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RESUMEN

El estudio de la estructura del suelo es de vital importancia en diferentes

campos de la ciencia y la tecnología. La estructura del suelo controla procesos

físicos y biológicos importantes en los sistemas suelo-planta-microorganismos.

Estos procesos están dominados por la geometría de la estructura del suelo,

y una caracterización cuantitativa de la heterogeneidad de la geometría del

espacio poroso es bene�ciosa para la predicción de propiedades físicas del suelo.

La tecnología de la tomografía computerizada de rayos-X (CT) nos permite

obtener imágenes digitales tridimensionales del interior de una muestra de

suelo, proporcionando información de la geometría de los poros del suelo y

permitiendo el estudio de los poros sin destruir las muestras.

Las técnicas de la geometría fractal y de la morfología matemática se han

propuesto como una poderosa herramienta para analizar y cuanti�car carac-

terísticas geométricas. Las dimensiones fractales del espacio poroso, de la

interfaz poro-sólido y de la distribución de tamaños de poros son indicadores

de la complejidad de la estructura del suelo. Los funcionales de Minkowski

y las funciones morfológicas proporcionan medios para medir características

geométricas fundamentales de los objetos geométricos tridimensionales. Esto

es, volumen, super�cie, curvatura media de la super�cie y conectividad.

Las características del suelo como la distribución de tamaños de poros, el

xix



volumen del espacio poroso o la super�cie poro-solido pueden ser alteradas

por diferentes practicas de manejo de suelo. En este trabajo analizamos imá-

genes tomográ�cas de muestras de suelo de dos zonas cercanas con practicas

de manejo diferentes. Obtenemos un conjunto de medidas geométricas, para

evaluar y cuanti�car posibles diferencias que el laboreo pueda haber causado

en el suelo.
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ABSTRACT

The study of soil structure is of vital importance in di�erent �elds of science

and technology. Soil structure controls important physical and biological pro-

cesses in soil-plant-microbial systems. Those processes are dominated by the

geometry of soil pore structure, and a quantitative characterization of the spa-

tial heterogeneity of the pore space geometry is bene�cial for prediction of soil

physical properties.

The technology of X-ray computed tomography (CT) allows us to obtain

three-dimensional digital images of the inside of a soil sample providing in-

formation on soil pore geometry and enabling the study of the pores without

disturbing the samples.

Fractal geometry and mathematical morphological techniques have been

proposed as powerful tools to analyze and quantify geometrical features. Frac-

tal dimensions of pore space, pore-solid interface and pore size distribution are

indicators of soil structure complexity. Minkowski functionals and morpho-

logical functions provide means to measure fundamental geometrical features

of three-dimensional geometrical objects, that is, volume, boundary surface,

mean boundary surface curvature, and connectivity.

Soil features such as pore-size distribution, pore space volume or pore-solid

surface can be altered by di�erent soil management practices. In this work

xxi



we analyze CT images of soil samples from two nearby areas with contrasting

management practices. We performed a set of geometrical measures, some

of them from mathematical morphology, to assess and quantify any possible

di�erence that tillage may have caused on the soil.
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1 INTRODUCTION

1.1 Soil structure and management

Soil matrix is commonly viewed as a hierarchical system made of primary par-

ticles (sand, silt and clay) and secondary particles (aggregates) of di�erent sizes

that shape soil pore space. The spatial arrangement of these soil constituents,

usually referred to as soil structure, is believed to be among the main factors

controlling soil processes and functioning [Dexter, 1988; Revil and Cathles,

1999]. In particular, important physical and biological processes within the

soil-plant-microbial system, such as microbial population dynamics, nutrient

cycling, di�usion, mass �ow and nutrient uptake by roots, are a�ected by soil

pore structure [Young and Crawford, 2004].

For many decades, soil scientists have tried to relate structural parameters

of pore geometry to physical features, which are directly observable or mea-

surable. The main and most widespread of these measures are the volumetric

fractions of soil components; that how we get the volumetric fraction of pores:

the pore volume divided by the total volume of the sample, which is com-

monly known as porosity. Based on an assumption of pore size as equivalent

pore diameter, the pore-size distribution, that shows the relative abundance

of each pore size in a soil sample, is a second geometric measure widely used,
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which can be correlated to hydraulic properties. It has been suggested [Vo-

gel, 2002] to use a topological measure, such as connectivity index or Euler

characteristic, to complete, some how, the description, considering how the

pores are interconnected. According to this, Vogel and Roth [1998] identify

structural properties that are essential for inferring hydraulic properties. Vo-

gel [2002] studied the in�uence of topological characteristics of porous media

and showed the signi�cance of pore space topology for hydraulic properties.

Bastardie et al. [2003] used X-ray computed tomography (CT) to characterize

pores accessed by earthworms, and Luo et al. [2010] quanti�ed the relationship

between soil macropore features such as tortuosity or network density and �ow

and transport phenomena.

Studying soil aggregates as individual entities may be of interest for many

reasons: soil aggregates play a major role in several soil processes including

the accumulation and protection of soil organic matter, the optimization of soil

water and air regimes, and the storage and availability of plant nutrients [von

Lutzow et al., 2006]. Aggregates are of particular importance for processes

of soil carbon sequestration [Chenu and Plante, 2006; Six et al., 2000a]. It

has been shown that intra-aggregate characteristics, such as size-distributions

of intra-aggregate pores, can be directly related to the amount of C stored

inside the aggregate [Ananyeva et al., 2013]. Other characteristics of the soil

macro-aggregates that can have a substantial e�ect on their functioning are

the properties of the aggregate surfaces. The surface of an aggregate enables

exchanges of the materials and air and water �uxes between the interior and

exterior layers of aggregates. Its characteristics along with numbers and prop-

erties of soil pore opening at the aggregate surfaces in�uence the accessibility of
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aggregate interiors to microbes, and thus can in�uence the ability of aggregates

to protect soil carbon.

Intra-aggregate properties strongly a�ect all these functions. It has been

shown that gradients of a number of soil characteristics exist inside soil aggre-

gates. Among them there are gradients in oxygen concentrations of the soil

air [Sexstone et al., 1985], gradients in concentrations of a variety of elements,

including Ca, Mg, K, Na, Mn, K, Al, and Fe [Jasinska et al., 2006; Santos et

al., 1997], and gradients in organic matter compositions [Ellerbrock and Gerke,

2004; Urbanek et al., 2007]. These di�erences in intra-aggregate characteris-

tics in turn in�uence activities and compositions of soil microbial communities

[Blackwood et al., 2006; Jasinska et al., 2006].

Land use and management have been known for long time to a�ect soil

structure [Gale and Cambardella, 2000; Lal, 2002; Six et al., 2000b] and, hence,

the processes involved [Bronick and Lal, 2005; Brussaard et al., 2007]. It is well

known that di�erences in land use and management generate notable changes

in soil physical properties, including changes in soil organic matter content, soil

porosity, hydraulic conductivity and water retention [Brye and Pirani, 2005].

There is an interest in describing good soil management practices and de-

riving indicators of soil health to help in this task [Doran and Zeiss, 2000].

Moreover, it is imperative to improve quantitative techniques so that policy

makers and practitioners can develop and implement good policies and prac-

tices.

Indirect methods are often used to determine the distribution of pores

sizes as a part of assessing geometry of soil pore structure. When solid phase

is considered as the complementary phase of soil pore space, particle size dis-
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tributions or water retention curves are used to infer pore properties. But this

approach has serious shortcomings. The same distribution of particles sizes

determines di�erent pore structures. These di�erent structures will confer dif-

ferent hydraulic properties due to the fact that pore connectivity plays a major

role on �ow and transport phenomena [Vogel and Roth, 2001].

Natural soils display a highly heterogeneous and complex structure that

involves a wide range of scales from rough surfaces of particles, complex pore

space geometries, and intricate networks of cracks to the extremely wide vari-

ation of the soil horizons boundary. Nevertheless, the description of �ow and

transport phenomena in soil addresses critical problems of soil functioning and

ecosystem processes. However, the mismatch of scales is a persistent theme.

For example, environmental contamination due to agricultural activities take

place on the scale of several meters, while the controlling physical mechanisms

based on capillarity forces are in the range of microns [Lehmann et al., 2008].

As it is often impossible to measure and model at the scale of interest, �ow

and transport on the unsaturated zone is analyzed at the pore scale, under the

assumption of the homogeneity that natural soils do not have. A correct model

of this geometry is critical for understanding �ow and transport processes in

soils, creating synthetic soil pore space for hypothesis and model testing, and

evaluating similarity of pore spaces of di�erent soils [Dullien, 1992].

The in�uence of long-term management di�erences manifests itself not only

on the overall soil aggregation but also on the intra-aggregate characteristics.

In particular, it is known that converting the land that has been long under

intensive agricultural management back to its natural vegetation will often

result in a number of changes in soil characteristics, including increase in soil

4



organic matter and increase in numbers and stabilities of soil macro-aggregates,

e.g., De Gryze et al. [2004]; Grandy and Robertson [2007]. These changes

result from combined in�uences of a removal of soil disturbance by tillage

and from an increase in diversity and duration of the plant biomass inputs

to soil. We have observed marked e�ects on intra-aggregate characteristics

of macro-aggregates in the soil that was abandoned from agriculture and was

under native vegetation succession for the past 18 years. Such aggregates had

greater heterogeneity in intra-aggregate pore distributions as compared to the

aggregates from conventional agriculture [Kravchenko et al., 2011].

The use of advanced X-ray 3D imaging techniques has greatly increased our

ability to explore intra-aggregate features in intact aggregates and resulted in

a large number of studies that demonstrated that tillage, land use and fertil-

ization regime can have a major e�ect on intra-aggregate pore characteristics

[Kravchenko et al., 2011; Peth et al., 2008; Wang et al., 2012; Zhou et al., 2013;

Zucca et al., 2013].

1.2 X-ray computed tomography and Image Anal-

ysis

X-ray computed tomography (CT) provides a direct methodology to create

three-dimensional digital images of the inner structure of an object (e.g., a

soil sample). Firstly, the object is scanned with X-rays, with a given energy,

and a detector screen records the outgoing energies of X-rays, after passing

through the object. A single measurement of data (projection) is not su�cient

to describe the internal structure of the object because, for example, a high
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measure of attenuation, may be due to a single very dense region or multiple

regions less dense, so is necessary to take information from di�erent angles.

For this purpose, the position of the object relative to the scanner rotates in

order to obtain data projections from many directions. Secondly, a computer

reconstructs a series of two-dimensional images from the X-ray projections

recorded in the detector. These images are called tomograms or sections,

because they correspond to the image that would be if the object were cut

transversely. Each of these images, in addition to display a two-dimensional

map of a transversal section of the object, represents a certain thickness of the

object, which depends on the vertical rise of the scan and the scanner settings,

and by bringing together a stack of consecutive sections, a three-dimensional

representation of the object structure is obtained.

The same way that 2D digital images have pixels as basic constituent el-

ements, 3D digital images have voxels, volume elements, and the spatial res-

olutions of the image are de�ned by the relationships between the size of the

voxel in each of the spatial directions and the size of the actual object they

represent in that direction.

The 3D CT images show, using a set of values known as grayscale, a discrete

value of the X-ray attenuation of the object at each point, which has been

calculated from the measurements of the decrease of the energy of X-rays.

This attenuation is closely related to density and, therefore, with the di�erent

materials the object contains. Since the continuum of values can take the

attenuations, it is transformed into a set of discrete values. The more number

of values, i.e. higher value of the grayscale, higher contrast resolution of the

image contrast and two regions with close but di�erent attenuations may be
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di�erentiated.

Due to the fact that value of each voxel is an average of the di�erent

attenuations of materials covered by the voxel volume, spatial and contrast

resolutions play an important role in the quality and accuracy of the images

obtained. The more number of voxels per unit length of the real object, i.e.

the smaller the voxel size, and the more number of values that can take the

voxel, the digital images of the object will be more accurate.

After obtaining the image, to facilitate the extraction of quantitative infor-

mation or geometric measures in images, such as tomographic images, image

analysis techniques provide a body of tools. These techniques allow the ren-

dering and the computational processing of the 3D geometry of the object

structure.

Image analysis may be subdivided into �ve steps: display, �ltering, seg-

mentation, transformation and measurement of image features [Glasbey and

Horgan, 1995].

� The display renders an array of pixels or voxels values as a picture on a

computer screen.

� Filters enhance images, computing new values to each pixel or voxel

by applying transformations based on the group of pixels or voxels sur-

rounding the actual pixel or voxel, this way is possible to reduce noise

or emphasize edges.

� Segmentation or thresholding is a critical step where the pixels or vox-

els of the grayscale image are classi�ed into regions that correspond to

di�erent objects or parts of objects, in our case, two regions the "region
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of interest" (usually the soil pores) and the "background" (usually the

soil matrix), then the result is a binary image. Since the results of the

segmentation are not always entirely satisfactory, the search for an au-

tomatic method, as a suitable segmentation algorithm can increase the

probability of success and reduce the subjective component of this step,

facilitating replicability.

� Morphological transformations are used to study the shape and size of

objects.

� And measurements extract quantitative information from enhanced im-

ages.

This is a signi�cant issue in the study of soil heterogeneity, as it provides

geometrical features on digital images and this information can be used to

characterize soil pore space [Chun et al., 2008; Gantzer and Anderson, 2002;

Gibson et al., 2006; Lehmann et al., 2006; Mees et al., 2003; Nunan et al.,

2006; Perret et al., 1999; Peyton et al., 1994; Pierret et al., 2002; Posadas et

al., 2003; Saucier and Muller, 1999; San José Martínez et al., 2010, 2013].

1.3 3D geometrical characterization

Quantitative measurements of the shape and / or size of objects in the digital

image can be obtained using the tools of mathematical theories as mathemat-

ical morphology and fractal geometry, the latter in the case of objects show

some irregularity and complexity in their shapes or distribution, as in the case

of soil pores.
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Mathematical morphology [Serra, 1982] is a theory that is based on the as-

sumption that images consist of structures that may be handled by set theory.

It provides useful morphological transformations and measurement procedures

for quantifying the geometry of images (see San José Martínez et al. [2013]

and references therein).

Fractal geometry [Mandelbrot, 1975] is the geometry of irregular shapes

that exhibit certain degree of symmetry through the scale. How the complexity

changes with respect to the scale is measured through fractal dimensions. By

the estimation of fractal dimensions of volume, surface or distribution we can

infer the degree of complexity of a structure or of some of its features.

A number of studies have been conducted to explore soil and aggregate

structures and investigate soil functioning. Image analysis and conventional

mathematical measurements were used to quantify those structures. Perret et

al. [2003] carried out a quanti�cation of macropore networks providing numer-

ical density, length, inclination and tortuosity of pores. Gantzer and Anderson

[2002] showed di�erences of the pore structure in tomographic images of soil

samples under two di�erent agricultural treatments. Luo et al. [2010] obtained

macropore attributes such as macroporosity, length density, network density

and hydraulic radius using X-ray CT. San José Martínez et al. [2013] ana-

lyzed CT images of soil columns to characterize di�erent soil structures with

Minkowski functionals. Other works like Gibson et al. [2006], went deeper into

the fractal analysis and showed the usefulness of this approach.Whalley et al.

[2005] studied the structural di�erences of adjacent soil to roots and bulk soil

with image analysis of thin sections of aggregates. De Gryze et al. [2006] evalu-

ated porosity and pore size distribution of the voids of aggregates as well as its
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mass fractal dimension with 2D sections of CT images. They were interested in

the changes of pore structure during decomposition of fresh residue. Microbial

micro-habit structure was investigated by Nunan et al. [2006] by combining

synchrotron-based CT, image analysis and geostatistics of soil aggregates.

1.3.1 Mathematical Morphology and Minkowski Func-

tionals

In the sixties, the need for analyzing spatial data from geology led to Math-

eron and his colleagues [Matheron, 1975] at the Paris School of Mines at

Fontainebleau (France) to the introduction and development of computer tech-

nologies and mathematical techniques that now are known as mathematical

morphology [Serra, 1982]. Dullien and collaborators (see Dullien [1992] and

the references therein) made use of these techniques to investigate the rela-

tionship between soil pore structure and �uid �ow phenomena. At that time

they mostly used stereology to gain three-dimensional information from two-

dimensional images obtained by image analysis of soil sections [Horgan, 1998;

Moran et al., 1989a,b; Vogel et al., 2005; Vogel and Kretzschmar, 1996].

Mathematical morphology [Serra, 1982] as a mathematical theory, com-

bines a number of mathematical techniques aimed at quantifying geometrical

features of geometrical objects. These mathematical techniques belong to well

established mathematical �elds as integral geometry [Santalo, 1976], stochas-

tic geometry [Matheron, 1975] or digital topology and geometry [Klette and

Rosenfeld, 2004]. Mathematical morphology o�ers a plethora of mathematical

techniques to analyze and parameterize the geometry of di�erent features of

soil structure.
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Mathematical morphology has been applied successfully to the description

of pore space geometry, and some recent results [Lehmann, 2005; Mecke and

Arns, 2005; Schluter and Vogel, 2011] on the linkage of geometrical features and

�ow parameters (i.e., structure and functioning) represent a promising advance

in using this path. They make available a sound mathematical background that

guides the process from image acquisition and analysis to the generation of

synthetic models of soil structure [Arns et al., 2004] to investigate key features

of �ow and transport phenomena in soil [Lehmann, 2005; Mecke and Arns,

2005].

Among the tools of mathematical morphology, Minkowski functionals are

particularly worthy of consideration since they provide computationally e�-

cient means to measure four fundamental geometrical properties of three di-

mensional geometrical objects such as soil aggregates. Moreover, they rep-

resent four very familiar geometrical attributes: the volume, the boundary

surface, the mean boundary surface curvature and the connectivity of the pore

space.

The Hadwiger's theorem [Santalo, 1976] states that any functional that as-

signs a number to any three-dimensional object and meets some geometrical

restrictions is a linear combination of the Minkowski functionals. Therefore,

these functionals provide a powerful tool to describe quantitatively the three-

dimensional geometry. Mecke [1998]; Roth et al. [2005] make use of Minkowski

functions based on threshold variation of Minkowski functionals to characterize

two-dimensional porous structures. Also, two-dimensional porous structures

were investigated by Mecke [2002]; Vogel et al. [2005] with Minkowski func-

tions based on dilations and erosions. Arns et al. [2002, 2004] considered the
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evolution of Minkowski functionals with dilations and erosions to characterize

three-dimensional images of Fontainebleau sandstone.

1.3.2 Fractal Geometry

Fractal geometry, introduced by Benoit Mandelbrot [Mandelbrot, 1975], can

be used to describe many irregular and fragmented patterns of nature. In

soil, the pore space is generally found to be fractal up to a certain length scale.

Fractal dimensions of pore space, pore-solid interface and pore size distribution

are indicators of soil structure complexity [Anderson et al., 1998; Perfect and

Kay, 1995].

Volume fractal dimension measures the space-�lling properties of the pore

volume as a mass distribution, while the surface fractal dimension is an indi-

cator of the roughness of its boundary surface. The box counting algorithm

is commonly used to estimate volumen and surface fractal dimensions in dig-

ital images. The estimation of the fractal dimensions using the box counting

method in 3D images involves counting the number of cubes N(ε) of side ε

voxels, required to cover the object (or its surface). The estimated dimension

will be the slope of log(N(ε)) vs log(1/ε).

The distribution of the number of elements or di�erent parts of an object

that exhibits a fractal behavior can also be analyzed by its scaling behavior.

It has been shown [Diamond, 1970] that the number-size distribution of pores

displays a fractal behavior which leads to a power law scaling that indicates

the rate of decrease in the number of pores for increasing radius.

Fractal geometry has been used to quantify soil structure. Young and

Crawford [1991] devised a simple method to estimate fractal dimension with
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the mass and size of soil aggregates. Gimenez et al. [2002] studied the changes

of this fractal dimension for intact and eroded soil aggregates of cultivated

and wooded soils. Image analysis of thin section of soil aggregates was used to

estimate porosity and fractal dimension by Papadopoulos et al. [2006]. They

wanted to quantify the e�ects of contrasting crop in the development of soil

structure. Chung Chun et al. [2008] used image analysis of thin section of

soil aggregates to examine pore structure inside aggregates with lacunarity

and entropy functions. More recently, Kravchenko et al. [2011] explored the

e�ect of long-term di�erences in tillage and land use on intra-aggregate pore

heterogeneity with fractal techniques.

1.3.3 Overview of the thesis

This thesis can be divided into four parts. Chapter 3 is the �rst part, which

presents the utility of performing di�erent "classical" geometric measures such

as porosity, pore surface area, connectivity of the pores and pore size dis-

tribution of soil pore space, using tools of image analysis and mathematical

morphology.

The second part, in chapter 4, deals with fractal geometric measures to

quantify the pore structure. This chapter explores the suitability of the fractal

dimensions of the volume and the boundary surface of the pore space and of

the fractal dimension of the pore size distribution as fractal indicators of soil

complexity.

Chapter 5 is the third part, where two morphological functions built over

Minkowski functionals were introduced and applied to the characterization of

the pore space from soils through the basic geometrical features that Minkowski
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functionals represent.

The fourth part, chapter 6, addresses the essential tools of mathematical

morphology in order to quantify the geometrical morphology of soil aggregates.

In this chapter, a procedure to de�ne the ends of the accessible porosity of the

aggregate and to separate aggregate pore space into accessible and inaccessible

porosity was proposed. This way, the geometrical attributes of intra-aggregate

pore space through their Minkowski functionals provided a complete charac-

terization of the inner aggregate structure.
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2 OBJECTIVES

2.1 General Objective

The main contribution of this work is that I used for soil analysis, particu-

lar techniques of X-ray computed tomography, image analysis, mathematical

morphology and fractal geometry. Speci�cally, I applied these techniques to

solve some of the problems in measuring the geometry of the pore space of

undisturbed soil samples.

In this process I developed certain procedures to address the problem:

choice of image processing techniques including the critical step of segmenta-

tion, develop computed programs for calculating geometrical attributes, pro-

tocols to separate geometrical entities.

It is to be taken into account that I have conducted and demonstrated

the utility of these techniques by studying samples of the same soil under two

di�erent management types, and as it was expected, it seems to lead to a

di�erent structure.
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2.2 Speci�c Objectives

The �rst objective of the �rst study is to characterize the geometry of soil pores

by using several geometric 3D image measurements. The second objective is to

evaluate whether di�erent soil management (natural vegetation vs. tillage) as

well as the depth at which the sample was taken, exhibit signi�cantly di�erent

geometric measurements. Finally, we study how these measures are related

and how these measures relate to the soil type and depth at which samples

were taken.

In the second work we propose a set of fractal parameters to characterize

soil structure through the fractal analysis of soil pore space as a 3D geometrical

shape. Our study aims to quantify the complexity of pore space geometry on

CT images of intact soil columns from contrasting management practices by

the following fractal parameters: fractal dimensions of the volume and the

boundary surface of the pore space, which characterize how the volume and

the surface of pores �lls the space, and the fractal dimension of the pore size

distribution, which characterizes the relationship between pore size classes.

We use, in the third work, morphological functions built over Minkowski

functionals to analyze soil structure through the investigation of the geometry

of soil pore space with three-dimensional images from X-ray computed tomog-

raphy of intact soil columns from a Mediterranean vineyard with two di�erent

soil management practices [conventional tillage management versus permanent

cover crop of resident vegetation]. The research is based on the quanti�cation

of the variation of Minkowski functionals regarding the changes of 1) image

threshold and 2) size of morphological transformations of erosion and dilation.
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In the last work, we propose a quantitative description of the internal

geometrical characteristics as volume and connectivity of intra-aggregate pore

space and of the external features as area and shape of aggregates' surface

with the uni�ed framework that provides mathematical morphology [Serra,

1982] through the morphological tools known as the Minkowski functionals.
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3 VOLUME, SURFACE, CONNECTIVITY AND

SIZE DISTRIBUTION OF SOIL PORE SPACE

IN CT IMAGES1

Abstract

The study of soil structure, i.e., the pores, is of vital importance in di�erent

�elds of science and technology. Total pore volume (porosity), pore surface,

pore connectivity and pore size distribution are some (probably the most im-

portant) of the geometric measurements of pore space. The technology of

X-ray computed tomography allows us to obtain 3D images of the inside of

a soil sample enabling study of the pores without disturbing the samples. In

this work we performed a set of geometrical measures, some of them from

mathematical morphology, to assess and quantify any possible di�erence that

tillage may have caused on the soil. We compared samples from tilled soil with

samples from a soil with natural vegetation taken in a very close area. Our

results show that the main di�erences between these two groups of samples

1F. J. Muñoz - Ortega, F. San José Martínez, F. J. Caniego Monreal. 2015. Surface, Con-

nectivity and Size Distribution of Soil Pore Space in CT images: Comparison of Samples at

Di�erent Depths from Nearby Natural and Tillage Areas. Pure and Applied Geophysics.

