.45 10.74 10.04 11.13

Table 4. The classification percentages obtained for each FV.

FV for Correct classification
clustering method (%)
K-means 97.01
FCM 96.44
SOM 96.12

Table 5. Porosity percentages for FFNN classifications.

Horizon K-Means (% ) ‘ Fuzzy C-Means (%) \ SOM (%)
Initial Final Initial Final Initial Final
percentage percentagepercentage percentagepercentage percentage
A2 13.57 13.30 13.32 12.29 15.59 14.83
AB 11.86 3.45 11.70 3.03 13.83 3.98
Bt2 11.98 14.55 10.46 13.06 12.77 16.68
Bt/Bw 12.06 10.72 11.61 9.68 13.95 12.17
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provide a set of centroids as the most representative elementonzalez, R. C. and Woods, R. E.: Digital image processing, Pren-
of each group. As such, clustering algorithms patrtition the tice Hall, New Jersey, 2002.

input images in homogeneous areas, each of which is conHaykin, S.: Neural Networks: A comprehensive foundation, Pren-
sidered homogeneous with respect to a property of interest. _ tice Hall, New Jersey, 1999. .

Unlike image segmentation based on histograms, thighan, Y. and Zhou, Z. H.: SOM Ensamble-based image segmenta-
method allows a deeper analysis of the areas where the poﬁgo?](())?]’eﬁel:ll'r'alTF;]reO(;eeTfS(.)ll’_geat;[’;i’22ir(])(;] 1; ;gl(é%ﬁgoﬁ;ocee dings of the
and soil are mixt_ad becau§e_ segmentation by clgstering facili- IEEE, '78@)’ 1464-1480, 1990. '
tates the analysis of multidimensional data, while segmentay 5,416 3. Arias, J., Mdrt J. L., Zoloaga, A., and Cuadrado, C.:

tion using histogram analysis allows us to analyse only one som segmentation of gray scale images for optical recognition,
dimension. Pattern Recogn. Lett., 27, 1991-1997, 2006.

In this work, we proposed an ANN as a classifier. ANN MacQueen, J. B.: Some Methods for classification and Analysis of
has been used with success in different investigation fields. Multivariate Observations, Proceedings of 5-th Berkeley Sympo-
This classifier plays an important role in our methodology sium on Mathematical Statistics and Probability, Berkeley, Uni-
because ANN can learn structure in data through examples Versity of California Press, 1, 281297, 1967. _
contained in a training set and then can conduct complex deMardia, K. V. and Hainsworth, T. J.. A Spatial Thresholding
cision making. Our methodology provides an alternative way g"f;igg;oigggge Segmentation, IEEE T. Pattern Anal., 10(6),
to detect solid soil anq Por? spacein CT Image_s. The p(-:‘rcemi\_/lelo, F. J. R. and dos Santos, M. C.: Micromorfologia e minera-
ages of correct classifications of pore space in images we

0 ) o re logia de dois solos de Tabuleiro costeiro de Pernambuco, R. Bras.
97.01 /0, 96.47 % and 96.12%. Ci. Solo, 20, 99-108, 1996.
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