172, 167 - 179.
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are total surface area and pore connectivity per unit pore volume.

3.1 Introduction

A soil matrix is commonly viewed as a hierarchical system made of primary

and secondary particles (e.g., aggregates) of di�erent sizes that shape soil pore

space. Its structure is believed to be among the main factors controlling soil

processes and functioning [Dexter, 1988; Revil and Cathles, 1999]. In particu-

lar, important physical and biological processes within the soil-plant-microbial

system, such as microbial population dynamics, nutrient cycling, di�usion,

mass �ow and nutrient uptake by roots, are a�ected by soil pore structure

[Young and Crawford, 2004].

Land use and management have long been known to a�ect soil structure

[Gale and Cambardella, 2000; Lal, 2002; Six et al., 2000b]. Recent studies

showed that contrasting land use and management practices can also lead to

marked di�erences in soil pore structure [Kravchenko et al., 2011; Peth et

al., 2008; Wang et al., 2012]. Such di�erences can potentially a�ect processes

within soil matrix. It is well known that di�erences in land use and man-

agement generate notable changes in soil physical and hydraulic properties,

including changes in soil organic matter content, soil porosity, hydraulic con-

ductivity and water retention [Brye and Pirani, 2005].

Recent advances in X-ray CT of undisturbed soil columns provide 3D im-

ages of the soil interior [Chun et al., 2008; Dathe et al., 2006; Gantzer and

Anderson, 2002; Gibson et al., 2006; Nunan et al., 2006; Posadas et al., 2003;

Saucier and Muller, 1999; San José Martínez et al., 2010, 2013]. This is a

signi�cant step in characterizing heterogeneity of soil environments at micro-

20



scales, as it allows obtaining exact information of the physical structure of the

soil matrix.

Image analysis may be seen as a body of tools that facilitates extraction of

quantitative information from images such as X-ray tomograms. Image analy-

sis may be subdivided into �ve steps: display, �ltering, segmentation, transfor-

mation and measurement of image features [Glasbey and Horgan, 1995]. The

display renders an array of pixels values as a picture on a computer screen. Fil-

ters enhance images by applying transformations based on groups of pixels to

reduce noise and emphasize edges. Segmentation divides an image into regions

that correspond to di�erent objects or parts of objects. Morphological trans-

formations are used to study the shape of objects. And measurements extract

quantitative information from enhanced images. Mathematical morphology

[Serra, 1982] is a theory that is based in the assumption that images consist of

structures that may be handled by set theory. It provides useful morphological

transformations and measurement procedures for quantifying the geometry of

images (see San José Martínez et al. [2013] and references therein).

The objectives of this study are to characterize the geometry of the soil

pores by using several geometric 3D image measurements. The second objec-

tive is to evaluate whether di�erent soil management (natural vegetation vs.

tillage) as well as the depth at which the sample was taken, exhibit signi�cantly

di�erent geometric measurements. Finally, we study how these measures are

related and how these measures relate to soil type and depth at which samples

were taken.
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3.2 Theory: Morphological Image Analysis

The theory of mathematical morphology provides a number of tools that allow

us to characterize geometric objects, such as the foreground components of a

binary image (the set of pixels with value 1), called objects. The fundamen-

tal concepts of mathematical morphology are morphological transformations;

they change the size or the shape of the object under study. A quantitative de-

scription of the object is obtained from the measurement of a functional (e.g.,

volume) over the object properly transformed. Morphological transformations

are formulated in the language of set theory, in which, for a binary image, these

sets correspond to the objects (set of pixels with value 1) in the image. To

morphologically transform a set A, another set B is needed, usually a sphere,

which is called structuring element. The basic morphological transformations

are two: dilation and erosion. If we call Bd as the structuring element with

size d, then the dilation of A, is de�ned as:

Dil(A)d = {x− y : x ∈ A, y ∈ Bd}

The main e�ect of dilation of A is an "expansion" of the boundary of A.

The erosion of A is de�ned as :

Ero(A)d = {x ∈ Rn : (Bd + x) ⊂ A}

where Rn is the n-dimensional Euclidean space where the objects are de-

�ned. The main e�ect of erosion on A, is the "contraction" of the border of

A. Another transformation is morphological opening which is a combination

of the two basic operations. The opening of A by Bd is de�ned as:
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Op(A)d = Dil(Ero(A)d)d

The e�ects of the opening of A is the smoothing of contours, the breaking

of narrow necks and the removal of small objects (objects with size smaller

than the size of the structuring element). If the set on which the opening

operation is performed, is formed by components of di�erent sizes (like the

pores on a porous medium image), then a sequential use of the morphological

opening with increasing sizes of the spherical structuring element simulates a

process of "sieving", since for each structuring element size, all the smaller

components disappear after the operation (see Figure 3.1). This procedure is

usually called morphological granulometry and, following Vogel [2002], in the

study of porous media images, the size criteria used almost perfectly re�ects

the idea of the hydraulic diameter of a pore. A functional measurement such

as the volume, expressed in relation to the size of the structuring element, d,

provides a measure of the distribution of the functional in the set. Therefore,

for an image of a porous medium, a function of pore size distribution can be

de�ned [Vogel, 2002] as:

F (d) = V ol(Op(A)d)

for di�erents values of d. Where V ol means volume.
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Figure 3.1: Example of the e�ect of morphological granulometry on an image

of a medium consisting of objects of di�erent sizes. In the di�erent stages of

the process it can be seen that the objects disappear according to its increasing

size.
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3.3 Materials and Methods

3.3.1 Soil Study and Sampling

Undisturbed soil samples were taken in December 2008 in two nearby ar-

eas within the experimental farm "El Encín", this farm belongs to the In-

stituto Madrileño de Investigación y Desarrollo Rural, Agrario y Alimentario

(IMIDRA) located in Alcalá de Henares, Madrid, Spain. The �rst sampled

area (labeled T ), with coordinates (WGS84) 40o31′29′′N , 3o17′30′′W , is an

agricultural area which at the time of sampling had a cotton crop (Gossypium

sp.). Soil in this area was identi�ed [INIA, 1977] as calcic haploxeralf, adapted

to the USDA classi�cation [Soil Survey Sta�, 2010], the textural family of the

soil is clay loam, with the following proportions: 3.4% sand, 35.8% silt and

60.8% clay and 1.62% organic matter. The second sampled area (labeled N),

with coordinates (WGS84) 40o31′6′′N , 3o17′21′′W , is a natural site, located on

a terrace of the Henares river with riparian vegetation (Tamarix sp., Ulmus

sp.). Soil in this second area has been identi�ed [INIA, 1977] as typic xero�u-

vent, adapted to the USDA classi�cation [Soil Survey Sta�, 2010]; the textural

family of the soil is silty clay loam with the following proportions: 12.3% sand,

60.8% silt and 26.9% clay and 0.85% organic matter.

In order to extract and preserve the undisturbed samples methacrylate

cylindrical containers were used and they were introduced directly into the

soil by manual drilling. The dimensions of the containers are: 3 cm height,

2.6 cm inner diameter and 2 mm thickness. Soil samples were taken at three

depths about 10 cm apart, the �rst group of samples being �ush with the

surface. In total 24 samples were extracted, 12 of each soil type with a total
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Area T (tillage) Area N (natural)

0 cm (surface) T1_1, T1_2, T1_3 N1_1, N1_2, N1_3, N1_4

-10 cm T2_1, T2_2, T2_3, T2_4 N2_1, N2_2, N2_3, N2_4

-20 cm T3_1, T3_2, T3_3, T3_4 N3_1, N3_2, N3_3

Table 3.1: Labeling of images obtained according to the sampling area.

of 4 replicates in each of the three depths sampled in each area.

3.3.2 Image Acquisition and Processing

Soil samples were scanned using an X-ray CT scanner at the Gregorio Marañon

Hospital's Laboratory of Medical Imaging and Experimental Medicine in Madrid

(Spain). The tomograph used an energy of 50 keV for scanning the samples.

The output data obtained after the reconstruction phase is a set of 3D un-

signed 16-bit RAW images. The size of the images are 1392 slices, each slice

with 1600 × 1600 pixels. The spatial resolution of the images is 0.03 mm/pixel

side. The spacing between sections is 0.03 mm so the 3D image has the same

resolution in all three spatial directions. Due to an error in the acquisition/

reconstruction of data only 22 of the 24 samples have a �nal reconstructed

image. Table 3.1 summarizes labeling of the images obtained according to the

sampling area. This labeling is of the form Ln1_n2 where L is the treatment:

T (Tillage) or N (Natural), n1 is the depth 1 (shallow), 2 (intermediate), 3

(the deepest) and n2 is the repetition.

Image processing was performed with the public domain program ImageJ

version 1.47v developed at the National Institute of Health [Rasband, 1997].

The image format was changed from RAW to TIFF.
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The �rst image processing was thresholding (segmentation) in order to

classify the entire set of pixels of the image into two regions, the region of

interest (foreground) and the region of background. The foreground in this

work corresponds to the porous phase of the sample and the background region

corresponds to the solid phase.

A local (adaptive) thresholding algorithm was used to implement the pro-

cess of thresholding. It has been shown that these types of algorithms are

stable and precise [Iassonov et al., 2009]. The local segmentation algorithm

used is based on the mean operation. Thresholding works as follows: for each

pixel of the image a threshold is calculated; if the pixel value is below the

threshold then the pixel is classi�ed as background, otherwise it is classi�ed as

an object (foreground). Calculation of the threshold for each pixel is made by

examining the pixel values of the surroundings of the pixel to be replace. For

this work the surroundings have been chosen for a given radius of 100 pixels

which corresponds to an actual sample size of 3 mm. Figure 3.2B shows the

result of applying this thresholding on the original image of Figure 3.2A.

Images were �ltered in order to reduce the Gaussian noise and artifacts.

These imperfections arise during the tomographic scan due to defects in the X-

ray beam and the detector used (observe the concentric ring-shape structures

on the inside of the sample in Figure 3.2A). The �lter chosen was the spatial

�ltering that uses the maximum function with radius of action r equal to 2

pixels. The �ltering operation operates on each image pixel as follows: each

pixel x in the original image is replaced by the maximum of the values of the

pixels covered by the ball of radius r when it is centered on the pixel x. Figure

3.2C shows the result of this �lter where it can see that the noise and ring
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artifacts have disappeared.

An inner region with cubic shape of size 512 × 512 × 512 pixels was selected

from each 3D picture for the study of the geometric characteristics. This region

corresponds to a cube whose edge has an actual length of 15.36 mm. This size

was chosen to avoid taking pixels of the sample container or of soil at the

perimeter. Figure 3.2C shows a section of the region where it will resample

the marked square. Figure 3.2D shows the results of resampling.

3.3.3 Computation of Geometrical Features

Porosity, total pore surface, speci�c pore surface, total pore connectivity, spe-

ci�c pore connectivity, proportion of macropores (POM) and pore size distri-

bution was calculated for each image.

For the computation of porosity, pore surface (total and speci�c) and

connectivity (total and speci�c), we used the computer code developed in

Michielsen and De Raedt [2001]; the authors describe a method for calculat-

ing volume, surface and connectivity of an object in a 3D digital image. The

authors compute the number of pixels (nc), the number of vertices (nv), the

number of edges (ne) and the number of faces (nf ) of the object in the image,

so that:

V olume = nc

Surface = −6nc + 2nf

Connectivity = −nc + nf − ne + nv
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Figure 3.2: Procedure performed on T2_2 sample. (A) Image acquisition;

(B) local threshold; (C) maximum �ltering; (D) resampling.
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In this way, porosity is obtained by dividing the volume of the object (in

our case the object is the set of pores) by the total volume of the image

(the product of its dimensions: 512 × 512 × 512). The total pore surface

(mm2) was obtained by multiplying the surface calculated in this method by

the square of the resolution surface, and the speci�c pore surface (mm−1) by

dividing total pore surface by the volume of the object expressed in mm3 (i.e.,

multiplied by the cube of the resolution). Total connectivity corresponds to

the connectivity obtained in the program and speci�c connectivity (mm−3)

is obtained by dividing the total connectivity by the volume of the object

expressed in mm3.

For the distribution of pore sizes in this work we followed the process

of morphological granulometry [Vogel, 2002], where the size of a spherical

structuring element that has been used follows the sequence: 1, 3, 5, 7, . . .

(pixels) that correspond to equivalent pore diameters given in µm of 30, 90,

150, 210, . . .

POM is de�ned as the percentage of pores with diameter greater than 75

µm [Brewer, 1964]; in this paper POM corresponds to the sum of the relative

frequencies of pore volumes with a diameter greater than or equal to 3 pixels.

3.3.4 Statistics

Statistical analyzes were performed on the variables: porosity, POM, total pore

surface (mm2), speci�c pore surface (mm−1), total pore connectivity (dimen-

sionless), and speci�c pore connectivity (mm−3), taking treatment (soil use)

and sample depth into account. Statistical analysis software Statgraphics Cen-

turion XVI (StatPoint Technologies, Inc.) has been used. Signi�cance tests
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for the evaluation of the e�ects of the treatment factors and depth have been

performed using the ANOVA multifactorial analysis for all variables. The

ANOVA test evaluates factors that have a statistically signi�cant e�ect on

each dependent variable. ANOVA analysis for the contribution of each factor

is measured by the sum of squares Type III which is measured by removing

the e�ects of other factors. Pearson correlations between each pair of variables

have been measured for the entire set of data (not rated by factors) in order

to evaluate whether there are correlations signi�cantly di�erent from zero.

Comparisons between pairs of pore size distributions was performed using

the Kolmogorov-Smirnov test for paired data sets, using the program MAT-

LAB R2010a (MathWorks, Inc.). This test assumes as a null hypothesis that

the two distributions of data sets come from the same continuous distribution

and measures the maximum distance between the cumulative distributions for

each value of the distribution.

3.4 Results and Discussion

3.4.1 Visualization of Pore Space

Figures 3.3 and 3.4 show three-dimensional reconstructions of pore space in 22

soil samples. In general, it seems to us that N samples have more pores than T .

In addition, in the natural soil (Figure 3.3) the samples N1_1, N2_3, N2_4,

and N3_3 show a high porosity; the N samples indicate a large number of

tube-shaped pores crossing the sample mainly from top to bottom; the pores

clearly appear to have a biological origin. Tilled soil samples T1_1, T2_2,

and T3_1 (Figure 3.3) have a high porosity, however sample T2_3 appears
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Figure 3.3: 3D reconstructions of natural soil samples (N)

to have very little as many tubular pores are observed, similar to the natural

soil. The largest pores were observed in sample T3_4. The direction of the

pores in tilled soil does not seem as clear as in natural soils.

3.4.2 Porosity, Surface, Connectivity and Proportion of

Macropores

Table 3.2 lists the characteristics (Porosity, POM, total pore surface (mm2),

speci�c pore surface (mm−1), total pore connectivity (dimensionless), and spe-

ci�c pore connectivity (mm−3)) for all soil samples with the mean values and

standard deviations of each group of data.

In the second column of Table 3.2 corresponding to porosity, it can be seen
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Figure 3.4: 3D reconstructions of tilled soil samples (T ).
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that the greater porosity occurs in the sample T1_1 (11.071%). However, on

average, pores are greater for N samples (5.333%) compared to T samples

(3.071%). As observed by visual analyze of the reconstructions (section 3.4.1),

high porosity natural treatment samples are N1_1, N2_3, N2_4 and N3_3

and N1_3; T1_1, T2_2 and T3_1 have the greatest porosity among the

tillage treatment samples. Small di�erences in porosity show a decrease with

depth; for T the porosity is higher in the surface samples (4.766%) than in

the other depths (2.424% and 2.444 %). In N samples the average porosity is

3/10 higher in the intermediate depth (5.910%) than in the surface (5.686%)

and these two are greater than the mean of the group deeper (4.093%).

If we relate the data porosity with POM, it can be seen that the samples

with greater porosity (e.g., T1_1) have a high POM (0.897). Moreover, this

sample has the greatest POM; therefore, it seems that higher porosity is due

to pores having a large size and not to a high amount of smaller pores (this can

be checked with the value of total pore connectivity which increases with the

number of pores and decreases with the number of tunnels). Smaller values

of POM are at about 0.5 (samples T1_2, T2_3, T2_4 and T3_3). It should

be noted that these are T samples and indicate a ratio of approximately 50%

of macropores. For N samples, the values are in the range 0.700-0.821, so the

minimum POM in these samples is 70%, therefore, as can be observed in the

group mean values, POM in N samples is greater than in T samples.

Surface samples indicate that, although in terms of absolute total pore

surface (mm2), the highest values, on average, correspond toN samples (6700.9

in N vs. 3969.8 in T ), in relative terms the size of pores and speci�c pore

surface (mm−1), in T samples are higher (44509 in T vs. 35877 in N); all
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Sample Porosity POM Total Surf. Surf / Pore Vol. Total Conn. Speci�c Conn.

(%) (-) (mm2) (mm−1) (-) (mm−3)

T1_1 11.071 0.897 8,011.390 19.969 13,283.000 33.110

T1_2 0.810 0.520 1,811.018 61.677 27,851.000 948.509

T1_3 2.416 0.640 4,676.020 53.405 39,536.000 451.541

Mean T1 4.766 0.686 4,832.809 45.017 26,890.000 477.720

SD T1 5.519 0.192 3,103.158 22.083 13,152.857 458.261

T2_1 2.958 0.762 3,721.219 34.709 16,770.000 156.419

T2_2 4.450 0.777 6,066.432 37.614 24,029.000 148.990

T2_3 0.915 0.592 1,732.554 52.224 9,740.000 293.593

T2_4 1.373 0.563 2,821.415 56.689 19,019.000 382.135

Mean T2 2.424 0.673 3,585.405 45.309 17,389.500 245.284

SD T2 1.610 0.112 1,843.066 10.784 5,933.994 112.889

T3_1 3.292 0.692 5,691.022 47.700 22,772.000 190.868

T3_2 2.982 0.730 4,095.443 37.902 13,415.000 124.151

T3_3 0.924 0.585 1,761.242 52.600 11,823.000 353.099

T3_4 2.578 0.771 3,280.464 35.110 15,267.000 163.399

Mean T3 2.444 0.694 3,707.043 43.328 15,819.250 207.879

SD T3 1.055 0.080 1,638.611 82.070 4,844.108 100.610

Mean T 3.071 0.684 3,969.838 44.509 19,409.545 295.074

SD T 2.896 1.260 2,015.107 12.309 8,705.074 250.801

N1_1 9.137 0.821 9,453.758 28.552 7,626.000 23.032

N1_2 3.729 0.700 5,814.484 43.026 28,244.000 208.998

N1_3 5.487 0.782 6,637.091 33.379 23,543.000 118.402

N1_4 4.389 0.750 5,953.207 37.429 27,939.000 175.656

Mean N1 5.686 0.763 6,964.635 35.596 21,838.000 131.522

SD N1 2.412 0.051 1,697.926 6.140 9,715.057 81.430

N2_1 3.432 0.750 4,493.565 36.130 17,403.000 139.926

N2_2 4.406 0.710 6,810.233 42.655 20,338.000 127.385

N2_3 8.601 0.800 10,056.866 32.264 1,226.000 3.933

N2_4 7.199 0.776 9,049.522 34.687 13,765.000 52.762

Mean N2 5.910 0.759 7,602.547 36.434 13,183.000 81.002

SD N2 2.402 0.039 2,477.293 4.443 8,412.510 64.189

N3_1 4.546 0.806 5,081.254 30.846 27,936.000 169.584

N3_2 2.778 0.723 4,124.254 40.961 20,925.000 207.824

N3_3 4.956 0.768 6,236.258 34.723 22,459.000 125.049

Mean N3 4.093 0.766 5,147.255 35.510 23,773.333 167.486

SD N3 1.157 0.041 1,057.548 5.104 3,685.666 41.427

Mean N 5.333 0.762 6,700.954 35.877 19,218.545 122.959

SD N 2.095 2.067 2,001.703 4.758 8,706.446 69.978

Table 3.2: Characteristics of all soil samples analyzed for the two treatments

and the three di�erent levels of depth.
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mean values in T samples are greater than 43 mm−1, while all average values

for N are below 37 mm−1. This suggests that although there are more pore

surface in N , the speci�c surface area per pore volume is greater in T ; that is,

for the same volume of pores, pores in T samples provide the largest surface

area. This can be interpreted as the pores in T samples are irregular or there

are a great number of small pores (except for T1_1). The latter interpretation

is in agreement with the POM data; connectivity can be used to test it.

In absolute terms, the two treatments on average have approximately the

same total pore connectivity (dimensionless), around 19000. To know which is

more connected it is recalled that a sample will be more connected, have more

tunnels, branches and closed loops, when its connectivity value is lower. The

T1_3 sample exhibits an extreme value of this total connectivity, resulting in

a high positive value (39536.00). This indicates a high number of connected

components (isolated pores) and/ or a small value of tunnels branches and

loops. The N2_3 sample has the minimum value of total pore connectivity

(dimensionless), (1226.00). In the same way that high porosity is visualized

in the sample, we think that all this porosity forms a low value of connected

components and most of the branches and loops are connected. For T1_1,

which has a high POM and a high value of porosity, since connectivity is low,

it may indicate that porosity is due to a few number of large pores (which can

have many rami�cations and tunnels) and is not due to a higher amount of

smaller pores (which would increase the value of connectivity).

Regarding surface values, pores in T samples are either more irregular or

are smaller and more numerous (this second option is more consistent with the

POM data) and speci�c connectivity in T samples is greater than in N samples
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Porosity POM Total Speci�c Total Speci�c

Surface Surface Connect. Connect.

Porosity 1 0.826*** 0.9143*** -0.8182*** -0.3723* -0.6632***

POM 0.826*** 1 0.743*** -0.9841*** -0.2462 -0.8294***

Total Surface 0.9143*** 0.743*** 1 -0.6931*** -0.2569 -0.6759***

Speci�c Surface -0.8182*** -0.9841*** -0.6931*** 1 0.3405 0.8264***

Total Connect. -0.3723 -0.2462 0.3405 1 0.4575**

Speci�c Connect. -0.6632*** -0.8294 -0.6759*** 0.8264*** 0.4575** 1

* < 0.1, ** <0.05, ***<0.01

Table 3.3: Pearson correlations between each pair of variables to the entire

set of samples.

(i.e., for an equal volume of pores, pores in N either have fewer components

or have more branches versus pores in T samples in which many disconnected

(without branching structures form) pores appear).

Table 3.3 shows the relationship between each pair of variables measured for

the entire set of samples quanti�ed by Pearson correlations. Figure 3.5 shows

the scatter plots of these relationships, identifying samples of each treatment.

Signi�cant relationships found at a con�dence level of 95% are listed following

table 3.3.

� Porosity and total pore surface: as expected, the higher porosity, the

higher pore surface.

� Porosity and speci�c pore surface: this relation is negative, the greater

porosity, the lower speci�c pore surface. This relationship is also ex-

pected because when the pores are larger, the surface area per unit vol-

ume of pore is lower. Moreover when the number of pores is increased,
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it begins to be coalescence and sharing walls so that the surface pores

decreases.

� Speci�c pore connectivity and speci�c pore surface: for a given pore, the

more irregular the pore is, more branches and loops it has and, hence,

greater surface.

� Porosity and POM: a higher porosity in absolute terms correlates to a

higher proportion of large pores.

� Total pore surface and POM: Also, if there is greater surface area of

pores, there is a higher proportion of large pores.

� Total pore surface and speci�c pore surface: this relation is negative, a

higher total pore surface area correlates with a smaller pore surface area

per unit area. That is, if there are more pores, they are more regular

and / or larger and hence its speci�c surface area is smaller.

� Total pore connectivity and speci�c pore connectivity: the less connected

is the less connected the total is.

� Speci�c pore surface and POM: this relation is negative, when there

are pores with a high speci�c surface value, then small pores are more

abundant. That is, the greater speci�c surface areas are small.

3.4.3 Pore size distribution

Figure 3.6 shows the cumulative relative frequency distribution of pore sizes

in each group of samples. These distributions are expressed as a function
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Figure 3.5: Dispersion matrix that shows possible correlations between groups

of samples.

of equivalent pore diameters obtained from the morphological opening radius

used at each stage of morphological granulometry. It can be seen that the N

treatment samples exhibit similar behavior: All start between 20 % and 30 %,

and all reach 75% of the volume of pores with a diameter about 250 µm and

100% at 1000 µm. In contrast, T samples have more diversity, T1_1 starts

about 10 %, T1_2 at 50 %, and the remaining T samples are between 20% and

40%. The group within T that seems to show less variability is T3,where 75%

is reached in about 200-250 µm. The T1 group shows the singular behavior

of the sample T1_1, this sample does not reach 100% of the pores until it

reaches a diameter of 1470 µm, the sample T1_2 has a singularity; it appears

to lack pores between 30 and 150 µm, there is an abrupt change making the

curve not grow in the same smooth way as the rest. T2 samples are grouped

into two behaviors, one starting at 20% and another at 40%.

39



Figure 3.6: Distribution of cumulative relative frequencies of pore size for

each group of samples, expressed in terms of equivalent diameter (µm).
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Table 3.4 shows statistics results of the Kolmogorov-Smirnov test that com-

pares two sample distributions. Comparisons of all possible pairs of data are

shown. Bold type and shading highligh pairs of samples with a statistically

signi�cant di�erence for a con�dence level of 95% or higher. It can be seen that

sample T1_1 is statistically di�erent from all others; the rest of statistical dif-

ferences are mostly between T and N samples. Not taking sample T1_1 into

account, there are 37 of 110 pairs of samples statistically di�erent between

groups, and within the same group (either N or T ) there are four pairs of

samples statistically di�erent from the 100 possible. Furthermore, di�erences

between N and T samples seem to correlate with depth, and so, there are 23

over 40 in N1, 16 over 40 in N2 and 5 over 30 in N3.
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T1_2 0.84***

T1_3 0.64*** 0.20

T2_1 0.64*** 0.36* 0.28

T2_2 0.52*** 0.36* 0.24 0.12

T2_3 0.76*** 0.32 0.36* 0.40** 0.36*

T2_4 0.76*** 0.16 0.20 0.28 0.28 0.36*

T3_1 0.72*** 0.12 0.16 0.32 0.28 0.20 0.16

T3_2 0.60*** 0.24 0.12 0.20 0.16 0.28 0.16 0.16

T3_3 0.76*** 0.28 0.32 0.40*** 0.36* 0.08 0.32 0.16 0.24

T3_4 0.68*** 0.20 0.24 0.28 0.20 0.16 0.24 0.12 0.12 0.20

N1_1 0.56*** 0.40** 0.40** 0.16 0.20 0.56** 0.40** 0.36* 0.28 0.48*** 0.40**

N1_2 0.64*** 0.40** 0.28 0.12 0.12 0.40** 0.36* 0.36* 0.24 0.40** 0.24 0.16

N1_3 0.44** 0.48*** 0.32 0.20 0.16 0.44** 0.40** 0.40** 0.24 0.44** 0.32 0.16 0.20

N1_4 0.52*** 0.48*** 0.40** 0.20 0.24 0.56*** 0.40** 0.44** 0.36* 0.56*** 0.40** 0.16 0.16 0.12

N2_1 0.64*** 0.36* 0.28 0.08 0.12 0.36* 0.28 0.32 0.20 0.40** 0.20 0.20 0.12 0.24 0.20

N2_2 0.64*** 0.36* 0.28 0.16 0.16 0.40** 0.28 0.32 0.20 0.40** 0.16 0.16 0.16 0.28 0.20 0.20

N2_3 0.52*** 0.36* 0.28 0.12 0.20 0.52*** 0.28 0.32 0.28 0.48*** 0.40** 0.16 0.16 0.16 0.28 0.20 0.20

N2_4 0.60*** 0.40** 0.52*** 0.28 0.36* 0.68*** 0.44** 0.48*** 0.44** 0.64*** 0.56*** 0.16 0.32 0.28 0.20 0.36* 0.28 0.32

N3_1 0.60*** 0.32 0.36* 0.12 0.20 0.52*** 0.36* 0.32 0.24 0.48*** 0.36* 0.16 0.16 0.20 0.24 0.16 0.16 0.16 0.20

N3_2 0.68*** 0.28 0.16 0.16 0.16 0.32 0.20 0.16 0.12 0.32 0.16 0.24 0.20 0.24 0.32 0.16 0.20 0.24 0.40** 0.24

N3_3 0.60*** 0.28 0.16 0.16 0.12 0.28 0.24 0.20 0.12 0.24 0.16 0.28 0.20 0.24 0.36* 0.16 0.16 0.24 0.40** 0.24 0.12

T1_1 T1_2 T1_3 T2_1 T2_2 T2_3 T2_4 T3_1 T3_2 T3_3 T3_4 N1_1 N1_2 N1_3 N1_4 N2_1 N2_2 N2_3 N2_4 N3_1 N3_2

Table 3.4: Statistical results of the Kolmogorov-Smirnov test in comparison of pairs of distributions with * if P<0.1,

**if P<0.05 and *** if P<0.01.



Porosity POM Total Speci�c Total Speci�c

Surface Surface Connect. Connect.

Soil use 23.836* 0.033* 3.69E7*** 412.162* 2.18E6 181,017.000**

Depth 0.421 0.000 3.59E7 4.295 1.43E6 36,234.600

Table 3.5: Mean squares (MS) of the multifactorial ANOVA analysis with *

if P < 0.1, ** if P < 0.05 and *** if P < 0.01.

3.4.4 E�ects of Soil Use and Depth

Table 3.5 shows the mean squares values for multifactorial ANOVA analysis.

The value of total pore surface has a P-value < 0.05, suggesting that factor

treatment produces a statistically signi�cant di�erence for this variable. Fur-

thermore, the di�erence in speci�c pore connectivity between T and N samples

is also statistically signi�cant.

3.5 Summary and Conclussions

This work shows the utility of performing di�erent geometric measures of soil

pore space using 3D images in order to characterize the soil structure. We

characterized in quantitative terms several geometric factors of great interest

in the study of biological and physical processes, such as porosity, pore sur-

face area, connectivity of the pores and pore size distribution. For this latter

purpose, we needed to use tools of mathematical morphology, which re�ect

almost perfectly a pore size criteria [Vogel, 2002]. Measurements were made

directly on the samples without altering them, this being an advantageous
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technique employed by further research. Our comparison indicate total pore

surface and speci�c pore connetivity show the greatest di�erences between the

two soil types (natural vegetation and tillage). In addition, we quanti�ed the

relationships between di�erent geometric measurements for all soil samples

demonstrating that most of them are related via high correlation coe�cients.
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4 FRACTAL PARAMETERS OF PORE SPACE

FROMCT IMAGES OF SOILS UNDER CON-

TRASTING MANAGEMENT PRACTICES1

Abstract

Soil structure plays an important role in �ow and transport phenomena, and

a quantitative characterization of the spatial heterogeneity of the pore space

geometry is bene�cial for prediction of soil physical properties. Morphological

features such as pore-size distribution, pore space volume or pore-solid surface

can be altered by di�erent soil management practices. Irregularity of these

features and their changes can be described using fractal geometry. In this

study, we focus primarily on the characterization of soil pore space as a 3D

geometrical shape by fractal analysis and on the ability of fractal dimensions

to di�erentiate between two a priori di�erent soil structures. We analyze

X-ray computed tomography (CT) images of soil samples from two nearby

areas with contrasting management practices. Within these two di�erent soil

1F. J. Muñoz - Ortega, F. San José Martínez, F. J. Caniego Monreal. 2014. Fractal Pa-

rameters of Pore Space From CT Images of Soils under Contrasting Management Practices.

Fractals. Vol 22, No. 3. 9 pages.
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systems, samples were collected from three depths. Fractal dimensions of the

pore-size distributions were di�erent depending on soil use and averaged values

also di�ered at each depth. Fractal dimensions of the volume and surface of

the pore space were lower in the tilled soil than in the natural soil but their

standard deviations were higher in the former as compared to the latter. Also,

it was observed that soil use was a factor that had a statistically signi�cant

e�ect on fractal parameters. Fractal parameters provide useful complementary

information about changes in soil structure due to changes in soil management.

4.1 Introduction

The spatial arrangement of soil constituents (usually referred to as soil struc-

ture) controls important physical and biological processes in soil-plant-microbial

systems such as moisture retention, root development or transport of water and

nutrients [Hillel, 1998]. For many decades, soil scientists have tried to relate

structural parameters of pore geometry with physical features. Vogel and Roth

[1998] identify structural properties that are essential for inferring hydraulic

properties, Vogel [2002] studied the in�uence of topological characteristics of

porous media and showed the signi�cance of pore space topology for hydraulic

properties. Bastardie et al. [2003] used X-ray computed tomography (CT)

to characterize pores accessed by earthworms. Luo et al. [2010] quanti�ed

the relationship between soil macropore features such as tortuosity or network

density with �ow and transport phenomena.

One of the major e�ects of tillage and farming practices is the alteration

of soil structure and, hence, the processes involved [Bronick and Lal, 2005;

Brussaard et al., 2007]. There is an interest in describing good soil management
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practices and deriving indicators of soil health to help in this task [Doran and

Zeiss, 2000]. Moreover, it is imperative to improve quantitative techniques so

that policy makers and practitioners can develop and implement good policies

and practices.

It has been shown that X-ray CT is a very useful technique for quantifying

and characterizing soil structure. This is because this technique allows the

rendering and the computational processing of the 3D geometry of the pore

structure. Thus, this technology provides geometrical measurements on 3D

digital images of the soil pore space. Perret et al. [2003] carried out a quanti�-

cation of macropore networks providing numerical density, length, inclination

and tortuosity of pores. Gantzer and Anderson [2002] showed di�erences of the

pore structure in tomographic images of soil samples under two di�erent agri-

cultural treatments. Luo et al. [2010] obtained macropore attributes such as

macroporosity, length density, network density and hydraulic radius using X-

ray CT. San José Martínez et al. [2013] analyzed CT images of soil columns to

characterize di�erent soil structures with Minkowski functionals. Other works

like Gibson et al. [2006], went deeper into the fractal analysis and showed the

usefulness of this approach.

In this work we propose a set of fractal parameters to characterize soil

structure through the fractal analysis of soil pore space as a 3D geometrical

shape. Our study aims to quantify the complexity of pore space geometry

on CT images of intact soil columns from contrasting management practices

by the following fractal parameters: fractal dimensions of the volume and the

boundary surface of the pore space, which characterize how the volume and

the surface of pores �lls the space, and the fractal dimension of the pore size
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distribution, which characterizes the relationship between pore size classes.

4.2 Theory

Fractal geometry, introduced by Benoit Mandelbrot [Mandelbrot, 1975], can

be used to describe many irregular and fragmented patterns of nature. In soil,

fractals dimensions of pore space, pore-solid interface and pore size distribution

are indicators of soil structure complexity [Anderson et al., 1998; Perfect and

Kay, 1995].

The box counting algorithm is commonly used to estimate fractal dimen-

sions. This algorithm operates as follows. To estimate volume fractal dimen-

sion (VFD) and surface fractal dimension (SFD), the object (or its surface) is

covered with a 3D lattice consisting of cubes of side ε and then the number of

boxes,N(ε), that intersect the object (or its surface) is counted. The number

of boxes will vary with the size of the box ε according to the relationship

N(ε) ∝ ε−Db

where ∝ stands for asymptotic behavior as ε approaches to zero and Db

is the estimated fractal dimension of the object (or its surface). Figure 4.1A

and 4.1B show how the box counting algorithm operates to estimate VFD

and SFD, respectively, on a 2D image of a soil sample. VFD and SFD values

would be expected to range between 2 and 3 for 3D shapes, and the VFD

of a particular object should be higher than its SFD. Fractal dimension VFD

measures the space-�lling properties of the pore volume as a mass distribution,

while the fractal dimension SFD is an indicator of the roughness of its boundary

surface.
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Figure 4.1: Example of the box counting algorithm in a 2D setting of (a) the

area of the pores of a soil sample and (b) the boundary of the pores of the

same soil sample.

The distribution of the number of elements or di�erent parts of an object

that exhibits a fractal behavior can also be analyzed by its scaling behavior.

For this analysis the numerical relationship between sizes of di�erent parts

forming the fractal object is taken into account. It has been shown [Diamond,

1970] that the number-size distribution of pores displays a fractal behavior

which leads to the power law scaling:

Np(r > x) = kx−α

where Np(r > x) is the cumulative number of pores larger than r, k is a

proportionality constant and α > 0 is the fractal dimension of the pore size

distribution [Anderson et al., 1998] that we will call number fractal dimension

(NFD) to stress the fact that it corresponds to the number-size distribution.

This parameter indicates the rate of decrease in the number of pores for in-
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creasing radius. Higher α's would be consistent with a relatively lower number

of larger pores.

4.3 Materials and Methods

4.3.1 Soil Study and Sampling

Soil samples were collected in December 2008 in two areas within an experi-

mental farm belonging to "Instituto Madrileño de Investigación y Desarrollo

Rural, Agrario y Alimentario" located in Madrid, Spain. The �rst sampled

area (labeled T ), with coordinates (WGS84) 40o31′29′′N , 3o17′30′′W , was an

agricultural area under a cotton crop (Gossypium sp.). The soil in this area was

identi�ed [INIA, 1977] as Calcic Haploxeralf, according to the USDA classi�-

cation [Soil Survey Sta�, 2010], the textural class of the soil is clay loam, with

the following proportions of constituents: 3.4% sand, 35.8% silt and 60.8%

clay and 1.62% organic matter. The depth of the tillage was about 25 cm.

The second sampled area (labeled N), with coordinates (WGS84) 40o31′6′′N ,

3o17′21′′W , is a natural site (riparian vegetation: Tamarix sp., Ulmus sp.),

located on a terrace of the Henares river. The soil in this second area was

identi�ed [INIA, 1977] as typic Xero�uvent according to the USDA classi�-

cation [Soil Survey Sta�, 2010]. The textural class of this soil was silty clay

loam with the following proportions of constituents: 12.3% sand, 60.8% silt

and 26.9% clay and 0.85% organic matter.

In order to extract and preserve the undisturbed samples, methacrylate

cylindrical containers were used. The dimensions of the containers were 3 cm

height, 2.6 cm inner diameter and 2 mm thickness. Soil samples were taken
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at three depths, with a di�erence between depths of about 10 cm; the bottom

of the �rst group of containers was about 4 cm from the surface. In total, 24

samples were extracted, 12 in each soil area with a total of 4 replicates in each

depth.

4.3.2 Image processing and estimation of fractal dimen-

sions

Soil samples were scanned using an X-ray CT scanner at the laboratory of

Medical Imaging and Experimental Medicine in Madrid (Spain) of the Hospital

General Gregorio Marañón. The tomograph device was operated at 50 keV.

The output data obtained after the reconstruction were a set of 3D unsigned

16-bit RAW images. The image was a stack of 1392 slices; each slice was an

image of 16002 pixels. The pixel sizes and the spacing between sections of the

images was 0.03 mm. Due to an error in the acquisition of data only 22 of

the 24 samples have a �nal reconstructed image. The labeling of the images

obtained according to the sampling area is of the form Ln1_n2 where L is

the treatment (T (Tillage) or N (Natural)), n1 is the depth (1 is shallow, 2 is

intermediate and 3 is deep) and n2 is the repetition.

The image processing was performed with the public domain program Im-

ageJ version 1.47v developed at the National Institute of Health [Rasband,

1997]. The format of the images was changed from RAW to TIFF. Firstly,

images were thresholded in order to classify the entire image into two regions,

the void phase of the sample (object or foreground), and the solid phase of

the sample (background). The thresholding method was based on the mean

operation. This local thresholding method was chosen for its stability and high

51



performance [Iassonov et al., 2009]. The method works as follows: for each

pixel x of the image a threshold is calculated, if the pixel value is below the

threshold then x is classi�ed as background, otherwise it is classi�ed as object.

The selection of the threshold for each pixel x is made by examining the pixel

values of the surroundings of x. For this work, the surrounding pixels were

those at a distance of 3 mm (100 pixels) or less from the selected pixel x.

Images were �ltered in order to reduce Gaussian noise and artifacts. These

e�ects arise during the tomographic scan due to defects in the X-ray beam and

in the detector [Ketcham and Carlson, 2001]. The chosen �lter was a spatial

�lter that uses the maximum function with radius r. The �ltering operates on

each image pixel as follows: each pixel x in the original image is replaced by

the maximum of the values of the pixels covered by the disk of radius r (two

pixels in our case) centered on the pixel x.

A cubic region of 5123 voxels was selected from each 3D picture. This region

corresponds to a cube whose edge has an actual length of 15.36 mm. This size

was chosen to avoid voxels belonging to the container or voxels representing

soil near the sampling tube that might have been damaged during sampling.

Figures 4.2A y 4.2B show the 3D reconstructions of the pore space of a sample

of the natural area and the pore space of a sample of the agrosystem soil,

respectively.

The VFD and SFD were estimated using the box counting algorithm. For

this, Fractal Count Plugin [Bache-Wiig and Henden, 2004] was used. The

box counting technique has been applied to estimate the VFD by counting

the boxes that intersect the voxels representing the pores in each cube. An

estimate of the SFD was obtained by counting only the boxes that intersect the
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Figure 4.2: Two examples of 3D rendering of the pore space of a soil core

from (a) a natural soil (N2_2) and (b) a tilled soil (T2_2).

voxels of the boundary of the pore space. The boundary surface was obtained

with the outline operation as shown in Fi 4.1B for a 2D image. The number of

sizes of boxes used in the algorithm was 9 which followed a geometric sequence

corresponding to edge lengths of 512, 256, . . . , 2, 1 voxels.

The pore-size distribution was generated by morphological granulometry.

We describe the technique below for 2D images to illustrate the ideas behind

it. Figures 4.3A-4.3D show an example of how this method operates on a 2D

image of a soil. Overall, this technique removes pores smaller than a certain

size r and, then, it evaluates the volume (or area in 2D case) of the remaining

pores. The pore size criterion used in this work corresponds with the hydraulic

radius concept [Vogel and Roth, 2001]. Morphological granulometry is based on

two basic morphological operations [Serra, 1982]: erosion and dilation. First,

the erosion of radius r produces a reduction of size r of the pores; secondly,
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the dilation of radius r produces the corresponding growth. The application of

these two consecutive operations removes pores smaller than r. They disappear

during the erosion and they are not recovered during the dilation but pores

with sizes larger than r will not disappeared with the erosion and they will

recuperate their size with the dilation. The di�erence between the initial stage

and the �nal stage results in the total volume of pores with size lesser than r.

The successive application of this procedure, with increasing radius r provides

the curve that de�nes the pore size distribution (i.e. the curve of the number

of pores with size greater than r as a function of r [Ohser and Mucklich,

2000]). Once the curve of the pore size distribution was obtained the NFD

was estimated as the slope of the linear �t in the log-log plot.

4.4 Results and Discussion

Figure 4.4 shows the log-log plot of the distributions of the number of pores

Np(r > x) with spherical equivalent radius r greater than x and the corre-

sponding regression line of the linear �t for each sample. The determination

coe�cients R2 of the �t are greater than 0.92. On average, these values are

0.9624 ± 0.019 for T and 0.9687 ± 0.021 for N . As a consequence, the NFD

fractal dimension is well de�ned and the pore size distributions of these sam-

ples display a clear fractal behavior. The values of NFD parameter (Figure

4.5) range between 3.24 and 4.88 for T samples and between 3.84 and 4.56 for

N samples. These high values of NFD would be seen as unrealistic, but it is

worth noting that, to our knowledge, there is no 3D model of soil structure that

takes account, in a uni�ed framework, of the simultaneous fractal behaviour of

its solid part, its voids and their interface, and that could guide our intuition
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Figure 4.3: Example of the morphological granulometry technique in a 2D

setting. At di�erent stages of the process (a), (b), (c), (d) pores smaller than

a certain radius r are removed to measure the area of the remaining pores.
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in this matter. In that respect, the 2D pore-solid fractal model of Perrier and

Bird [2002] represents an enormous progress.

The average value of NFD for T samples is higher but the di�erence was

not statistically signi�cant. This is congruent with a lower relative number

of larger pores in samples from the agrosystem as compared with samples

from the natural soil. Kravchenko et al. [2011] also found that samples from

conventional tillage had a tendency for higher fractal dimensions than samples

from natural soils. The mean value of NFD is also lower for N samples

than for T samples in each depth, and the standard deviation is also greater

for T samples than for N samples at each depth. Therefore, on average, T

samples have a lower abundance of large pores at each depth and a greater

variability between samples. For T samples, an increase of the NFD with

depth is observed. It suggests that, the number of macropores decreases with

depth in the agrosystem.

Figures 4.6 and 4.7 show estimated values of V FD and SFD. The min-

imum coe�cient of determination R2 for V FD is 0.9762 and it is 0.9687 for

SFD (they both correspond to sample T1_2). All values of V FD and SFD

are greater than 2 and lesser than 3. It can be seen that V FD values are al-

ways greater than SFD ones, having a di�erence of about 0.1 between them,

with larger di�erences in N samples. The low values of V FD as compared

with the dimension of the embedding space and of the high values of SFD as

compared with the dimension of its embedding space suggest highly complex

pore space geometry and extremely rough pore-soil interface. Averaged values

of V FD and SFD are lower for T samples as compared with N samples for

each depth. This is consistent with the results of other studies that compared
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Figure 4.4: Log-log plot of the curves of pore size distributions. Regression

lines to evaluate NFD are also shown.
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Figure 4.5: Estimated values of NFD for each depth and soil treatment.

Value 1 in the vertical axes of the graph corresponds to the uppermost layer

of soil and number 3 to the deepest one.
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the box-counting dimension of the pore space of tilled and undisturbed soils

[Chun et al., 2008; Gantzer and Anderson, 2002; Kravchenko et al., 2011]. Let

us note here that N soil samples have lower NFD and higher V FD than T

samples. Moreover, the boundary surface of the pore space of the N samples

also seems to have greater complexity, because of its roughness. In contrast

with fractal parameter NFD, parameters V FD and SFD do not show any

trend with depth. Probably, this is due to fact that samples correspond to a

narrow layer of the uppermost part of the soil. Similar results were reported by

Perret et al. [2003]. San José Martínez et al. [2010] used multifractal analysis

of the variation of cross-sectional porosity with depth of CT images of large

soil columns to characterize the porosity spatial memory. They found that the

Hurst exponent of this series is congruent with persistence or positive autocor-

relation. Thus, the persistence of sectional porosity could explain the absence

of any trend of fractal parameters V FD and SFD with depth. The di�erent

behavior that parameters NFD show suggests the lack of a direct relationship

between pore space structure and pore size distribution (di�erent pore size dis-

tributions seem to yield pore space geometries that appear indistinguishable

in this type of soils).

Table 4.1 displays mean squares and P-values of the ANOVA analysis of

fractals parameters (NFD, V FD and SFD) along with porosity, depending

on soil use and depth. These results indicate that soil use has a statistically

signi�cant e�ect on V FD and SFD parameters. But depth does not seem to

have any statistically signi�cant e�ect on any of these parameters. Figure 4.8

shows a summary of the fractal parameters (V FD, SFD and NFD) for each

soil use. The results of Kravchenko et al. [2011] are consistent with our �ndings
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Figure 4.6: Estimated values of V FD for each depth and soil treatment.

Value 1 in the vertical axes of the graph corresponds to the uppermost layer

of soil and number 3 to the deepest one.
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Figure 4.7: Estimated values of SFD for each depth and soil treatment. Value

1 in the vertical axes of the graph corresponds to the uppermost layer of soil

and number 3 to the deepest one.
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Porosity P-val (Porosity) NFD P-val (NFD)

Soil Use 23.836 0.0705 0.2372 0.2043

Depth 5.8622 0.4206 0.2050 0.2497

VFD P-val (VFD) SFD P-val (SFD)

Soil Use 0.1042 0.0103 0.0824 0.0096

Depth 0.0057 0.6466 0.0049 0.6170

Table 4.1: Multivariate analysis ANOVA: Mean Squares and P-values, for

Fractal Parameters (NFD, VFD and SFD) depending on Soil Use and Depth.

Figure 4.8: Summary of NFD, V FD and SFD values grouped by soil treat-

ment.

when they characterized heterogeneity in pore distribution patterns of soil

aggregate (a key element of soil structure) from the same soil subject to long-

term contrasting management practices. They concluded that mechanisms of

aggregates formation might di�er in their importance under di�erent land use

and management practices. Again, our results seem to indicate the lack of

statistical signi�cance of the e�ect of soils use and depth on porosity and pore

size distributions as characterized by NFD. It suggests that other parameters

than NFD should be investigated in order to provide a comprehensive fractal

characterization of soil pore structure.
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It has been pointed out that there is a need for a detailed geometrical

characterization of soil pore structure in order to better understand its role

in soil functioning, including its contribution to accumulation and protection

of soil organic matter, to optimization of soil water and air regimes, and to

storage and availability of plant nutrients [von Lutzow et al., 2006]. Mathe-

matical morphology [Serra, 1982] provides a set of non-fractal parameters (in

the realm of classical non-fractal geometry) that has been used to characterize

soil structures that were a priori di�erent [San José Martínez et al., 2013]. Fol-

lowing the rationale of this theory, a set of fractals parameters beyond V FD

and SFD is needed to built an exhaustive fractal description of soil structure.

The same rationale suggests the utility of measures of soil pore connectiv-

ity. Recent studies of intra-aggregate porosity with 2D images of soil sections

seem to suggest that lacunarity could be a suitable fractal parameter choice

[Kravchenko et al., 2011; Sukop, 2001; Sukop et al., 2002]. Therefore, our �nd-

ings could improve knowledge of the fractal geometry of soil pore structure

with a comprehensive geometrical description with fractal attributes of soil

pore space as a 3D shape. These fractals attributes should probably include,

but not restricted to, V FD, SFD and lacunarity.

4.5 Conclusions

Fractal analysis provides di�erent fractal parameters to assess and quantify the

complex geometrical structure of fractal object but fractal structures that are

dissimilar to the naked eye may have the same speci�c fractal dimension. In

this work we focus in the ability of a set of three fractal geometrical descriptors

to characterize soil structure by parameterizing the fractal features of soil pore
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space geometry as a 3D shape rendered from CT images of undisturbed soil

cores.

Taking into account the 3D nature of the geometrical object of interest,

we explore the suitability of the fractal dimensions of the volume and the

boundary surface of the pore space and of the fractal dimension of the pore

size distribution as fractal indicators of soil complexity. In order to assess the

value of this set of fractal parameters for soil structure, two groups of soil sam-

ples from two areas under di�erent management soil practices (conventional

tillage and natural vegetation) were compared. Within these two di�erent soil

systems, samples were collected from three depths. The fractal dimension of

the pore-size distributions were di�erent depending on soil use and averaged

values from each depth also di�ered. Fractal dimensions of volume and surface

of the pore space were lower in the tilled soil than in the natural soil but their

standard deviations were higher on the former as compared to the latter area

of study. Also, it was observed that soil use was a factor that had a statistically

signi�cant e�ect on fractal parameters.

This study's results could improve the knowledge of the fractal geometry of

soil pore structure with a comprehensive geometrical description with fractal

attributes of soil pore space as a 3D shape. These fractals attributes should

probably include V FD, SFD and lacunarity. Further research is needed in

order to establish such a comprehensive set of fractal geometrical indicators to

better understand and predict the complexity of soil functioning.
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5 MORPHOLOGICAL FUNCTIONS TO QUAN-

TIFY THREE - DIMENSIONAL TOMOGRAMS

OFMACROPORE STRUCTURE IN A VINE-

YARD SOILWITH TWODIFFERENTMAN-

AGEMENT REGIMES1

Abstract

Soil structure controls important physical and biological processes in soil-plant-

microbial systems. Those processes are dominated by the geometry of soil pore

structure, and a correct model of this geometry is critical for understanding

them. Soil tomography has been shown to provide rich three-dimensional dig-

ital information on soil pore geometry. Recently, mathematical morphological

techniques have been proposed as powerful tools to analyze and quantify the ge-

ometrical features of porous media. Minkowski functionals and morphological

functions built over Minkowski functionals provide computationally e�cient

1F. San José Martínez, F. J. Muñoz - Ortega, F. J. Caniego Monreal, F. Peregrina. 2013.

Morphological Functions to Quantify Three-Dimensional Tomograms of Macropore Structure

in a Vineyard Soil with Two Di�erent Management Regimes. Vadose Zone Journal. Vol

12, No. 3. 11 pages.
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means to measure four fundamental geometrical features of three-dimensional

geometrical objects, that is, volume, boundary surface, mean boundary sur-

face curvature, and connectivity. We used the threshold and the dilation and

erosion of three-dimensional images to generate morphological functions and

explore the evolution of Minkowski functionals as the threshold and as the

degree of dilation and erosion changes. We analyzed the three-dimensional ge-

ometry of soil pore space with X-ray computed tomography (CT) of intact soil

columns from a Spanish Mediterranean vineyard by using two di�erent man-

agement practices (conventional tillage versus permanent cover crop of resident

vegetation). Our results suggested that morphological functions built over

Minkowski functionals provide promising tools to characterize soil macropore

structure and that the evolution of morphological features with dilation and

erosion is more informative as an indicator of structure than moving threshold

for both soil managements studied.

5.1 Introduction

The spatial arrangement of soil constituents (usually referred to as soil struc-

ture) controls important physical and biological processes in soil-plant-microbial

systems, where microbial population dynamics, nutrient cycling, di�usion,

mass �ow, and nutrient uptake by roots take place across many orders of

magnitude of length scale [Young and Crawford, 2004]. Natural soils display

a highly heterogeneous and complex structure that involves a wide range of

scales from rough surfaces of particles, complex pore space geometries, and in-

tricate networks of cracks to the extremely wide variation of the soil horizons

boundary. Nevertheless, the description of �ow and transport phenomena in
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soil addresses critical problems of soil functioning and ecosystem processes.

However, the mismatch of scales is a persistence theme. For example, envi-

ronmental contamination due to agricultural activities take place on the scale

of several meters, while the controlling physical mechanisms based on capil-

larity forces are in the range of microns [Lehmann et al., 2008]. As it is often

impossible to measure and model at the scale of interest, �ow and transport

on the unsaturated zone is analyzed at the Darcy scale, under the assumption

of the homogeneity that natural soils do not have. A correct model of this

geometry is critical for understanding �ow and transport processes in soils,

creating synthetic soil pore space for hypothesis and model testing, and eval-

uating similarity of pore spaces of di�erent soils [Dullien, 1992].

Indirect methods are often used to determine the distribution of pores

sizes as a part of assessing geometry of soil pore structure. When solid phase

is considered as the complementary phase of soil pore space, particle size dis-

tributions or water retention curves are used to infer pore properties. But this

approach has serious shortcomings. The same distribution of particles sizes

determines di�erent pore structures. These di�erent structures will confer dif-

ferent hydraulic properties due to the fact that pore connectivity plays a major

role on �ow and transport phenomena [Vogel and Roth, 2001].

New technologies, both in the realm of image acquisition of soil struc-

ture and numerical simulation of processes on complex geometrical structures

like lattice Boltzmann methods [Sukop and Thorne, 2007], have opened new

avenues to this old standing problem. It has being suggested that these tech-

niques would provide a better understanding of the linkage between structure

and �ow and transport processes in natural soils and in this way they would
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improve the predictability of this models in the vadose zone [Lehmann et al.,

2008]. Mathematical morphology has been applied successfully to the descrip-

tion of pore space geometry, and some recent results [Lehmann, 2005; Mecke

and Arns, 2005; Schluter and Vogel, 2011] on the linkage of geometrical features

and �ow parameters (i.e., structure and functioning) represent a promising ad-

vance in using this path.

X-ray computed tomography provides a direct methodology to use three-

dimensional information to quantify geometrical features of soil pore space

[Lehmann et al., 2006; Mees et al., 2003; Perret et al., 1999; Peyton et al.,

1994; Pierret et al., 2002]. In the last few decades this rich three-dimensional

geometrical information has begun to be analyzed with the mathematical tools

of the mathematical morphology [Banhart, 2008; Mecke and Stoyan, 2000,

2002].

Mathematical morphology [Serra, 1982] as a mathematical theory com-

bines a number of mathematical techniques aimed at quantifying geometrical

features of geometrical objects. These mathematical techniques belong to well-

established mathematical �elds as integral geometry [Santalo, 1976], stochas-

tic geometry [Matheron, 1975], or digital topology and geometry [Klette and

Rosenfeld, 2004]. Dullien and collaborators (see [Dullien, 1992] and the ref-

erences therein) used these techniques to investigate the relationship between

soil pore structure and �uid transport phenomena. At that time they mostly

used stereology to gain three-dimensional information from two-dimensional

images obtained by image analysis of soil sections. See also Horgan [1998];

Moran et al. [1989a,b]; Vogel et al. [2005]; Vogel and Kretzschmar [1996], to

name a few.
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Minkowski functionals provide computationally e�cient means to measure

four fundamental geometrical properties of three-dimensional objects such as

pore space. The properties are the volume, the boundary surface, the mean

boundary surface curvature, and the connectivity of the object of interest.

The Hadwiger's theorem [Santalo, 1976] states that any functional that as-

signs a number to any three-dimensional object and meets some geometri-

cal restrictions is a linear combination of the Minkowski functionals. There-

fore, these functionals provide a powerful tool to describe quantitatively the

three-dimensional geometry. Mecke [1998] and Roth et al. [2005] make use

of Minkowski functions based on threshold variation of Minkowski function-

als to characterize two-dimensional porous structures. Also, two-dimensional

porous structures were investigated by Mecke [2002] and Vogel et al. [2005]

with Minkowski functions based on dilations and erosions. Arns et al. [2002,

2004] considered the evolution of Minkowski functionals with dilations and

erosions to characterize three-dimensional images of Fontainebleau sandstone.

We used morphological functions built over Minkowski functionals to ana-

lyze soil structure through the investigation of the geometry of soil pore space

with three-dimensional images from X-ray computed tomography of intact soil

columns from a Mediterranean vineyard with two di�erent soil management

practices [conventional tillage management (CTM) versus permanent cover

crop (PCC) of resident vegetation]. The research was based on Minkowski

functional application to results of changes of image threshold and morpholog-

ical transformations of erosion and dilation.
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5.2 Theory: Morphology of Soil Pore Space

5.2.1 Morphological Operations

The basic morphological operations are dilation and erosion. Grains or pore

space in a three-dimensional CT image can be idealized as sets of points in

three-dimensional space. These types of geometrical objects will be the mathe-

matical objects of interest. Mathematically, an object is a closed and bounded

set. A ball is a closed set if this ball contains the points of the spherical sur-

face that de�ne the ball (its boundary). And it is a bounded set because it is

contained in a sphere of �nite radius. Dilation of an object expands it. This

new object can be thought of as being the union of all balls with a given radius

r centered at points of the original object. If the original object is a ball of

radius r0 , the dilated object by balls of radius r will be a new ball of radius

r0 + r.

We consider a generic object K and a ball B of radius one in which its

center is located at the origin of coordinates. Both K and B are objects,

closed and bounded sets, but K is the object of interest or simply an object

that we scrutinize with the object B that is called structuring element. A ball

of radius r centered at the origin, rB, is obtained by multiplying the points

of B by r. A ball of radius one centered at point x, Bx , is obtained by

adding x to every point of B. Scalar multiplication by a number r produces

an expansion with scaling factor r when r > 1 and a contraction with scaling

factor r when r < 1. Addition with a vector x produces a translation in the

direction of the vector x at a distance equal to the "lengt" of this vector (its

modulus). Then, we have the following expressions that de�ne the sets rB and
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Figure 5.1: E�ect of dilation Kr = δrB(K) (gray plus black) and erosion

K−r = εrB(K) (black) of object K by the structuring element rB.

Bx :

rB = {ry : y ∈ B}

Bx = {y+ x : y ∈ B}

Here, rB is the set of points ry when y belongs to B and, Bx is the set

of points y + x when y belongs to B. In these expressions ry stands for the

scalar multiplication of the scalar r and the vector y and y+ x represents the

sum of two vectors, y and x. Thus, the dilation (�gure 5.1) of the object K

by balls of radius r, that is, the union of all balls rBx of radius r centered at

points x of K, will be another object Kr de�ned as

Kr =
⋃
x∈K

rBx

In general, the structuring element could be any set that may or may not

contain the origin of coordinates. Then, one has δE(K), the dilated set of the
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object K by structuring element E. In most cases it is appropriate to consider

a structuring element that contains the origin of coordinates and is symmetric

with respect to it: like balls centered at the origin. In this case it is veri�ed

that

Kr = δrB(K)

The set Kr is also called the parallel body of K at a distance r or r-parallel

body to K. This is the set of all points within a distance smaller than r from

the object K. In this work, the structuring element will be a ball centered at

the origin. Then, the dilation of an object by a ball of radius r is equivalent

to the r-parallel body to K. Roughly speaking, it is like a "skin" of thickness

r is added to K.

We will analyze two-colored images (black and white images) or binary

images of soil. They contain two complementary phases: the phase of voids

(pores) and the phase of soil matrix (mineral particles). In this case the pore

space is the object of interest, and it will be black while mineral particles

will form the background and it will be white as it is customary in image

analysis. Then, the erosion of one phase is equivalent to the dilation of the

complementary phase. Erosion of the pore space is dilation of the soil matrix,

and erosion of the soil matrix is dilation of the pore space. Usually, a CT

image of soil will be shown as a set of points of a cube, S, where each point

is a part of pore space, P , or a part of soil matrix, M . These points are the

pixels of a two-dimensional image or the voxels of a three-dimensional one. In

mathematical terms,
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S = P ∪M

P c = M

M c = P

Here P c represents the complementary of P , that is, the set of points

in S that are not in P . These mathematical expressions indicate that the

complementary set of the pore space in the cube S is the soil matrix and vice

versa. Then, the erosion of an object K by a ball of radius r centered at the

origin is de�ned as

εrB(K) = [δrB (Kc)]c

A more intuitive expression is given by

εrB(K) = {x : rBx ⊂ K}

Consequently, the erosion of an object K by a ball rB corresponds to the

set of all positions of their centers within K where the structuring element rB

�ts completely into K (�gure 5.1).

Therefore, we may generalize the notion of parallel body as follows

Kr =


δrB(K), r > 0

δrB(K), r < 0

[Arns et al., 2002]. Then, K0 coincides with the original object K.
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5.2.2 Measurements: Minkowski Functionals

Minkowski functionals are a complete set of geometrical features as established

by Hadwiger's theorem [Santalo, 1976]. A class of objects to which Hadwiger's

theorem applies is the class of sets that can be viewed as the union of a �nite

number of convex objects. An object K is convex when it contains any point of

the segment that joins two of its points. The class of objects made up of convex

objects is a very important class because any three-dimensional binary image

is a set of voxels (the three-dimensional counterpart of a pixel). Voxels may

be thought of as being cubes; therefore, any geometrical structure of interest

in a binary image is a �nite union of convex objects, or voxels. There are

three geometrical conditions that a functional to which Hadwiger's theorem

applies must meet. The �rst one is motion invariance: the number assigned by

a functional must be independent of the position of the object in space when

the object is translated or rotated. The second one is C-additivity:

F(K1 ∪K2) = F(K1) + F(K2)−F(K1 ∩K2)

That is to say, the number assigned by a functional F to the union of two

objects K1 and K2 equals the value of the functionals over those two objects

minus parts counted twice. And the third condition is continuity. Consider a

sequence of objects {Kn} that approaches the object K as n tends to in�nity.

An example of this is the sequence of r-parallel bodies of an object K; it is

clear that the sequence of r-parallel bodies {Kn} with r = 1/n approaches K

as n goes to in�nity or, equivalently, as r goes to zero. Then, the continuity

condition is ful�lled if F(Kn) tends to F(K) as n goes to in�nity. Under these

conditions there are d+ 1 numbers ci such that
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F(K) =
d∑
i=0

ciW
(d)
i (K)

when K belongs to the d-dimensional linear space. In this expression

W
(d)
i (K) are the Minkowski functionals that assign to any object a number.

They are d + 1 functionals in dimension d. There are three Minkowski func-

tionals in the plane and four in space. In the plane (the two-dimensional linear

space), one has

W
(2)
0 (K) = A(K)

W
(2)
1 (K) = L(K)

W
(2)
2 (K) = A(B)

In this expression A stands for the area and L stands for the length of

the perimeter of the square K. Here B is the ball centered at the origin with

radius one. In space (the three-dimensional linear space), one has

W
(3)
0 (K) = V (K)

W
(3)
1 (K) =

1

3
S(K)

W
(3)
2 (K) =

1

3
M(K)

W
(3)
3 (K) = V (B)
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Here B is the ball centered at the origin with radius one, as before, V

stands for the volume, S for the area of the boundary, and M for the mean

breadth multiplied by 2π (it can be shown that the mean breadth of a cube of

edge a is 3a/2 [Santalo, 1976]). When the boundary surface of K is smooth,

M also represents its mean curvature [Ohser and Mucklich, 2000]. Points on

the boundary surface of an object with positive curvatures settle on convex

parts (protrusions) of the object while points with negatives curvatures belong

to concave parts (hollows) of the object. For convex objects, M is positive.

Then, M can be thought of as measure of the convexity of the object or the

"complexity" of its boundary.

Two ideas are worth to note here in connection with Minkowski function-

als. On the one hand, they are easily computed [Michielsen and De Raedt,

2001]. Taking into account the C-additivity property and the fact that three-

dimensional images are sets of voxels, their computation reduces to the compu-

tation of the Minkowski functionals on cubes (or voxels) and their intersections

(vertices, edges, and faces). On the other hand, the Minkowski functionalW (d)
d

is the Euler-Poincaré characteristic of the object multiplied by the volume of

the d-dimensional ball of radius one. In the plane one has W (2)
2 (K) = πχ(K)

and W (3)
3 (K) = (4π/3)χ(K) in space. In these expressions χ(K) is the Euler-

Poincaré characteristic of K. When the object of interest K corresponds to the

pore space P , the Euler-Poincaré characteristic χ(P ) is an index of the topology

of the pore phase and it quanti�es pore connectivity [Vogel and Kretzschmar,

1996]. On the plane, Euler-Poincaré can be computed subtracting the num-

ber of holes of the object, H(K), from the number of connected components,

CC(K) [Mecke, 1998]:
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χ(K) = CC(K)−H(K)

In this context a connected component of an object is any part of it whose

points are connected to one another by curves of points contained in the object.

Then, a disk has Euler-Poincaré characteristic equal to one because it has one

connected component and no holes. A punctured disk has Euler-Poincaré

number equal to zero; a disk punctured twice, minus one, and so on. If the

object is just the union of n separated grains on an image, the Euler-Poincaré

characteristic equals n. This object has n connected components. Similar

de�nitions and relations hold in space though distinction between two kinds

of holes must be made. In space, the Euler-Poincaré characteristic can be

computed as the sum of the number of connected components, CC(K), and

the number of cavities of the object, C(K), subtracted by the number of

tunnels, T (K) [Mecke, 1998]:

χ(K) = CC(K)− T (K) + C(K)

Cavities are holes completely surrounded by the object, while tunnels are

holes through the object connected with the exterior or background. If the

object is just a separate union of n grains of an image, the Euler-Poincaré

characteristic equals n. Then, a solid ball has a Euler-Poincaré characteristic

equal to one, a ball with a cavity in it, two, a ball with two cavities, three, and

so on. However, if the ball has a tunnel that goes through it, the Euler-Poincaré

characteristic is zero, two tunnels gives a Euler-Poincaré characteristic equal

to minus one, and so on.
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5.2.3 Describing Objects by Functions

Mathematical morphology o�ers a powerful description of objects in terms of

functions. This technique is similar to the process that provides particle size

distributions by morphological analysis of soil images [Serra, 1982; Soille, 2002;

Vogel, 2002].

Consider a three-dimensional binary image of soil where the void phase K

is the object of interest. Let Kr be, as before, the dilation of K by balls of

radius r when r > 0 and the erosion of K by balls of radius r when r < 0.

Then, consider any Minkowski functional, say M , and the function

f(r) = M(Kr)

This family of functions built over the Minkowski functionals provides a

way to investigate the morphology of the pore space K as it is dilated and

eroded with balls of increasing radius r. Vogel et al. [2005] used this ap-

proach on two-dimensional images to describe crack dynamics in clay soil.

Roth et al. [2005] make use of opening (i.e., erosion followed by dilation) to

build Minkowski functions to quantify permafrost patterns with aerial pho-

tographs. This family of functions adds new information to that provided by

Minkowski functionals as they yield the pore size distribution of the porous

structure. Arns et al. [2004] characterize disordered systems and match model

reconstructions to three-dimensional images of Fontainebleau sandstone with

Minkowski functions based on dilations and erosions. Vogel et al. [2010] take

advantage of Minkowski functions based on openings to quantify soil structure

of arable soil and of repacked sand using three-dimensional images from X-ray

tomography of samples of di�erent sizes recorded at di�erent resolutions.
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Mecke [1996] consider a di�erent type of Minkowski function. In this case

the original two-dimensional image is a grayscale image before segmentation.

A series of binary images are obtained when the threshold varies from the

minimum value of the grayscale to its maximum. Minkowski functionals are

evaluated on each binarized image of the series, and four Minkowski functions

are de�ned when the Minkowski functionals evolve as a function of thresh-

old. Roth et al. [2005] also made use of this type of function to quantify

permafrost patterns obtained from aerial two-dimensional photographs. It is

widely recognized that thresholding is a fairly subjective operation and there

is no generally accepted procedure for image segmentation, even in the soil

science community. Nonetheless, this type of function based on threshold vari-

ations allows examining raw data and provide a way to analyze patterns before

loss of information produced when segmentation is performed.

We investigated in a three-dimensional setting how Minkowski functions

based on the variation of the threshold of grayscale three-dimensional images

and Minkowski functions based on dilations and erosions of segmented three-

dimensional images can be used to characterize soil pore structure of cultivated

soil. We made use of X-ray computed tomography for soil columns imaging.

5.3 Materials and Methods

5.3.1 Soil Samples, Site Description and Sample Collec-

tion

The columns were collected at the experimental farm "Finca La Grajera",

property of La Rioja region government (northern Spain) (42o26′34′′18 N lat.;
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2o30′53′′07 W long.), on December 2010. The �eld slope is about 10.2% with

west-east orientation. The soil is classi�ed as �ne-loamy, mixed, thermic Typic

Haploxerepts according to the USDA soil classi�cation and contained 230 g/kg

clay, 433 g/kg silt, 337 g/kg sand, 9.3 g/kg organic matter, and 149 g/kg

carbonates, with pH 8.62 and electrical conductivity 0.17 dS/m at the Ap

horizon (0-20 cm). Climate in the area is semiarid according to the UNESCO

aridity index [UNESCO, 1979], with heavy winter rains and summer drought

conditions. For the period 2005 to 2009, the average annual precipitation was

470 mm, average annual temperature was 13oC, and average annual potential

evapotranspiration (FAO-Penman) was 1132 mm.

In this study we selected four columns collected between rows of the vine-

yard that was established in 1996 with Vitis vinifera L. 'Tempranillo', grafted

on 110-R rootstock. Two types of soil cover management in between rows

were undertaken: CTM between rows, which consisted of soil tillage at 15 cm

depth by cultivator once every 4 to 6 wk as required for weed control during

the grapevine growth cycle, and PCC of resident vegetation, which was domi-

nated by annual grass and forbs common to La Rioja vineyards (see Peregrina

et al. [2010] for more details). Columns were extracted vertically by percussion

drilling between rows, within PVC cylinders of 7.5 cm interior diameter and

30 cm height from the upmost part of soil pro�le.

5.3.2 Soil Tomography: Image Acquisition, Filtering, and

Thresholding

Soil columns were scanned with a PerkinElmer amorphous silicon (a-Si) de-

tector with 2048 by 2048 pixels and a Feinfocus FXE 225.51 microfocus beam
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source tube. It was operated at 190 kV (53 µA) acceleration voltage and 20

W target power, and the tube had a tungsten target installed. In addition, a

collimator to reduce stray radiation and a 200 µm steel �lter in front of the

target was used. Only the upper half of the column was scanned, and the

region between 8 and 15 cm was selected to have a resolution of 50 µm. In this

way soil macropore structure important for intense renewal of air and serving

to transport and distribute water in soil [Brewer, 1964] was imaged.

Raw data from tomography correspond to a stack of 1706 two-dimensional

16-bit grayscale images with a pixel size of 50 µm. These horizontal sections

are disks of 7.5 cm diameter, 50-µm apart from one another. Thus the three-

dimensional image is made up of voxels of 50 µm. They can be pictured

as being situated at the center of each pixel. Light values of the grayscale

designate voxels corresponding to low densities of the soil column, whereas

high values indicate voxels of high density parts of the column. The original

two-dimensional projections were �ltered by a 3 by 3 median �lter before recon-

struction to reduce random noise from the detector. It is a nonlinear smoothing

method to reduce isolated noise without blurring sharp edges [Wang and Lai,

2009]. This kind of noise contains random occurrences of white pixels (see Fig.

5.2a). When performing a 3 by 3 median �lter, a square neighborhood window

of 3 by 3 pixels is chosen. This window is centered at each pixel of the image.

Let us call this pixel the reference pixel. Then, the median of the grayscale

values of the pixels of the window is evaluated. And the original value of the

grayscale of the reference pixel is replaced by the median value. This operation

is repeated for each pixel of the image.

The segmentation process provides a way to separate the object of interest
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Figure 5.2: Illustration of image enhancement and binarization of sample

PCC1: (a) a horizontal section of 960 by 960 pixels of the original grayscale

image and its histogram in the inset (the histogram is also displayed with

the logarithmic scale in the vertical axes to visualize the two maxima); (b)

enhancement of that section with a 3 by 3 median �lter and its histogram in

the inset (it is also represented with a logarithmic scale in the vertical axes,

and it is worth noting that the two maxima are more marked here than in

the original grayscale image); and (c) binarized image of the previous section

where black corresponds to voids.
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from the background, in this case the pore space from the soil matrix. This

process produces binary images when a threshold is selected and every voxel

with a grayscale value lower than the selected threshold is considered as part

of the pore space and set to 1 (black), while every voxel with a grayscale value

higher than the selected threshold is considered as part of the soil matrix and

set to 0 (white). We selected a global method [Iassonov et al., 2009] because

we focused primarily on the analysis of geometrical features' evolutions as

threshold varies. The modes method of thresholding was chosen to generate

binary images [Sonka et al., 1998]. In this procedure the histogram is iteratively

smoothed until there are only two local maxima. Then, the threshold is chosen

at the midpoint between these local maxima. Figure 5.2 illustrates image en-

hancement and binarization, and Fig. 5.3 shows the view of three-dimensional

reconstruction of pore space in a binary image. Plots of histograms with log-

arithmic scale on the vertical axis are displayed (Fig. 5.2a and 5.2b, inset)

to show the two maxima. Notice the di�erent pore structures that display a

typical sample from soil under cover crop of resident vegetation (Fig. 5.3a)

and from soil under conventional tillage (Fig. 5.3b). The homogeneity of the

pore space produced by tillage is obvious (Fig. 5.3b) as compared to the much

more heterogeneous result of the resident vegetation crop (Fig. 5.3a).

5.3.3 Morphological Transformations and Measurements

of Soil Pore Space

As mentioned above, two di�erent approaches were used to explore soil macro-

porosity of the scanned columns. First, we used the full range of raw data to

explore the complexity of pore structure at di�erent threshold scales [Mecke,
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Figure 5.3: View of three-dimensional reconstruction of pore space (black) of

a binary image in a box that is 8.5 cm high (z axis) and 1.7 cm long (x axis)

and wide (y axis): (a) sample PCC1 from natural vegetation cover and (b)

sample CTM2 from tillage soil.
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1996; Roth et al., 2005]. We investigated how Minkowski functionals evolve

when the threshold varies [Mecke, 1998; Michielsen and De Raedt, 2001]. Sec-

ond, we considered binary images segmented with the modes method proce-

dure. In these images, the pore space was the object of interest, while soil

matrix was the background. To study pore structure, we investigated the evo-

lution of Minkowski functionals as successive erosions and dilations when balls

of increasing radius are performed on the binary images [Arns et al., 2002;

Vogel et al., 2005].

We followed the procedure developed by Mecke [1996] and the code pub-

lished by Michielsen and De Raedt [2001] to compute Minkowski functionals.

For sake of clarity, we illustrate this procedure in two-dimensional images made

up of pixels that geometrically are squares. The object of interest K is a �-

nite union of squares (compact and convex object). Each square is considered

to be decomposed into the four points of its four vertices, the four open seg-

ments of its four edges, and the rest of the square, that is, the interior of the

square. The square of each pixel is the union of nine disjoint sets: four points,

four open segments and the interior of the square. As a consequence, we only

needed to know the Minkowski functional of these three types of sets (a point,

an open segment, and an open square) and then used C-additivity extended

to the union of an arbitrary amount of sets. If ns is the number of squares of

the object, ne the number of edges, and nv the number of vertices of the pixels

of the object of interest counted once, it is easy to verify that [Michielsen and

De Raedt, 2001]

A(K) = ns
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L(K) = −4ns + 2ne

χ(K) = ns − ne + nv

For three-dimensional objects, a similar argument shows that [Michielsen

and De Raedt, 2001]

V (K) = nc

S(K) = −6nc + 2nf

π−1M(K) = 3nc − 2nf + ne

χ(K) = −nc + nf − ne + nv

In this expression nc is the number of cubes and nf is the number of faces

of the voxels of the object K, counted once.

5.4 Results and Discussion

Minkowski functionals were evaluated on �ve cubes per column. The edge

length of these cubes was 340 voxels. We generated a series of 60 three-

dimensional binary images from each cube ci (i = 1 . . . 5) by choosing 30

equidistant di�erent thresholds ρ between zero and the maximum value of the

grayscale on cube ci , and another 30 were obtained by rescaling those 30

thresholds �rst selected by a factor of 1/2.5 to re�ne the data set. As a result

we had a series of pore spaces (black phase) Pρ for each threshold ρ, and the

morphological functions built over the Minkowski functionals averaged over

the volume of cube ci

V (Pρ)/V (ci)
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S(Pρ)/V (ci)

M(Pρ)/V (ci)

χ(Pρ)/V (ci)

The �rst density corresponded to the image porosity (i.e., the volume frac-

tion of black voxels) of cube ci for the threshold ρ, φ(ρ) = V (Pρ)/V (ci) (Fig.

5.4). As variables φ and ρ are interchangeable because φ(ρ) is an increasing

function of ρ, it is possible to build the inverse function ρ(φ). Let us recall

that φ(ρ) it is not the soil porosity of the cube but the volume fraction of

voxels with greyscale level smaller than ρ, that is, it is the porosity of the

cube if it were segmented chosen ρ as threshold. As the di�erent images have

very di�erent mean gray values, it was much more convenient to relate the

results to porosity. Moreover, the range of the threshold varied from sample to

sample, while the porosity varied from zero (when the threshold was zero) to

one when the threshold attained the maximum possible value of the grayscale.

As a consequence, this new parameter helped the comparison of geometrical

features' evolutions between di�erent samples. Then, we had the morphologi-

cal functions built over Minkowski functionals as densities when the threshold

varied as function of porosity (Fig. 5.5)

S̄ρ(φ) = S
[
Pρ(φ)

]
/V (ci)

M̄ρ(φ) = M
[
Pρ(φ)

]
/V (ci)

χ̄ρ(φ) = χ
[
Pρ(φ)

]
/V (ci)

This was the evolution of speci�c area, speci�c mean curvature, and speci�c

connectivity of pore space P of cube ci when threshold varied as a function of

volume fraction or image porosity.
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Figure 5.4: Image porosity as a function of threshold.

The binary image of each column segmented by the method of modes was

analyzed, and the pore space P in cube ci was eroded and dilated to yield the

parallel body Pr, the object of interest. Let us recall that Pr is the dilation

by balls of radius r of the pore space P when r is positive; alternatively,

when r is negative, Pr is the erosion by balls of radius r of the pore space

P . Parameter r took 19 di�erent values for erosions and 19 for dilation, as

well. The value of r started at 0 and was incremented in steps of the voxel

size (i.e., 50 microns). We chose the number of dilations and erosions to

keep the execution time of the code manageable to perform morphological

transformations and to evaluate Minkowski functionals on a Linux system with

an Intel Core TM i3 microprocessor.

As before, we considered densities and we used image porosity (i.e., volume

fraction) to parameterize them. In this case we had φ(r) = V (Pr)/V (ci) (Fig.

5.6), which is an increasing function of r, and we built the inverse function

r(φ). Let us recall again that φ(r) is not the soil porosity of the sample but
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Figure 5.5: Morphological functions built over Minkowski functionals for evo-

lution of geometrical features when threshold varies as functions of image

porosity.
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Figure 5.6: Image porosity as function of dilation and erosion. The inset

shows the graph of this function for negative values, that is, erosions.

the volume fraction of voxels of the eroded and dilated pore space Pr of the

cube ci. Then, we obtained Minkowski densities as function of porosity for

each cube ci (Fig. 5.7)

S̄r(φ) = S
[
Pr(φ)

]
/V (ci)

M̄r(φ) = M
[
Pr(φ)

]
/V (ci)

χ̄r(φ) = χ
[
Pr(φ)

]
/V (ci)

These morphological functions accounted for the evolutions of the speci�c

area, speci�c mean curvature, and speci�c connectivity of pore space P of cube

ci . In this way we investigated the change of these geometrical features when

the radius of dilation and erosion varied as a function of volume fraction or

image porosity.

To estimate these morphological functions, the edge e�ect problem [Serra,
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Figure 5.7: Morphological functions built over Minkowski functionals for the

evolution of geometrical features as a function of erosion and dilations as func-

tions of image porosity.
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1982] should be taken into account. The pore space P is observed through cube

ci that plays the role of a sampling window, and morphological transformations

can only be performed inside this cube. As a consequence, any dilation and

erosion will be a�ected by the proximity to the faces of the cube. Therefore,

only the information a certain distance apart from the faces of the cube will

be reliable when these transformations are performed. To avoid this problem,

measurements of volume, surface, mean curvature, and connectivity should be

modi�ed. When dilation and erosion with a ball of radius r is performed, the

Minkowski functionals should be estimated over a reduced cube obtained by

shrinking the edges of the cube ci by r pixels on both ends of the edges [Ohser

and Mucklich, 2000].

In general the evolution of image porosity with threshold (Fig. 5.4) showed

a steep pattern so that parts with low densities accumulated a great amount

of volume in each sample. This behavior seemed more noticeable for samples

from resident vegetation cover (PCC1 and 2) and produced longer left tails

on samples from tillage soil (CTM1 and 2). This seemed to suggest that the

samples with resident vegetation cover stored a larger amount of low density

materials as voids or organic matter. These �ndings were in accordance with

the increase of particulate organic C under resident vegetation cover at 5 to

15 cm soil depth in this experimental �eld [Peregrina et al., 2010].

The evolution of speci�c surface, mean curvature, and connectivity with

threshold (Fig. 5.5) displayed a similar behavior as observed by Mecke [1996];

Roth et al. [2005]. In these works only two-dimensional structures were con-

sidered, and the comparison should be limited. But it is worth noting the

similarity of the evolution of the second functional (length in two dimensions
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and surface in three dimensions) and connectivity in both cases. In our case the

evolution of these geometrical measurements (see Fig. 5.5a and 5.5c) displayed

quite similar patterns for the soil samples investigated here. The variability

of the �ve cubes values (as shown by standard deviation bars) limited the

statistical signi�cance of the di�erences observed at this stage of the investi-

gation. Speci�c surfaces (Fig. 5.5a) increased with porosity until it reached

approximately 50% and then diminished having a parabola-like shape: small

"grains" of voids grew, producing the growth of the boundary surface until

they overlapped and began to connect to one another, thereby reducing the

boundary surface. The evolution of speci�c mean curvatures (Fig. 5.5b) fol-

lowed a sinusoidal curve that attained its maximum around 25% of porosity

to go down to zero at about 50% porosity, and then it reached its minimum at

approximately 75% porosity. At low threshold levels, image porosity was made

of convex "grains" (i.e., they had positive mean curvature), but when they ex-

panded as the threshold increased, these "grains" began to touch one another,

producing concave parts or hollows and tunnels of soil materials through the

pore space. These tunnels �rst compensated the convex parts as the speci�c

mean curvature attained zero; afterward, curvature reached the minimum at a

negative value, and then the complexity of the structure began to diminish and

�ll the entire cube. Speci�c Euler numbers (Fig. 5.5c) had a basin pro�le-like

shape. As a reminder, the Euler number is evaluated as the number of con-

nected components of the object of interest minus its tunnels plus its cavities.

As we are dealing with images of a natural soil, we may assume that there are

no soil materials completely surrounded by voids, and as a consequence, the

Euler number corresponds to the number of connected components of the pores
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space minus the number of tunnels through the pore space at each grayscale

level. Taking into account the evolution of curvature and connectivity simulta-

neously, Fig. 5.5b and 5.5c suggest that negative values of the mean curvature

should be related to the appearance of soil materials tunnels (actually bridges)

through soil voids as the threshold increases.

The evolution of image porosity with dilation and erosion is depicted in

Fig. 5.6. Samples with resident vegetation cover stored a greater amount of

volume fraction at any diameter of the balls used to erode (negative values

of the diameter) and dilate (positives values of the diameter) the pore space.

This was consistent with the evolution of image porosity with threshold. Let

us note that the diameters considered in the erosions and dilations did not

allow attaining a porosity one in all samples. Binary images obtained when

the threshold were selected with the method of modes conferred more porosity

to samples with resident vegetation cover. This was consistent with results

reported by Peregrina et al. [2010] as noted before: these samples had more

porosity and organic matter than samples from tillage. It could be the e�ect of

soil quality improvement by the use of permanent covers crops in the vineyard.

Peregrina et al. [2010] observed also the formation of newly stable aggregates

under resident vegetation cover that should be connected with the porosity

increase as compared with soil under conventional tillage.

Figure 5.7 displays the evolution of geometric measurements with erosion

and dilation diameter variation as a function of porosity with logarithmic scale.

The evolution of Minkowski functional as shown in Fig. 5.7 kept a certain

similarity with the evolution of Minkowski features with threshold that was

more apparent with natural scale (not shown) than with logarithmic scale. The
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logarithmic scale was chosen to enhance di�erences between pore structures

of the two types of considered samples. Di�erences between samples with

resident vegetation cover and samples with tillage were noticeable even if in

most cases they were not statistically signi�cant. They suggested that resident

vegetation cover tends to generate a pore space with more speci�c surface

(Fig. 5.7a). Speci�c mean curvature evolution (Fig. 5.7b) seemed to indicate

that at low porosities (around 10%) resident vegetation cover produced mostly

convex pores as compared with samples from tillage soil, but at high porosity

they displayed a more complex structure as it showed the lower negatives

values of curvature as compared to tillage soil. Sample CTM2 had a di�erent

behavior for porosities lower than 10% that we will examine below. Finally,

speci�c connectivity evolution (Fig. 5.7c) also displayed more variation when

samples were collected on soil with resident vegetation cover. It suggested a

richer structure of pore space generated by resident vegetation cover where a

great amount of disconnected voids appeared at low porosities and a highly

connected pore space with a high density of soil materials tunneled through it

at high porosities.

Let us examine here the distinct behavior of sample CTM2. This was the

sample with the lowest porosity when the pore space was eroded (Fig. 5.6

inset). Nevertheless, at low porosity CTM2 had a greater amount of speci�c

surface (Fig. 5.7a), speci�c mean curvature (Fig. 5.7b), and speci�c con-

nectivity as compared with the other samples. If the CTM2 speci�c surface

was larger than in the other samples, then CTM2 porosity should have dis-

played an intricate boundary or should have been made of small "grains". The

high positive values of the speci�c connectivity (Fig. 5.7c) for low porosities
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suggested that the CTM2 pore structure contained a great amount of small

features as the number of small voids (i.e., connected components) surpasses

the number of soil materials that tunneled through them; therefore, high val-

ues of the speci�c mean curvature from these small features of the CTM2 pore

space should be explained by the regularity of the surface that enclosed them.

Let us recall that convex objects have positive mean curvature. It will be neg-

ative when concave parts dominate over convex ones on the boundary surface

of a three-dimensional object. Sample CTM1 followed the same trend at the

lowest porosity, but in this case it was less pronounced. Therefore, at low

porosities smaller than 10%, samples from tillage displayed a great amount of

small and regular features as compared with samples from resident vegetation

cover. When the volume fraction or porosity went beyond 10%, resident veg-

etation cover displayed a distinct pattern characterized by a highly connected

structure as a consequence of the high values of speci�c surface, mean cur-

vature close to zero, and negative low values of speci�c connectivity. These

results suggest that evolution of morphological features with dilation and ero-

sion is more informative as an indicator of structure than moving threshold for

cultivated soil in a Mediterranean vineyard.

It is worth noting that the evolution of these geometric features was simi-

lar to that in synthetic models built with Poisson distributed objects as cubes

or overlapping oblate and prolate spheroids [Arns et al., 2004]. Arns et al.

[2004] made use of morphological functions based on dilation and erosion to

test the accuracy of these Poisson random models to replicate the morphol-

ogy of Fontainebleau sandstone. They found that these models could mimic

experimental data, but none stood out as being "brilliant". In that respect,
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it is interesting to note here that Lehmann [2005]; Schluter and Vogel [2011]

performed a more broad investigation of geometrical features of porous media

and its impact on transport and �ow phenomena, and they arrived at the same

conclusion: measurements other than ones based on Minkowski functionals are

needed to understand the e�ect of pore space geometry on �ow and transport

phenomena. Lehmann [2005]; Schluter and Vogel [2011] suggested that chord

length distribution should be the candidate for additional measurements as it

accounts for correlations over larger distances.

5.5 Conclusions

We introduced the following elements of mathematical morphology: the mor-

phological transformations of erosion and dilation and two morphological func-

tions built over Minkowski functionals. We have shown how to apply them to

the morphological characterization of the pore space from natural soils through

the basic geometrical features that Minkowski functionals represent. We ob-

served that morphological functions of the threshold display features similar

to those observed in previous work of Mecke [1996]; Roth et al. [2005]. Mor-

phological functions of dilation and erosion seem to discriminate between two

a pore structures in a Mediterranean vineyard soil where two di�erent soil

management were applied: CTM and PCC of resident vegetation.

Further investigations are needed to encompass a wider range of soil man-

agement for understanding the role of morphological parameters in discrimi-

nation of a priori di�erent natural soil structures and for determining accurate

models to mimic pore structure of natural soils.

97



98



6 SOIL AGGREGATE GEOMETRY: MEASURE-

MENTS AND MORPHOLOGY1

Abstract

Aggregates provide physical microenvironments for microorganisms, the vital

actors of soil systems, and thus play a major role as both, an arena and a

product of soil carbon stabilization and dynamics. The surface of an aggre-

gate is what enables exchange of the materials and air and water �uxes be-

tween aggregate exterior and interior regions. We made use of 3D images from

X-ray CT of aggregates and mathematical morphology to provide an exhaus-

tive quantitative description of soil aggregate morphology that includes both

intra-aggregate pore space structure and aggregate surface features. First, the

evolution of Minkowski functionals (i.e. volume, boundary surface, curvature

and connectivity) for successive dilations of the solid part of aggregates was

investigated to quantify its 3D geometrical features. Second, the inner pore

space was considered as the object of interest. We devised procedures (a) to

de�ne the ends of the accessible pores that are connected to the aggregate

1F. San José Martínez, F. J. Muñoz - Ortega, F. J. Caniego Monreal, A. N. Kravchenko,

W. Wang. 2015. Soil Aggregate Geometry: Measurements and Morphology. Geoderma.

237-238, 36-48.
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surface and (b) to separate accessible and inaccessible porosity. Geometrical

Minkowski functionals of the intra-aggregate pore space provide the exhaustive

characterization of the inner structure of the aggregates. Aggregates collected

from two di�erent soil treatments were analyzed to explore the utility of these

morphological tools in capturing the impact on their morphology of two dif-

ferent soil managements, i.e. conventional tillage management, and native

succession vegetation treatment. The quantitative tools of mathematical mor-

phology distinguished di�erences in patterns of aggregate structure associated

to the di�erent soil managements.

6.1 Introduction

Soil aggregates are key elements of soil structure that play a major role in

several soil processes including the accumulation and protection of soil organic

matter, the optimization of soil water and air regimes, and the storage and

availability of plant nutrients [von Lutzow et al., 2006]. Intra-aggregate prop-

erties strongly a�ect all these functions. It has been shown that gradients

of a number of soil characteristics exist inside soil aggregates. Among them

are gradients in oxygen concentrations of the soil air [Sexstone et al., 1985],

gradients in concentrations of a variety of elements, including Ca, Mg, K, Na,

Mn, K, Al, and Fe [Jasinska et al., 2006; Santos et al., 1997], and gradients

in organic matter compositions [Ellerbrock and Gerke, 2004; Urbanek et al.,

2007]. These di�erences in intra-aggregate characteristics in turn in�uence ac-

tivities and compositions of soil microbial communities [Blackwood et al., 2006;

Jasinska et al., 2006]. Aggregates are of particular importance for processes of

soil carbon sequestration [Chenu and Plante, 2006; Six et al., 2000a]. It has
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been shown that intra-aggregate characteristics, such as size-distributions of

intra-aggregate pores, can be directly related to the amount of C stored inside

the aggregate [Ananyeva et al., 2013].

The in�uence of long-term management di�erences manifests itself not only

on the overall soil aggregation but also on the intra-aggregate characteristics.

The use of advanced X-ray 3D imaging techniques has greatly increased our

ability to explore intra-aggregate features in intact aggregates and resulted in

a large number of studies that demonstrated that tillage, land use and fertil-

ization regime can have a major e�ect on intra-aggregate pore characteristics

[Kravchenko et al., 2011; Peth et al., 2008; Wang et al., 2012; Zhou et al., 2013;

Zucca et al., 2013].

In particular, it is known that converting the land that has been long

under intensive agricultural management back to its natural vegetation will

often result in a number of changes in soil characteristics, including increase

in soil organic matter and increase in numbers and stabilities of soil macro-

aggregates, e.g., De Gryze et al. [2004]; Grandy and Robertson [2007]. These

changes result from combined in�uences of a removal of soil disturbance by

tillage and of an increase in diversity and duration of the plant biomass inputs

to soil. We have observed marked e�ects on intra-aggregate characteristics

of macro-aggregates in the soil that was abandoned from agriculture and was

under native vegetation succession for the past 18 years. Such aggregates had

greater heterogeneity in intra-aggregate pore distributions as compared with

the aggregates from conventional agriculture [Kravchenko et al., 2011].

Another characteristic of the soil macro-aggregates that can have a substan-

tial e�ect on their functioning is the properties of the aggregate surfaces. The
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surface of an aggregate enables exchange of the materials and air and water

�uxes between the interior and exterior layers of aggregates. Its characteris-

tics along with numbers and properties of soil pore opening at the aggregate

surfaces in�uence the accessibility of aggregate interiors to microbes, and thus

can in�uence the ability of aggregates to protect soil carbon. It is likely that

long-term di�erences in land use and management can a�ect the characteris-

tics of the aggregate surfaces, however, to our best knowledge there have been

no studies that speci�cally addressed this question.

A number of studies have been conducted to explore aggregate structure

and investigate soil functioning. Image analysis and conventional mathemati-

cal measurements were used to quantify that structure. Whalley et al. [2005]

studied the structural di�erences of adjacent soil to roots and bulk soil with

image analysis of thin sections of aggregates. De Gryze et al. [2006] evaluated

porosity and pore size distribution of the voids of aggregates as well as its

mass fractal dimension with 2D sections of CT images. They were interested

in the changes of pore structure during decomposition of fresh residue. Micro-

bial micro-habit structure was investigated by Nunan et al. [2006] by combin-

ing synchrotron-based CT, image analysis and geostatistics of soil aggregates.

Also fractal geometry have been use to quantify that structure. Young and

Crawford [1991] devised a simple method to estimate fractal dimension with

the mass and size of soil aggregates. Gimenez et al. [2002] studied the changes

of this fractal dimension for intact and eroded soil aggregates of cultivated

and wooded soils. Image analysis of thin section of soil aggregates was used to

estimate porosity and fractal dimension by Papadopoulos et al. [2006]. They

wanted to quantify the e�ects of contrasting crop in the development of soil
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structure. CT technology was used by Gibson et al. [2006] to compare frac-

tal analytical methods on 2D and 3D. Chung Chun et al. [2008] used image

analysis of thin section of soil aggregates to examine pore structure inside ag-

gregates with lacunarity and entropy functions. More recently, Kravchenko et

al. [2011] explored the e�ect of long-term di�erences in tillage and land use on

intra-aggregate pore heterogeneity with fractal techniques.

In this work, a quantitative description of the internal geometrical char-

acteristics as volume and connectivity of intra-aggregate pore space and of

the external features as area and shape of aggregates' surface with the uni-

�ed framework that provides mathematical morphology [Serra, 1982] through

morphological tools known as the Minkowski functionals is proposed. Math-

ematical morphology o�ers a plethora of mathematical techniques to analyze

and parameterize the geometry of di�erent features of soil structure. These

techniques belong to well established mathematical �elds as integral geometry

[Santalo, 1976], stochastic geometry [Matheron, 1975] or digital topology and

geometry [Klette and Rosenfeld, 2004]. They make available a sound mathe-

matical background that guides the process from image acquisition and anal-

ysis to the generation of synthetic models of soil structure [Arns et al., 2004]

to investigate key features of �ow and transport phenomena in soil [Lehmann,

2005; Mecke and Arns, 2005].

In the sixties, the need for analyzing spatial data from geology led to Math-

eron and his colleagues at the Paris School of Mines at Fontainebleau (France)

to the introduction and development of computer technologies and mathemat-

ical techniques that now are known as mathematical morphology [Serra, 1982].

Dullien and collaborators (see Dullien [1992] and the references therein) made
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use of these techniques to investigate the relationship between soil pore struc-

ture and �uid �ow phenomena. At that time they mostly used stereology to

gain three-dimensional information from two-dimensional images obtained by

image analysis of soil sections [Horgan, 1998; Moran et al., 1989a,b; Vogel et

al., 2005; Vogel and Kretzschmar, 1996].

X-ray computed tomography (CT) provides a direct procedure to use three-

dimensional information to quantify geometrical features of soil pore space

[Lehmann et al., 2006]. In the last few decades mathematical morphology

has been successfully used to analyze di�erent characteristics of the rich three-

dimensional geometrical information gained through X-ray CT [Banhart, 2008].

Among the tools of mathematical morphology, Minkowski functionals are par-

ticularly worthy of consideration since they provide computationally e�cient

means to measure four fundamental geometrical properties of three dimen-

sional geometrical objects such as soil aggregates. Their prominence relies

on the mathematical fact [Santalo, 1976] that any other geometrical measure-

ment that meets some self-evident and natural geometrical restrictions is a

linear combination of these Minkowski functionals. Moreover, they represent

four very familiar geometrical attributes: the volume, the boundary surface,

the mean boundary surface curvature and the connectivity of the pore space.

These functionals are powerful tools to quantitatively describe 3D geometry.

Mecke [1998]; Roth et al. [2005] made use of Minkowski functions based on

threshold variation of Minkowski functionals to characterize two-dimensional

porous structures. Also, two-dimensional porous structures were investigated

by Mecke [2002]; Vogel et al. [2005] with Minkowski functions based on di-

lations and erosions. Arns et al. [2002, 2004] considered the evolution of
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Minkowski functionals with dilations and erosions to characterize 3D images

of Fontainebleau sandstone.

This paper is organized as follows. The building blocks of mathematical

morphology are introduced in section 6.2. Firstly, we introduce the morpho-

logical operations of dilation, erosion, opening and closing. Then, we described

Minkowski functionals and the morphological functions. Technical details are

presented in section 6.6. Section 6.3 is devoted to the description of the data

set, the computation of Minkowski functionals and morphological functions,

and the partition of aggregate pore space into accessible and inaccessible poros-

ity. Technical details of that partition are given in section 6.7. Section 6.4

presents the results and discussion in the light of the main goals of this work,

which are: (i) to provide a comprehensive quantitative description of soil ag-

gregate structure through the morphological analysis of 3D CT images that

includes both, aggregate surface features and intra-aggregate pore space struc-

ture, and (ii) to explore the ability of these techniques to detect changes in

soil characteristics associated with long-term di�erences in land use and soil

management.

6.2 Theory: Morphological Analysis

Morphological analysis mimics other scienti�c procedures and in some in-

stances can be seen as a two-step process. To illustrate this point, let us

consider the procedure to determine particle size distributions by sieving. This

technique �rst generates a series of subsets of primary mineral particles corre-

sponding to each sieve size; then, these subsets are weighted. In morphological

analysis, �rst, geometrical transformations are applied to the object of interest
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in an image and then, measurements are carried out. When the granulometry

(i.e., the grain size distribution) of an image of grains of di�erent sizes shall be

determined, successive morphological operations are performed on the image.

These operations consist in the elimination of grains smaller than a certain

size with a suitable morphological transformation. Each one of these opera-

tions is followed by the measurement of the area for 2D images or the volume

for 3D images, of the grains left [Serra, 1982]. Fig. 6.1 illustrates this pro-

cedure in a CT image of packed sand particles. In the following paragraphs,

the basic morphological operations of dilation and erosion will be presented.

Other two fundamental operations are opening and closing, that are de�ned

in terms of dilations and erosions, will be introduced latter. Finally the no-

tions of Minkowski functionals and morphological functions will be described.

Additional details of these mathematical tools may be found in section 6.6.

6.2.1 Transformations: morphological operations

Grains or pore space in a 3D CT image will be idealized as 3D shapes (i.e. sets

of points, K, in a three-dimensional space). The original object of interest, K,

will be transformed by spheres of radius r centered at point x, Bx (structuring

elements) that will be called balls. The dilation by balls of radius r de�nes a

new object δrB(K). Roughly speaking it is like a layer of thickness r is added

to K. It is the union of all balls of radius r centered at points of object (Fig.

6.2). The erosion by the same type of balls produces an object εrB(K) that is

obtained as a layer of thickness r is removed fromK (Fig. 6.2). For 2D objects,

if one considers an object K as the only element of a picture surrounded by

a frame, the erosion is equivalent to the dilation of the object that remains
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Figure 6.1: Granulometric analysis of a section of a CT image of packed of

sand particles by succesive morphological operations.
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Figure 6.2: 1: Dilation of K by the structuring element rB or the r-parallel

body of K. 2: Erosion of K by the structuring element rB. 3: Opening

(upper) and closing of an object (lower) of K by the structuring element rB.

inside the frame when K is cut out from the framed picture. The object that

remains inside the frame is called the complementary of K with respect to the

framed picture and it is denoted by Kc . When K is a 3D object one will have

a framed cube instead of a framed picture and Kc will be the remaining 3D

object once K is cut out from the framed cube.

If dilation is performed after erosion the new morphological operation is

an opening. When the order is reversed the new operation is a closing. If

dilations expand the components of an image and erosion shrinks them, open-

ings generally smooth out the contour of an object, break narrow isthmuses

and eliminate thin protrusions while closings also tend to smooth out sections

of contours but, opposite to openings, they generally fuse narrow breaks and
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long thin gulfs, eliminate small holes and �ll gaps in the contour [Serra, 1982].

Opening is the morphological operation that provides the granulometry of an

image [Vogel, 2002]. A more intuitive description of these operations can be

gained through the complementary property stated above. Opening and clos-

ing are complementary operations of each other as erosions and dilations are.

Let us consider, in the plane, the structuring element rB (a disk of radius

r) as a rolling disk inside K, then the boundary of OrB(K) is determined by

the points in the disk that reach the farthest into the boundary of K as rB

is rolled around the inside of this boundary (Fig. 6.2). Closing has a similar

geometric interpretation, except that now the disk rB is rolled on the outside

of the boundary [Gonzalez and Woods, 2008] (Fig. 6.2).

One important feature of the closing operation for this investigation is the

ability to remove the porosity of objects by applying successive closings with

balls of increasing radius. In fact, in the limit, as the radius of the balls tends

to in�nity, a new one object called the convex hull is obtained [Serra, 1982].

An object K is convex when it contains any point of the segment that joints

two points in K (Fig. 6.3). The convex hull of an object K is the smallest

convex set that contains K. Then, applying a certain amount of closings with

successive balls of increasing radius, till disappearing of porosity, will provide a

new object that, in general, is smaller than the convex hull of K. The volume

of this new object can be considered as the volume of the smallest region that

containsK and is connected (i.e. any two points of the region can be connected

by a curve contained in the same region) and solid (with no porosity). Latter,

this idea will be exploited in order to provide a realistic notion of the volume

of an aggregate and that of its accessible porosity (i.e. pores connected to the
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Figure 6.3: A convex set (left) and a non-convex set (right).

exterior surface of the aggregate).

6.2.2 Measurements: Minkowski functionals

There are four Minkowski functionals in the space (see section 6.6 for a more

detailed description of Minkowski functionals), W (3)
i , i = 0, 1, 2, 3. First and

second Minkowski functionals have a simple geometrical interpretation. They

correspond to volume, V (K), and boundary surface area, S(K), respectively.

When the boundary surface of a three-dimensional object is smooth, the

third functional, the surface integral of the mean curvature, M(K), might be

an indicator of the surface boundary shape [Ohser and Mucklich, 2000]. Points

on the boundary surface of an object with positive curvatures are located on

convex parts (protrusions) while points with negative curvatures belong to

concave parts (hollows). Hence, the mean curvature of convex points will be

positive while it will be negative for concave points. Taking into account that

the surface integral of the mean curvature over a certain boundary region of
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K may be interpreted as the average of the mean curvature over this surface

region, the third functional, M(K), should be positive for convex parts of the

boundary surface while it should be negative for concave parts.

The fourth and last Minkowski functional is the Euler-Poincaré character-

istic, χ(K), of the object up to a factor; this factor is the volume of the ball

of radius one: W (3)
3 (K) = (4π/3)χ(K). When the object of interest K corre-

sponds to the pore space P , the Euler-Poincaré characteristic χ(P ) is an index

of the topology of the pore phase because it does not refer to any metrics, and

it quanti�es pore connectivity [Vogel and Kretzschmar, 1996]. In the plane,

Euler-Poincaré can be computed subtracting the number of holes of the object,

H(K), from the number of connected components, CC(K) [Mecke, 1998]:

χ(K) = CC(K)−H(K)

In this context, a connected component of an object is a connected part of

this object: a part of the object where any two points can be connected by a

curve completely contained in that part of the object (i.e. any point can be

"visited" from any other of this part without stepping outside of it). Then, a

disk has Euler-Poincaré characteristic equal to one, a punctured disk, zero, a

disk punctured twice, minus one and so on. If the object is just the union of n

separated grains on an image, Euler-Poincaré characteristic equals n. Similar

de�nitions and relations hold for 3D shapes though distinction between two

kinds of "holes" must be made. In this case, the Euler-Poincaré characteristic

can be computed as the sum of the number of connected components, CC(K),

and the number of cavities of the object, C(K), subtracted by the number of

tunnels, T (K) [Mecke, 1998]:
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χ(K) = CC(K)− T (K) + C(K)

Cavities are holes completely surrounded by the object, while tunnels are

holes through the object which connect the object with its exterior (i.e. the

exterior is the complementary of the object with respect to the binary image).

If the object is just a separate union of n grains of an image, Euler-Poincaré

characteristic equals n. Then, a solid ball has Euler-Poincaré characteristic

equal to one, a ball with a cavity on it, two, a ball with two cavities, three, and

so on. But, if the ball has a tunnel that goes through it, the Euler-Poincaré

characteristic is zero, two tunnels give a Euler-Poincaré characteristic equal

to minus one, and so on. When the object of interest K is the soil matrix,

their tunnels and cavities represent the accessible and the inaccessible soil

porosity, respectively. For an aggregate that has only one connected component

a positive Euler-Poincaré characteristic indicates preeminence, in number, of

cavities or inaccessible porosity, while a negative characteristic is related to

the preeminence in number of tunnels or accessible porosity.

Another important feature of Minkowski functionals is that they are easy

to compute [Michielsen and De Raedt, 2001]. Taking into account the C-

additivity property (see section 6.6) and the fact that digital images are sets

of cubes (or voxels), their computation reduces to the computation of the

Minkowski functionals on cubes and their intersections (vertices, edges and

faces) [Likos et al., 1995].
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6.2.3 Morphological functions: describing objects by func-

tions

Mathematical morphology o�ers a powerful description of objects in terms of

functions that synthesizes the abovementioned two step view of morphological

techniques. These functions generalize the process that provides particle size

distributions by morphological analysis of soil images [Serra, 1982; Soille, 2002;

Vogel, 2002].

Consider a 3D binary image of an object K, the object of interest. Let

δrB(K) be, as before, the dilation of K by balls of radius r. Then, consider

any Minkowski functional, say M , and the function

f(r) = M(δrB(K))

This family of functions built over the Minkowski functionals provides a

way to investigate the morphology of the pore space K as it is dilated with

balls of increasing radius r. When K is convex these functions do not carry

extra information about the object because there are Steiner formulae (see

section 6.6) for each Minkowski functional similar to the Steiner formula for

the area or the volume [Ohser and Mucklich, 2000]. But there are no similar

expressions for non-convex objects.
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6.3 Materials and Methods

6.3.1 Sampling and image acquisition

Soil aggregate samples were collected from the Long Term Ecological Re-

search Site (LTER), Kellogg Biological Station located in southwest Michi-

gan. For details on site description, experimental design and research pro-

tocols see http://lter.kbs.msu.edu [Kellogg Biological Station, 2011]. The two

LTER treatments that were sampled are (1) a conventional tillage management

(chisel-plowed) with corn-soybean-wheat rotation and conventional chemical

inputs (LTER-TM), and (2) native succession vegetation treatment, aban-

doned from agricultural management after spring plowing in 1989 (LTER-NS).

Comprehensive description of sampling procedures, aggregate characteristics,

image acquisition and pre-processing of this date set have been published else-

where [Kravchenko et al., 2011; Wang et al., 2012].

6.3.2 Image segmentation

Each 3D image consisted of 520 slices with 696 × 696 pixels per slice. The

voxel size was 14.6 µm. After pre-processing, the grayscale values in the im-

ages ranged from 0 (black) to 255 (white) corresponding to low and high X-

ray absorptions, respectively. ImageJ (http://rsb.info.nih.gov/ij/index.html),

a public domain Java image processing program inspired by NIH Image devel-

oped at the National Institutes of Health, was used to generate binary images

of soil aggregates using the modes method [Sonka et al., 1998]. In this pro-

cedure the histogram is iteratively smoothed until there are only two local
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maxima. Then, the threshold is chosen at the midpoint between these local

maxima. The segmentation process provides a way to separate the object of

interest from the background, in this case the solid material part from the pore

space of the aggregate. This process produces binary images when a threshold

is selected and any voxel with a grayscale value related with higher absorption

of X-ray than the selected threshold is considered as part of the solid material

and set to 1 (black), while any voxel with a grayscale value that correspond to

lower absorption than the selected threshold is considered as part of the pore

space of the aggregates or the background and set to 0 (white). When the

object of interest is the pore space, value 1 is associated with the voxels of the

voids of the aggregate. We selected a global method as we focused primarily

on the analysis of geometrical features [Iassonov et al., 2009].

6.3.3 Computing Minkowski functionals

Minkowski functionals were computed on digitalized binary images of soil ag-

gregates. Geometrical measurements were obtained with a computer code

program developed by Michielsen and De Raedt [2001]. For the sake of clarity,

let us illustrate the procedure in two dimensions. In 2D, images have pixels

that geometrically are squares with a characteristic length corresponding to the

pixel size. Thus, the object of interest K is the �nite union of black squares

(compact and convex object) in a binary digital image. Each square may be

considered as if it was made up of the four points of their four vertices, the

four open segments of their four edges and the open square (i.e. the interior

of the square). Therefore, the square of each pixel is the union of nine disjoint

sets: four points, four open segments and the interior of the square. As a con-
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sequence, only the Minkowski functionals of three di�erent types of sets (i.e. a

point, an open segment and an open square) are needed and then C-additivity

(see section 6.6) extended to the union of an arbitrary amount of sets can be

used to compute the Minkowski functionals of the object of interest. If ns is

the number of open squares of the object, ne the number of open edges and

nv the number of vertices of the pixels of the object of interest counted once,

it is easy to verify that [Michielsen and De Raedt, 2001]

A(K) = ns

L(K) = −4ns + 2ne

χ(K) = ns − ne + nv

A similar argument shows that [Michielsen and De Raedt, 2001] for 3D

objects

V (K) = nc

S(K) = −6nc + 2nf

π−1M(K) = 3nc − 2nf + ne

χ(K) = −nc + nf − ne + nv

In this expression nc is the number of (open) cubes and nf is the number

of faces (open squares) of the voxels of the object K counted once. As stated

before, the Euler-Poincaré characteristic describes the connectivity of the ob-

ject. In order to council this global topological point of view with the local

computational procedure in terms of numbers of cubes, faces, edges and ver-

tices, just mentioned above, it is necessary to de�ne when two pixels and when
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two voxels are connected [Michielsen and De Raedt, 2001]. In the plane two

black pixels will be connected when they have an edge or a vertex in common.

In the three-dimensional space two black voxels are connected when they have

a face, an edge or a vertex in common.

6.3.4 Morphological functions with dilations

In our case, the set of voxels K, that represents the object of interest, corre-

sponds to the solid part of one particular aggregate. This mathematical object

will be dilated with balls of radius r. A series of objects δrB(K) will be ob-

tained and the Minkowski functionals of the dilated objects δrB(K) will be

evaluated. These operations will provide four functions that assign a number

to each chosen value of the radius r of the ball Br that dilates the object K;

they are φi(r) = Fi(δrB(K)). Here Fi stands for volume when i = 0, boundary

surface when i = 1, mean curvature for i = 2 and Euler-Poincaré characteristic

when i = 3. These functions will display the evolution of these geometrical

quantities when the radius of the ball that dilates the aggregate changes.

6.3.5 Partition of pore volume into accessible and inac-

cessible porosity

In order to have a more detailed information of aggregate porosity it is imper-

ative to know what is the amount of pore space volume that goes to tunnels,

that is, pores connected to exterior surface of the aggregate or what will be re-

ferred to as accessible porosity; and what is the amount of pore space volume

that goes to cavities, that is, pores not connected to exterior surface of the

aggregate or what will be considered as inaccessible porosity. It is important
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to answer the following question, how pore volume splits between accessible

porosity and inaccessible porosity? This question leads us to the problem of

the de�nition of the volume of a tunnel based on sound geometrical principles.

Where are the ends of a tunnel? However, this is not an easy question to

answer. Let us consider, for instance, a tunnel with trumpet-like ends. Then,

a procedure to determine ends of tunnels is needed, but also a mean to distin-

guish tunnels from cavities in order to estimate the amount of the volume of

accessible and inaccessible porosity of an aggregate and quantify the geometry

of aggregate porosity.

So as to separate aggregate porosity between inaccessible and accessible

porosity, di�erent "parts" of the aggregate image should be identi�ed. In loose

terms, the image is made up of two "parts", the solid part of the aggregate, this

is the object of interest (K), and the background, the rest of the image (Kc).

While the object of interest cannot be decomposed into pieces, in this case, the

background is made up of several parts. Any two points or voxels of K can be

joined by a path of voxels that belongs to the solid part of the aggregate,

K. So, as indicated before, K has only one connected component. But,

the background, Kc , has several connected components. Each cavity of the

inaccessible porosity is a connected component and the rest of the background

forms another connected component. The later connected component is the

set of voxels of the accessible porosity of the aggregate and its "exterior". It

is clear that any two voxels of this set of voxels may be joined by a path of

voxels that belongs to the same set.

In the continuum model, where objects are sets of points of the three-

dimensional space, the notion of path or curve does not need any further
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explanation. In the discrete model, where objects are made up of voxels, the

notion of path is related to the notion of what may be considered as a neighbor

voxel to a given one or, equivalently, what should be understood by adjacent

voxels. A path of voxels is made up of neighbor voxels. Consistency problems

force to de�ne di�erent adjacencies for the object of an image and for its

background [Kong and Rosenfeld, 1989]. As it was stated before, when voxels

belong to the object of interest, two voxels are neighbor when they share a

face or an edge or a vertex [Michielsen and De Raedt, 2001]. Then a voxel of

the object of interest has twenty six neighboring voxels. When voxels belong

to the background, they have six neighbors, any of the six voxels that share a

face with it.

Our procedure to split aggregate porosity goes as follows. The connected

components of the image are labeled [Rosenfeld and Pfaltz, 1966] and the

inaccessible porosity is considered as part of the solid part of the aggregate.

This is done by turning into back voxels the voxels of the inaccessible. Hence,

from the original object K a new object KT , whose voxels are the solid part of

the aggregates plus the voxels of the cavities, is generated. This new object has

no inaccessible porosity, and it has only the accessible porosity. Next, these

tunnels and their ends should be identi�ed. As pointed out before, this is not

an obvious task. We have devised a procedure based on sound morphological

principals for this purpose. But, let us �rst explore some simple examples in

the plane in order to illustrate our procedure. Let us consider a square with one

tunnel in it with trumpet-like ends (Fig. 6.4A). One way to go is considering

the convex hull (Fig. 6.4B) of the object. In this case the convex hull is a solid

square. Then, the accessible porosity is obtained by subtracting the original
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object from the convex hull (Fig. 6.4C). As stated above, the convex hull is

obtained as the limit set of the process that consists in applying successive

morphological closings to the object K. In this way, a series of objects is

obtained. The limit of this series is the convex hull [Serra, 1982]. A more

realistic procedure from a conceptual and computational point of view would

be to stop the process when it provides an object with no accessible porosity

in it (Fig. 6.4D), an object which is "solid" and then, it has Euler number

equal to one. This method has the advantage of producing an object which

volume could be seeing as the volume of the aggregate: it is the minimum

object that contains the aggregate and its porosity and, therefore, it is "solid"

and it has only one connected component. Also, this procedure provides a

more convenient object that can be called a tunnel (Fig. 6.4E).

Eventually, the original object has small cracks or hollows that will be

smoothed out by the morphological closings. Then, subtracting the original

object from the convex hull will yield not only tunnels but also cracks. As a

consequence, cracks should be removed after subtraction to stay only with the

tunnels. In order to do so, tunnels and cracks will be labeled and added to the

original object one at a time. When the new object, which is made up of the

original object K and one of the cracks or one of the tunnels, has the same

Euler number with the original one, the set added will be a crack and it will

be a tunnel when the Euler number varies (Fig. 6.5). Technical details of the

procedure outlined above are left to section 6.7.
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Figure 6.4: Geometrical de�nition of tunnels in the plane: (left) square with

a tunnel in it, (upper center) the convex hull of the square with a tunnel in

it, (lower center) morphological closure, (upper right) tunnel from the convex

hull, and (lower right) tunnel from the morphological closure.
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Figure 6.5: Distinguishing between tunnels and cracks in the plane: (A) an

object with one tunnel and one crack, (B) morphological closure, (C) tunnel

plus crack, (D) tunnel, (F) crack, (E) the original object plus the tunnel, and

(C) the original object plus the crack.
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6.4 Results and Discussion

6.4.1 Analyzing aggregate geometry with morphological

functions

Fig. 6.6A and B display the evolution of the volume of the solid part of the

aggregates as a function of the diameter of the dilation. As stated above,

dilations produce an increase of the volume and this e�ect is more pronounced

when there are tunnels and cavities because dilations reduce them. Dilations

turn some voxels with value 0 into voxels with value 1. Roughly speaking, they

turn some voxels of the pore space and the exterior of the aggregate into voxels

of its solid part. Hence, this morphological operation expands the solid part of

the aggregate. Similar relationships between the aggregate volume and dilation

radius have been reported by Wang et al. [2012]. Fig. 6.6A indicates that the

solid parts of NS aggregates are larger than TM aggregates as values of this

function at 0 (i.e. when dilation is performed) are higher for NS aggregates

than for TM aggregates. As we will see later, this di�erence is statistically

signi�cant. Fig. 6.6B shows the evolution of the ratio of the volume of the

material of the aggregate to its initial value at 0. It suggests that these relative

numbers increase faster for TM aggregates as radius increases. Moreover, the

change of the trend for balls of radius three that can be observed in Fig. 6.6B

suggests that most of the porosity should go to a characteristic size of three

or less units. Fig. 6.6A and B shows that more porosity with a characteristic

size of three or less units has disappeared as compared with the porosity that

disappeared with dilations of characteristic size greater than three units. As

this change of trend is more pronounced for TM aggregates than for NS ones,
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it seems to suggest that TM aggregates should have more voids smaller than

this characteristic size as compared with NS aggregates.

Fig. 6.6C and D displays the evolution of the boundary surface of the

aggregate solid part. Loss of aggregate porosity due to dilations decreases soil

aggregate boundary surface. As can be seen from the values of this function

when r is zero (Fig. 6.6C), in general, TM aggregates have greater surface area

than NS aggregates. The small values of the boundary surface of some TM

aggregates should be related to a smoother boundary surface. The decrease

of surface is very pronounced till size three, and this decrease is steeper for

TM aggregates, also in relative terms (Fig. 6.6D). This is consistent with the

observation relative to volume (Fig. 6.6A and B). The loss of porosity produces

an increase in volume and a decrease in surface. In relative terms (see Fig. 6.6B

and D) as the diameter of dilation grows, TM aggregates get more volume and

less surface than NS aggregates. If we assume that the growth of volume and

the loss of boundary surface are produced by the reduction of the pore volume,

then, the previous observation suggests that TM aggregates should have more

porosity (relative volume of tunnels and cavities) than NS aggregates. This

observation is consistent with our �ndings shown below on the aggregate pore

space.

The evolution of surface integral of mean curvature and relative surface

integral of mean curvature of aggregates are shown in Fig. 6.6E and F; for

brevity we will refer to these two terms as curvature and relative curvature, re-

spectively. The surface boundary of the solid part of aggregates can be thought

as made up of two parts; one part is the exterior surface of the aggregate (i.e.

the interface with other aggregates and with inter-aggregate porosity) and, the
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Figure 6.6: Evolution of Minkowski functionals for TM and NS aggregates

as the radius of the ball used for the dilation grows: (A) volume, (B) relative

volume, (C) boundary surface, (D) relative boundary surface, (E) mean cur-

vatures, (F) relative mean curvatures, (G) Euler-Poincaré characteristic and

(H) relative Euler-Poincaré characteristic.
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other part is the interior part (i.e. the interface of the solid materials and the

pore space of the aggregate). Roughly speaking, while the exterior part of the

boundary of aggregates is convex and should provide positive curvature, the

interior is generally concave and should have negative curvature. Therefore,

negative values of the curvature of Fig. 6.6F suggest that most of the total

aggregate surface should go to material/void interface. As the diameter of the

ball of the dilation grows, cavities and tunnels are thinned or deleted and the

boundaries are smoothed out so that the curvature grows and, in this case,

approaches zero. This phenomenon is more accelerated in absolute and rela-

tive terms for TM aggregates as shown in Fig. 6.6E and F. These �ndings are

consistent with our previous comments on the aggregate volumes and surfaces

(Fig. 6.6A, B, C and D).

As the solid part of an aggregate K has only one connected component,

i.e. CC(K) = 1, the Euler-Poincaré characteristic can be equated to number

of cavities, C(K), minus the number of tunnels, T (K), plus one

χ(K) = 1 + C(K)− T (K)

Let us note here that as a consequence of this expression, Euler number

expresses not only the connectivity of the aggregate but also its porosity in

terms of number of tunnels and cavities. Fig. 6.6G and H shows the change of

Euler number (Fig. 6.6G) and the change of the relative Euler number (Fig.

6.6H) with the diameter of dilation. All aggregates have positive Euler num-

bers. This indicates that all aggregates have a bigger amount of cavities than

of tunnels. In general, the Euler number is greater for TM aggregates than for

NS aggregates. This suggests that the di�erence between the number of cavi-
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ties and the number of tunnels is more pronounced in TM aggregates than in

NS aggregates. Let us remark that the increase in the Euler number with the

diameter of the dilations, that erases cavities and tunnels, could be produced

by a higher rate of decrease of the number of tunnels as compared with rate

of decrease of the number of cavities. Eventually, dilations will produce new

cavities from tunnels when closing narrow passes in tunnels. Therefore, after

tunnels have been erased the Euler number begins to fall down as of cavities

disappeared by dilations of increasing diameter. Graphs in Fig. 6.6G and H

show a distinct behavior of TM aggregates as compared with NS aggregates.

In general, Euler number of TM aggregates grows faster than NS aggregates

till size two. This indicates that a great amount of thin tunnels of TM ag-

gregates with narrow passes of size smaller than two units will be closed and

transformed into cavities with dilations. NS aggregates instead have a large

amount of cavities of characteristic size of one unit as it suggests the decrease

of the relative Euler number; this is due to the fact that a decrease of the

Euler number should be related to the vanishing of cavities. These graphs

also indicate that NS aggregates have a great amount of tunnels with narrow

passes of characteristic size equal to two units but to a lesser extent than in

the case of TM aggregates. Let us note that the decrease observed in these

graphs slows down for values greater than three units. This observation is

consistent with the distinct behavior that can be observed at this value in the

evolution of volume, surface and curvature (Fig. 6.6A, B, C, D, E and F).

Relative Euler numbers of TM aggregates stabilize for diameters greater than

six units and are lower than the values of NS aggregates. This suggests that

TM aggregates do not have cavities bigger than balls with diameter six while
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this type of objects can be found in the interior of NS aggregates. This is

coherent with the behavior that is displayed on the graphs of relative volume

(Fig. 6.6A), surface (Fig. 6.6C) and curvature (Fig. 6.6E). Visual examina-

tion of the aggregate images indeed indicates the presence of large pores of

likely biological origin inside many of the NS aggregates. However, such pores

hardly ever were observed in the TM aggregates.

Let us summarize the �ndings of the �rst part of our analysis. These

results suggest that the volume of the solid part of the aggregates with con-

ventional tillage (TM aggregates) is smaller but they have more porosity than

the aggregates from soils with natural vegetation succession (NS aggregates).

Moreover, there is a great amount of porosity with characteristic size less than

three units as it seems to show the change of the evolution of volume, surface,

curvature and Euler number of the solid part of aggregates. Euler functions

suggest that the porosity of aggregates of soils with conventional tillage (TM

aggregates) seems to have a big amount of thin tunnels while aggregates of

soils with natural vegetation (NS aggregates) seem to have a bigger amount

of small and big cavities. These observations are consistent with the results of

Kravchenko et al. [2011]; Wang et al. [2012], who found that TM aggregates

are intersected by a connected network of medium sized crack-like pores. Sta-

tistical analysis of the apparent di�erences of Minkowski functionals between

aggregates of the two treatments, visible to the naked eye, shows that they

were statistically signi�cant except in the case of the surface of the solid part

of the aggregates.
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6.4.2 Partition of pore space into accessible and inacces-

sible porosity

The pore space of aggregates is now considered as the geometric object of

interest. Fig. 6.7 displays values of speci�c Minkowski functionals of aggregate

pore space split between tunnels and cavities. Speci�c Minkowski functionals

are densities. They are de�ned as the value of the corresponding functional

(i.e. volume, surface, curvature and Euler number) relative to the total volume

of the aggregate (i.e., the volume of the solid part plus the volume of inner

pore space). The apparent visual di�erences that these graphs seem to suggest

have a statistical signi�cance at 5% for all speci�c geometrical attributes of

cavities except for their speci�c volume. These di�erences are consistent with

our previous �ndings. In particular, TM aggregates are more porous than

NS aggregates and most of these di�erences in porosity seem to come from

tunnels.

When aggregate tunnels or cavities are the object of interest, K, their Euler

numbers equate to the number of connected components, CC(K), minus the

number of "tunnels" of solid materials through aggregate tunnels or cavities,

T (K),

χ(K) = CC(K)− T (K)

This is because there is no solid part completely surrounded by voids inside

an aggregate tunnel or cavity. Moreover, the speci�c Euler number of tunnels

and cavities (Fig. 6.7D) and speci�c number of tunnels and cavities (Fig. 6.8)

are very similar for cavities and very disparate for tunnels. It seems to indi-
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Figure 6.7: Speci�c Minkowski functionals: (A) volume, (B) surface, (C)

curvature and (D) Euler characteristic, of tunnels and cavities for all TM and

NS samples.
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Figure 6.8: Speci�c number of tunnels and cavities for all TM and NS sam-

ples.

cate that in general, the cavities have almost no intrusions of solid materials

that completely cross them like "tunnels of solid materials". Therefore, inac-

cessible porosity is made up of very simple geometrical objects as compared

with accessible porosity. In the case of tunnels the di�erence is obvious to

the naked eye. The speci�c number of tunnels is very small as compared with

the speci�c number of cavities (Fig. 6.8). Consequently, tunnels display a

complex structure as it seems to indicate the negative values of the speci�c

Euler number (Fig. 6.7D). This seems to suggest that the tunnels of these

aggregates should have a big amount of intrusions of solid material through

them, i.e. they display a complex and rami�ed or network-like structure. But

it is remarkable that di�erences between geometrical attributes of tunnels of

both samples have no statistical signi�cance.
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In order to characterize pore size distribution of aggregates, the equivalent

cylindrical diameter [Perret et al., 1999] is considered. Figs. 6.9 and 6.10

display the distribution of speci�c Minkowski functionals by tunnel and cav-

ity sizes, respectively. Six size classes with average sizes of 0.01, 0.02, 0.03,

0.04, 0.05 and 0.06 mm were used. Tunnels were smaller in TM aggregates as

compared to NS ones, as the class of tunnels between 0.01 and 0.02 predomi-

nates in TM aggregates while the class between 0.02 and 0.03 were the most

populated in NS aggregates. Moreover, the di�erence has a level of statistical

signi�cance of 5% in all classes with size less than 0.03. The distribution of

cavities by size (Fig. 6.10) seems to indicate that small cavities of size smaller

than 0.02 mm are more abundant in TM aggregates consistent with our anal-

ysis of Minkowski functions. In this case, di�erences between all size classes

of cavities of TM and NS aggregates were statistically signi�cant.

We summarize the main �ndings of our analysis in the following points: (i)

di�erences found between geometrical attributes that convey Minkowski func-

tionals of two treatments were statistically signi�cant in most cases, (ii) TM

aggregates were smaller and more porous than NS aggregates, (iii) accessible

porosity is made up of geometrical entities with a complex and rami�ed or

network like structure, (iv) inaccessible porosity is composed of mostly simple

geometrical objects that generally did not present intrusions of solid material

that cross all over like "tunnels" of solid material through them, (v) thin tun-

nels seem to populate TM aggregates while the more abundant class of tunnels

in NS aggregates had a bigger size, (vi) cavities are more important in number

in NS aggregates than in TM ones but small sizes are more frequent in TM

aggregates and large size classes are more frequent in NS aggregates, and (vii)
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Figure 6.9: Distribution of speci�c Minkowski functionals of tunnels on six

pore-size classes for all TM and NS samples: (A) volume, (B) surface, (C)

curvature and (D) Euler characteristic.
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Figure 6.10: Distribution of speci�c Minkowski functionals of cavities on six

pore-size classes for all TM and NS samples: (A) volume, (B) surface, (C)

curvature and (D) Euler characteristic.
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geometric attributes of tunnels did not show statistically signi�cant di�erences

between treatments but the di�erences of the geometrical attributes of cavities

were statistically signi�cant. In terms of accessible and inaccessible porosity

our results suggest that most of the porosity corresponds to accessible porosity

that displayed a complex rami�ed structure. Small size classes of accessible

porosity were abundant in aggregates from soil with conventional tillage (TM

aggregates) while larger classes were more abundant in aggregates from soil

with natural vegetation (NS aggregates). Inaccessible porosity was a key fac-

tor as its geometrical di�erences discriminate both treatments. Aggregates

are regarded as one of the main providers of physical protection of soil or-

ganic matter and C sequestration by soils [Six et al., 1999, 2000a]. One of the

mechanisms of such protection is a reduced access of organic material inside

the aggregates to decomposing microorganisms. The di�erences that we are

observing in the patterns of accessible and inaccessible porosity between TM

and NS aggregates hint at their potentially di�erent e�ectiveness for protect-

ing C. Clearly, TM aggregates with their network of tunnels will be o�ering

greater microbial access, thus having poorer protection of soil organic matter

and C to decomposing microorganisms than the NS aggregates. Observations

of Ananyeva et al. [2013] who reported negative relationships between intra-

aggregate C and the presence of medium sized intra-aggregate pores support

this hypothesis.

6.5 Conclusions

In this work we have introduced the essential tools of mathematical morphology

in order to quantify the geometrical morphology of soil aggregates. We made
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use of 3D images from X-ray CT of aggregates. Aggregates were collected from

two di�erent land uses, i.e. conventional tillage management (TM) and native

succession vegetation treatment (NS). The ability of morphological tools to

capture the impact of soil management on the morphology of these aggregates

was explored.

We have presented the building blocks of mathematical morphology, the

morphological operations of dilation, erosion, opening and closing and, then,

we have dealt with the Minkowski functionals and the Minkowski functions

that take account of the evolution of the Minkowski functionals as morpho-

logical operations are performed on the 3D object of interest. First, we have

considered the solid part of the aggregate as the 3D object of interest and we

have investigated the evolution the four Minkowski functionals (i.e. volume,

boundary surface, curvature and connectivity) as successive dilations with balls

of increasing diameter were performed. That is to say, we have studied the

patterns of Minkowski functions building over dilations of the solid part of NS

aggregates and TM aggregates. Finally, the inner pore space of aggregates was

considered as the object of interest. We have devised a procedure to de�ne the

ends of the accessible porosity of the aggregate and to separate aggregate pore

space into accessible and inaccessible porosity. In this way, the geometrical

attributes of intra-aggregate pore space through their Minkowski functionals

provided a complete characterization of the inner aggregate structure. Speci�-

cally, we may summarize the observed variation in aggregate structure between

the two soil treatments in the following points: (i) TM aggregates were smaller

and more porous than NS aggregates, (ii) accessible porosity is made up of

geometrical entities with a complex network-like structure, while inaccessible
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porosity is composed of mostly simple geometrical shapes, (iii) thin tunnels

seem to populate TM aggregates while the more abundant class of tunnels in

NS aggregates had a bigger size, (iv) cavities are more important in number

in NS aggregates than in TM ones but small sizes are more frequent in TM

aggregates and large size classes are more frequent in NS aggregates, and (v)

geometric attributes of tunnels did not show statistically signi�cant di�erences

between treatments but the di�erences of the geometrical attributes of cavities

were statistically signi�cant.

These mathematical techniques have provided an exhaustive quantitative

description of soil aggregate morphology of 3D CT images that include both,

intra-aggregate pore space structure and aggregate surface features. This mor-

phological description has shown how two di�erent soil treatments a�ect ag-

gregate structure. Our �ndings suggest that mathematical morphology is a

promising framework to investigate, quantify and characterize soil structure.

6.6 Appendix A. Morphological analysis

6.6.1 Morphological operations

Mathematically objects are closed and bounded sets. A ball is a closed set if

this ball contains the points of the sphere that de�nes the ball, its boundary.

And, it is a bounded set when it is contained in a sphere of �nite radius.

Dilation of an object expands it. This new object can be thinking of as the set

of points of the union of all balls of a certain size r centered at points of the

original object. If the original object is a ball of radius r0 the dilated object by

balls of radius r will be a new ball of radius r0+r. Then, we consider an object
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K and a ball B of radius one which is centered at the origin of coordinates.

Both, K and B, are objects, closed and bounded sets, but K is the object of

interest that we scrutinize with the object B that is called structuring element.

A ball of radius r centered at the origin, rB, is obtained by multiplying the

points of B by r. A ball of radius one centered at point x, Bx , is obtained by

adding x to every point of B. Scalar multiplication by a number r produces

an expansion with scaling factor r when r > 1, and a contraction with scaling

factor r when r < 1. Addition with a vector x produces a translation in the

direction of the vector x at a distance equal to the "length" of this vector, its

modulus. Then, we have the following mathematical expressions that de�ne

the sets rB and Bx :

rB = {ry : y ∈ B}

Bx = {y + x : y ∈ B}

That is to say, rB is the set of points ry when y belongs to B and, Bx is

the set of points x+ y when y belongs to B. In these expressions ry stands for

the scalar multiplication of the scalar r and the vector y while y+x represents

the sum of two vectors, y and x. Thus, the dilation of the object K by balls

of radius r will be another object Kr de�ned as

Kr =
⋃
x∈K

rBx

In others words, the dilated object Kr is the union of all balls rBx of radius

r centered at point x of K. In general, the structuring element could be any set

that may or may not contain the origin of coordinates. Then one has δE(K)
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the dilated set of the object K by structuring element E (Fig. 6.2). In most

cases it is more appropriate to consider structuring elements which contain the

origin of coordinates and are symmetric with respect to it: like balls or disks

centered at the origin. In this case it is veri�ed that

Kr = δrB(K)

The set Kr is called the parallel body of K at a distance r or r-parallel

body to K. This is the set of all points within a distance smaller than r

from the object K. As we consider balls centered at the origin of coordinates

as structuring elements, the dilation of an object by a ball of radius K is

equivalent to the r-parallel body to K. Roughly speaking it is like a layer of

thickness r is added to K.

In this work two-colored images (black and white images) or binary images

correspond to two complementary soil phases: the phase of voids (pore space)

and the phase of soil matrix (mineral particles). Then, the erosion of one phase

is equivalent to the dilation of the complementary phase. Erosion of the pore

space is dilation of the soil matrix and erosion of the soil matrix is dilation

of pore space. Usually, a three-dimensional picture of a CT image of soil will

be represented by the set of points of a cube S where each point is part of

pore space P or is part of soil matrix M . In mathematical terms one has the

following expressions

S = P ∪M

P c = M

M c = P
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Here P c represents the complementary of P . That expresses the previous

statement that the complementary set of the pore space in the cube S is the

soil matrix and vice versa. Then, the erosion of an object K by a ball of radius

r centered at the origin is de�ned as

εrB(K) = (δrB(Kc))c

A more intuitive expression is given by

εrB(K) = {x : rBx ⊂ K}

Consequently, the erosion of an object K by a ball rB corresponds to the

set of all positions within K where the structuring element rB �ts completely

into K (Fig. 6.3). As a consequence, it is like a layer of thickness r is removed

from K.

These morphological operations though complementary in the sense estab-

lished above do not allow recovering the original object, because neither the

dilated set of an eroded one is the original set nor the eroded set of a di-

lated one is the original set. When dilation is performed after erosion the new

morphological operation is an opening:

OrB(K) = δrB(εrB(K))

When erosion is performed after dilation the new morphological operation

is a closing:

CrB(K) = εrB(δrB(K))
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Opening and closing are complementary operations of each other as erosions

and dilations are

CrB(K) = (OrB(Kc))c

OrB(K) = (CrB(Kc))c

6.6.2 Measurements: Steiner formulae and Minkowski

functionals

What is the area of a two-dimensional object or the volume of a three-dimensional

one when the object is dilated? Let us consider a simple object like a square

or a cube with edges of size a and a disk or a ball of radius r as structuring

element. In the plane, the area of the dilated object Kr of a square K by a

disk rB can easily be computed as

A(Kr) = A(δrB(K)) = a2 + 4ar + πr2 = A(K) + L(K)r + A(B)r2

In this expression A stands for the area and L stands for the length of the

perimeter of the square K. Here B is the disk centered at the origin with

radius one. In 3D space, it is veri�ed that

V (Kr) = V (δrB(K)) = a3 + 6a2r + 3πar2 +
4

3
πr3 =

= V (K) + S(K)r +M(K)r2 + V (B)r3

Here, V stands for the volume, S for the area of the boundary and M for

the mean breadth multiplied by 2π (it can be shown that the mean breadth
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of a cube of edge a is 3a/2 [Santalo, 1976]). Here B is the ball centered at the

origin with radius one.

Now, let us consider a general convex object in d-dimensional linear space,

then one has the Steiner formula [Ohser and Mucklich, 2000]

V (Kr) =
d∑
i=0

(
d

i

)
W

(d)
i (K)

In this expression W (d)
i (K) are the Minkowski functionals. There are d+ 1

functionals in dimension d.

There are three Minkowski functionals in the plane and four in the space,

W
(d)
i for d = 2, 3 and i = 0, 1, . . . d. They are functionals because they are

functions that assign a number to any object. For 2D objects in the plane one

has

W
(2)
0 (K) = A(K)

W
(2)
1 (K) = L(K)

W
(2)
2 (K) = πχ(K)

In this expression A stands for the area and L stands for the length of

the perimeter of the square K. Here χ(K) stands for the Euler-Poincaré

characteristic of K that is related with the connectivity of the object. For

3D objects in the space one has

W
(3)
0 (K) = V (K)

W
(3)
1 (K) = (1/3)S(K)

W
(3)
2 (K) = (1/3)M(K)
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W
(3)
3 (K) = (4π/3)χ(K)

The �rst and second Minkowski functionals have simple geometrical inter-

pretations when referring to three dimensional objects in space. They cor-

respond to volume, V (K), and boundary surface area, S(K), respectively.

When the boundary surface of a three-dimensional object is smooth the third

functional, the surface integral of the mean curvature, M(K), may be inter-

preted as the mean breadth of the object [Ohser and Mucklich, 2000]. The last

Minkowski functional W (d)
d is the Euler-Poincaré characteristic, χ(K), of the

object up to a factor; this factor is the volume of the d-dimensional ball of ra-

dius one. In the plane one has W (2)
2 (K) = πχ(K) and W (3)

3 (K) = (4π/3)χ(K)

in the space.

Minkowski functionals provide a complete set of geometrical measurements

as established by Hadwiger's theorem from 1975 [Santalo, 1976]. In simple

words this theorem states that any functional or geometrical measurement

that assigns a number to any object of interest and ful�lls some very natural

geometrical restrictions is a linear combination of the Minkowski functionals

with numbers as scalars of this linear combination. Let us be more precise and

specify which the objects of interest and the geometrical conditions are. On the

one hand, a class of objects to which Hadwiger's theorem applies is the class

of sets that can be viewed as the union of a �nite number of convex objects.

This is a very important class of objects because any three-dimensional binary

image is a set of voxels (the three-dimensional counterpart of a pixel). These

voxels are cubes and then, any geometrical structure of interest in an image

is a �nite union of convex objects, the voxels. On the other hand, three are

the geometrical conditions that must ful�ll any functional to which Hadwiger's
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theorem applies. The �rst one is motion invariance: the number assigned by

a functional must be independent of the position of the object in space when

the object is translated or rotated. The second one is C-additivity:

F(K1 ∪K2) = F(K1) + F(K2)−F(K1 ∩K2)

That is to say: the number assigned by a functional to the union of two

objects equals the value of the functionals over those two objects minus parts

counted twice. And the third one is continuity. Consider a sequence of objects

{Kn} that approaches to the object K as n tends to in�nity. An example of

this, is the sequence of r-parallel bodies of an object K; it is clear that the

sequence of r-parallel bodies {Kn} with n = 1/r, tends to go to K as n goes

to in�nity or, equivalently, as r goes to zero. Then, the continuity condition

is ful�lled if F(Kn) tends to go to F(K) as n goes to in�nity. Under these

conditions there are d+ 1 numbers, ci , in the d-dimensional linear space such

that

F(K) =
d∑
i=0

ciW
(d)
i (K)

6.7 Appendix B. Partition of aggregate pore space:

technical details

Let us summarize the procedure to split aggregate pore space between acces-

sible and inaccessible porosity outlined in Section 6.3. Let us say that W is

the set of voxels of the image and K the set of voxels of the object of interest

(i.e. the solid part of the aggregate), then W = K ∪ Kc where Kc stands
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for the complementary of K, as stated above; Kc is the background. Label-

ing the image will yield the following connected components: the material of

the aggregate, K, the set of all the voxels of the accessible porosity and the

"exterior" of the aggregate, T and the cavities Ck , for k = 1, . . . , p. Let

us note that Kc = T ∪ (∪pk=1Ck). First, object KT = K ∪ (∪pk=1Ck) is ob-

tained. This new object includes the material part of aggregate K and their

cavities. Then, KT has only accessible porosity. Second, the new object K̄T

, that contains the material and the porosity of the aggregates, is generated.

In order to do so, CrB(KT ) is produced by successive morphological closings

with balls of increasing radius r performed on the object KT till it reached

the value s that veri�es χ(CrB(KT )) = 1 for r ≥ s. That is to say, CsB(KT )

has only one connected component, i.e. it is "solid" without any void in it

(i.e. without porosity). Then, K̄T = CsB(KT ) . Third, we produce the set of

tunnels as follows. By the intersection K̄T ∩Kc
T , the tunnels Ti and the cracks

(depressions or craters of the surface of the aggregates) Dj will be obtained.

Therefore, K̄T ∩Kc
T = (∪ni=1Ti)∪(∪mj=1Dj) . Tunnels will be distinguished from

the cracks or depressions of the surface of the aggregate taking into account

that χ(KT ∪ Ti) = χ(KT ) + 1 and χ(KT ∪ Di) = χ(KT ). Then, objects Ti ,

for i = 1 . . . n, the tunnels of the aggregates and objects Ck , for k = 1, . . . , p,

the cavities, are identi�ed. Hence, P = (∪ni=1Ti) ∪ (∪pk=1Ck) will be the poros-

ity of the aggregate, (∪ni=1Ti) will be the accessible porosity and (∪pk=1Ck) the

inaccessible porosity.
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7 GENERAL CONCLUSIONS

This work shows the utility of performing di�erent geometrical measures of

soil pore space using 3D images in order to characterize the soil structure.

Measurements were made directly on the samples without altering them, this

being an advantageous technique employed by further research.

We characterized in quantitative terms several geometric factors of great

interest in the study of biological and physical processes, such as porosity,

pore surface area, connectivity of the pores and pore size distribution. For

this latter purpose, we needed to use tools of mathematical morphology, which

re�ect almost perfectly a pore size criteria [Vogel, 2002].

In addition, fractal analysis were used in order to provide a set of fractal

parameters to assess and quantify the complex geometrical structure of fractal

objects. Taking into account the 3D nature of the geometrical object of inter-

est, we explore the suitability of the fractal dimensions of the volume and the

boundary surface of the pore space and of the fractal dimension of the pore

size distribution as fractal indicators of soil complexity.

In order to assess the value of this set of fractal parameters for soil structure,

two groups of soil samples from two areas under di�erent management soil

practices were compared. The fractal dimension of the pore-size distributions

were di�erent depending on soil. Fractal dimensions of volume and surface of
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the pore space were lower in the tilled soil than in the natural soil. It was

observed that soil use was a factor that had a statistically signi�cant e�ect on

fractal parameters.

We have presented the building blocks of mathematical morphology, the

morphological operations of dilation, erosion, opening and closing and, then,

we have dealt with the Minkowski functionals and the Minkowski functions

that take account of the evolution of the Minkowski functionals as morpholog-

ical operations are performed on the 3D object of interest.

We have shown how to apply them to the morphological characterization

of the pore space from natural soils through the basic geometrical features

that Minkowski functionals represent. Morphological functions of dilation and

erosion seem to discriminate between two pore structures in a Mediterranean

vineyard soil where two di�erent soil management were applied. The abil-

ity of morphological tools to capture the impact of soil management on the

morphology of these aggregates was explored.

The geometrical attributes of intra-aggregate pore space through their

Minkowski functionals provided a complete characterization of the inner ag-

gregate structure. These mathematical techniques have provided an exhaus-

tive quantitative description of soil aggregate morphology of 3D CT images

that include both, intra-aggregate pore space structure and aggregate surface

features. This morphological description has shown how two di�erent soil

treatments a�ect aggregate structure. Our �ndings suggest that mathematical

morphology is a promising framework to investigate, quantify and characterize

soil structure.

Our comparison indicate total pore surface and speci�c pore connetivity
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show the greatest di�erences between the two soil types (natural vegetation

and tillage). In addition, we quanti�ed the relationships between di�erent

geometric measurements for all soil samples demonstrating that most of them

are related via high correlation coe�cients.

Further investigations are needed to encompass a wider range of soil man-

agement for understanding the role of morphological parameters in discrimi-

nation of a priori di�erent natural soil structures and for determining accurate

models to mimic pore structure of natural soils.
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B PARALLEL SETS ANDMORPHOLOGICAL

MEASUREMENTS OF CT IMAGES OF SOIL

PORE STRUCTURE IN A VINEYARD1

B.1 Introduction

The spatial arrangement of soil constituents - usually referred to as soil struc-

ture - controls important physical and biological processes in soil-plant-microbial

systems, where microbial population dynamics, nutrient cycling, di�usion,

mass �ow and nutrient uptake by roots take place across many orders of mag-

nitude in length scale. Therefore, a correct model of the geometry of soil pore

structure is critical for understanding �ow and transport processes in soils, cre-

ating synthetic soil pore space for hypothesis and model testing, and evaluating

similarity of pore spaces of di�erent soils.

Minkowski functionals provide computationaly e�cient means to measure

four fundamental geometrical features of 3D objects such as pore space, i.e.

1F. San José Martínez, F.J. Muñoz - Ortega, F.J. Caniego, F. Peregrina (2014). Parallel

sets and morphological measurements of CT images of soil pore structure in a vineyard. In

"Mathematics of Planet Earth" edited by E. Pardo-Iguzquia, C. Guardiola-albert, J.

Heredia, L. Moreno-Merino and J.A. Vargas-Guzman. Pags: 205-210. Editorial: Springer

(ISBN: 978-3-642-32407-9). Germany.
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the volume, the boundary surface, the mean boundary surface curvature and

connectivity. Hadwiger's theorem confers a fundamental status to these geo-

metrical features as morphological descriptors. Mecke [1998] and Roth et al.

[2005] make use of the evolution of Minkowski functionals due to threshold vari-

ation to characterize 2D porous structures. Also, 2D porous structures were

investigated by Mecke [2002] and Vogel et al. [2005] with Minkowski functions

based on dilations and erosions. These functions account for the evolution of

Minkowski functionals as the radius of dilation/erosion performed to the object

varies. Arns et al. [2002] analyzed these Minkowski functions to characterize

3D images of Fontainebleau sandstone. Vogel et al. [2010] took advantage of

Minkowski functions based on openings (i.e. erosion followed by dilation) to

quantify soil 3D structure of arable soil and of repacked sand. Parallel sets,

which can be understood in terms of dilations and erosion, were introduced by

Mecke [2002] to characterize and model 2D structures beyond two point corre-

lation functions and predict percolations threshold in porous media. Arns et

al. [2002] also made use of parallel sets to determine the accuracy of the model

they developed for the Fontainebleau sandstone.

Some preliminary results on the geometrical features captured by the evo-

lution of Minkowski functionals of parallel sets of pore space will be presented

here. We will also explore their suitability to characterize the in�uence of

conventional tillage and permanent cover crop of resident vegetation on soil

structure in a Spanish Mediterranean vineyard.
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B.2 Mathematical Morphology of Pore Space

We will analyze binary 3D images of soil (black and white images) from X-

ray computed tomography (CT) of intact soil columns. They contain two

complementary phases: the phase of voids (pores) and the phase of soil matrix

(mineral particles). Usually, a CT image of soil will be pictured as a set of

points of a cube S where each point is part of pore space P or is part of soil

matrix. These points are voxels of a three-dimensional image. The set Pr also

called parallel body of P at a distance r or r-parallel body to P , is the set of all

points within a distance smaller than r from the object P . Roughly speaking,

it is like a "skin" of thickness r was added to P . The parallel set Pr can also

be described in terms of dilation of P by balls of radius r, as the union of al

balls Br(x) of radius r centered at points x of P . The erosion of one phase

is equivalent to the dilation of the complementary phase. Consequently, the

erosion of P by a ball of radius r corresponds to the set of all positions of

their centers x within P where Br(x) �ts completely into P . It is like a layer

of thickness r was removed from P . We may generalize the notion of parallel

body as follows, Pr is the dilation of P by balls of radius r when r > 0 and

the erosion of P by balls of radius r when r < 0.

Minkowski functionals are a complete set of geometrical features as estab-

lished by Hadwiger's theorem Ohser and Mucklich [2000]. In simple terms this

theorem states that any functional that assigns a number to any object and

meets some very natural restrictions is a linear combination of the Minkowski

functionals. In space there are four Minkowski functinals: volume, boundary

surface area, mean breadth and Euler-Poincaré number. When the bound-
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Figure B.1: View of 3D reconstructions of binary images of pore space (white)

with voxel size of 50 µm in a box of 8.5 cm high (z-axis), 1.7 cm long (x-axis)

and wide (y-axis) of sample from tillage soils (Ti) and natural cover crop (Na).

172



ary surface og the object is smooth, mean breadth is the surface integral of

mean curvature [Ohser and Mucklich, 2000]. Points on the boundary sur-

face of an object with positive curvatures settle on convex parts (protrusions)

while points with negatives curvatures belongs to concave parts (hollows). The

Euler-Poincaré characteristic is an index of the topology of the pore phase and

it quanti�es pore connectivity. It can be computed as the sum of the number

of connected components and the number of cavities of the object less the

number of tunnels [Michielsen and De Raedt, 2001]. In this context a con-

nected component of an object is any part of it whose points are connected

to one another by curves of points contained in the object. Cavities are holes

completely surrounded by the object, while tunnels are holes through the ob-

ject connected with the exterior or background. For soils we may assume that

pore space does not have cavities and, therefore, the connectivity number is

the number of connected components subtracted by the number of tunnels.

It is worth noting that the computation of Minkowski functionals reduces to

their evaluation on cubes (or voxels) and their intersections (vertices, adges

and faces) [Peregrina et al., 2010]. Finally, we have considered Minkowski

functions build over parallel sets of the pores space. They provide a way to

investigate the morphology of the pore space as it is dilated and eroded with

balls of increasing radius.

B.3 Soil Samples and Image Acquisition

Soil columns were collected at the experimental farm "Finca La Grajera" prop-

erty of La Rioja region goverment (northern Spain) at December 2010. The soil

was classi�ed as Fine -loamy, mixed, thermic Typic Haploxerepts according to
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the USDA soil classi�cation. In this study we selected four columns collected

between rows of a vineyard that was established in 1996. Two types of soil

cover management in between rows were presented: (Ti) conventional tillage

management between rows, which consisted in soil tillage of 15 cm depth by

cultivator once every 4-6 weeks; (Na) natural soil with permanent cover crop

of resident vegetation, which was dominated by annual grass and forbs com-

mon to La Rioja vineyards [Peregrina et al., 2010]. Columns were extracted

vertically by percussion drilling between rows, within PVC cylinders of 7.5 cm

interior diameter and 30 cm height from the upmost part of soil pro�le.

Columns were scanned with a PerkinElmer amorphous silicon (a-Si) de-

tector with a Feinfocus FXE 225.51 microfocus beam source tube that was

operated at 190 kV (53 µA) and 20 W. Only the upper half of the column was

scanned and the region between 8 cm and 15 cm was selected. A stack of 1706

two-dimensional 16 bit grayscale images with a pixel size of 50 µm, 50 µm

apart from one another were obtained for each sample. We selected a global

method to segment images - the modes method - as we focused primarily on

geometrical features evolutions and pattern analysis (Figure B.1).

B.4 Results and Discussion

Minkowski functionals were evaluated on �ve cubes per column. Cubes had

340 voxels per edge and they were centered on the axes of the column. Con-

secutive cubes shared a face, from top to bottom. The pore space P in cube

ci (i = 1 . . . 5) was eroded/dilated to yield parallel sets. Diameters of balls

took nineteen di�erent values for erosions and nineteen for dilation, as well; it

was incremented from in steps of the voxel size (i.e. 50 µm). We considered
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Figure B.2: Morphological fuctions of the pore space of soil columns: evoution

of Minkowski functionals densities as a function of erosion/dilation diameter

R. Negative values of R correspond to erosions while dilations corresponds to

positive values.

densities of Minkowski functionals. Thus, we had volume fraction or image

porosity, speci�c boundary surface area, speci�c mean curvature and speci�c

Euler number.

Figure B.2 displays the evolution of these geometrical densities as function

of erosion/dilation diameter. Di�erences between soil samples under natural

resident vegetation cover (Na) and samples under conventional tillage (Ti) are

noticeable even if samples Ti2 and Na2 have a similar evolution for dilations.

Nevertheless, the evolution of image porosity and speci�c boundary surface

with erosions diverges. It suggest that geometrical features of sample Ti2 are

smaller than three voxels as they vanish with erosions of diameter smaller than

that size.
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Samples with natural resident vegetation cover (Na) show a greater amount

of volume fraction and speci�c surface at any diameter of the balls used to

erode/dilate as compared to samples form tillage soil (Ti). Similar results

were reported by Peregrina et al. [2010].

Evolution of speci�c mean curvature and connectivity seems to indicate

that conventional tillage and resident vegetation cover produces two di�erent

pore structures; this di�erence is especially apparent when comparing samples

Ti1 and Na1. Sample Na1 yields more speci�c mean curvature than sample Ti1

when dilated with balls smaller than seven voxels. In this range of diameters,

mostly small convex voids should populate sample Na1 as compare to sample

Ti1. High Euler numbers of sample Na1 at small diameters seem to suggest

this behavior. But large diameters decrease speci�c mean curvature and Euler

number of sample Na1 producing negative values while these geometrical mea-

surements stabilize for sample Ti1 as diameter increases. This suggest that

pore structure of sample Na1 contains a large number of small features as the

number of small voids (i.e. connected components) overdue the number of soil

materials tunnels through them; therefore, high values of the speci�c mean

curvature from these small features of the Na1 pore space should be explained

by the regularity of the surface that enclosed them. Na1 seems to display a

richer structure as compared to sample Ti1. When the diameter of the ball

used to dilate the object is seven both samples have the same positive spe-

ci�c mean curvature but sample Na1 has negative Euler number. Therefore, it

suggest that geometrical features similar in size should dominate sample Ti1

while the dilations of sample Na1 show a more complex structure highly con-

nected with tunnels through it as it seems to indicate negative Euler numbers.
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Low variation of speci�c mean curvature and Euler numbers of sample Ti1

is compatible with a pore structure made up with small irregular geometrical

features of similar sizes that vanish as diameter of dilation increases and do

not generate a complex and highly connected structure.

These results suggest that the evolution of morphological features with

dilation/erosion is a suitable indicator of soil structure for cultivated soil and

it seems to describe the in�uence of two di�erent soil management practices

(i.e. conventional tillage and natural cover crop) on soil structure in a Spanish

Mediterranean vineyard. It is worth noting here how these results re�ect the

di�erent pore structures as depicted by �gure B.1. The homogeneity of the

pore space produced by tillage is obvious as compared to the heterogeneity

of samples under resident vegetation crop. Similar geometrical features seem

to dominate samples Ti2 and Na2; but, small structures discriminate between

them and explain the behavior of speci�c image porosity and boundary surface

when sample Ti2 is eroded.

These �ndings provide means to simulate natural porous media. The geo-

metrical descriptors that seen to discriminate between these two types of sam-

ples could be used as inputs for morphological models of natural soil structures.

Further investigations are needed to understand the role of morphological pa-

rameters in discrimination of a priori di�erent natural soil structures and in

determination of accurate models to mimic pore structure of natural soils.
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C MORPHOLOGICAL FUNCTIONSWITH PAR-

ALLEL SETS FOR THE PORE SPACE OF

X-RAY CT IMAGES OF SOIL COLUMNS1

C.1 Abstract

During the last few decades, new imaging techniques like X-ray computed to-

mography have made available rich and detailed information of the spatial

arrangement of soil constituents, usually referred to as soil structure. Mathe-

matical morphology provides a plethora of mathematical techniques to analyze

and parameterize the geometry of soil structure. They provide a guide to de-

sign the process from image analysis to the generation of synthetic models of

soil structure in order to investigate key features of �ow and transport phe-

nomena in soil. In this work, we explore the ability of morphological functions

built over Minkowski functionals with parallel sets of the pore space to char-

acterize and quantify pore space geometry of columns of intact soil. These

morphological functions seem to discriminate the e�ects on soil pore space ge-

1F. San José Martínez, F.J. Muñoz - Ortega, F.J. Caniego Monreal, F. Peregrina (2014).

Morphological Functions with Parallel Sets for the Pore Space of X-ray CT Images of Soil

Columns. Pure and Applied Geophysics. doi: 10.1007/ s00024-014-0928-2.
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ometry of contrasting management practices in a Mediterranean vineyard, and

they provide the �rst step toward identifying the statistical signi�cance of the

observed di�erences.

C.2 Introduction

One of the most pervasive features of natural soils is its structure as expressed

by the size, shape, and arrangement of the soil particles and voids, including

both the primary particles to form compound particles (i.e. soil aggregates)

and the compound particles themselves [Brewer, 1964]. Soil structure plays a

major role in soil functioning, including its contribution to accumulation and

protection of soil organic matter, to optimization of soil water and air regimes,

and to storage and availability of plant nutrients [Bossuyt et al., 2002; von

Lutzow et al., 2006]. Performance of many of these functions strongly depends

on pore space geometry. For example, it has been shown that gradients of

a number of soil characteristics exist inside soil. Among them are gradients

in oxygen concentrations of the soil air [Sexstone et al., 1985], gradients in

concentrations of a variety of elements, including Ca, Mg, K, Na, Mn, K, Al,

and Fe [Jasinska et al., 2006; Santos et al., 1997], and in organic matter com-

positions [Ellerbrock and Gerke, 2004; Urbanek et al., 2007]. These di�erences

in turn in�uence soil structure that is of particular importance for processes

such as soil carbon sequestration [Chenu and Plante, 2006; Denef et al., 2001;

Six et al., 2000a].

In this work, we propose a quantitative description of geometrical charac-

teristics of soil pore space as volume, surface, shape, and connectivity within

the uni�ed framework that provides mathematical morphology [Serra, 1982].
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Mathematical morphology includes a plethora of mathematical techniques to

analyze and parameterize the geometry of di�erent features of soil structure.

These techniques belong to well-established mathematical �elds such as inte-

gral geometry [Santalo, 1976], stochastic geometry [Matheron, 1975], or digital

topology and geometry [Klette and Rosenfeld, 2004]. They make available a

sound mathematical background that guides the process from image acquisi-

tion and analysis to the generation of synthetic models of soil structure [Arns

et al., 2004] to investigate key features of �ow and transport phenomena in

soil [Lehmann, 2005; Mecke and Arns, 2005].

X-ray computed tomography (CT) provides a direct and non-destructive

procedure to use three-dimensional information to quantify geometrical fea-

tures of soil pore space [Lehmann et al., 2006; Mees et al., 2003; Perret et

al., 1999; Peyton et al., 1994; Pierret et al., 2002; San José Martínez et al.,

2010; Zhou et al., 2013]. During the last few decades, mathematical morphol-

ogy has been successfully used to analyze di�erent characteristics of the rich

three-dimensional geometrical information gained through X-ray CT [Banhart,

2008]. Among the tools of mathematical morphology, Minkowski functionals

[Arns et al., 2002; Lehmann et al., 2006], which belong to the mathematical

theory of integral geometry [Santalo, 1976], are particularly worthy of con-

sideration since they provide computationally e�cient means to measure four

fundamental geometrical properties of three-dimensional geometrical objects

such as soil pore space. These properties are the volume, the boundary sur-

face, the integral mean curvature, and the connectivity of the object of interest.

Hadwiger's theorem [Santalo, 1976] states that any functional that assigns a

number to any three-dimensional object and meets some self-evident and nat-
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ural geometrical restrictions is a linear combination of these Minkowski func-

tionals. Then, these functionals are powerful tools to describe quantitatively

3D geometry. Mecke [1998] and Roth et al. [2005] made use of Minkowski

functions based on threshold variation of Minkowski functionals to character-

ize two-dimensional porous structures. San José Martínez et al. [2013] used

the same methodology with the pore space of columns of intact soil. Also, two-

dimensional porous structures were investigated by Mecke [2002] and Vogel et

al. [2005] with Minkowski functions based on dilations and erosions. Arns et al.

[2002, 2004] considered the evolution of Minkowski functionals with dilations

and erosions to characterize 3D images of Fontainebleau sandstone. Renard

and Denis [2013] used the Euler number as a function of erosion/dilation to ex-

plore the role of connectivity for the characterization of heterogeneous aquifers

with 2D models.

In this work, we introduced two morphological transformations, namely ero-

sion and dilations, and morphological functions built over Minkowski function-

als. These morphological functions take account of the evolution of Minkowski

functionals as dilations and erosions are performed on the object of interest,

the pore space of soil columns imaged with X-ray CT. In this way, di�er-

ent geometrical objects are provided that can be seen as parallel sets of the

pore space. Then, the Minkowski functionals of the new objects are computed

and represented as a function of the radius of the ball of the structuring ele-

ment of the corresponding dilation/erosion. We observed that morphological

functions of dilation/erosion seem to discriminate between two pore structures

in a Mediterranean vineyard subjected to contrasting management practices:

conventional tillage and permanent cover crop of resident vegetation.
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C.3 Morphology of Pore Space Volume

Morphological analysis mimics other scienti�c procedures, and in some in-

stances it can be seen as a two-step process. To illustrate this point, let us

consider, for instance, the procedure to determine particle size distributions by

sieving. This technique �rst generates a series of subsets of primary mineral

particles, the oversize sets corresponding to each sieve size; then, these oversize

sets are weighted. In morphological analysis, �rst, geometrical transformations

are applied to the object of interest in an image, and then measurements are

carried out. When the granulometry of an image of grains of di�erent sizes

shall be determined, successive morphological operations are performed on the

image. These operations consist on the elimination of grains smaller than a

certain size with a suitable morphological transformation (Fig. C.1). Each

one of these operations is followed by the measurement of the area for 2D

images or the volume for 3D images, of the grains left [Serra, 1982]. Figure

C.1 illustrates this procedure in a CT image of a packing of sand particles.

Now we are going to describe the basic morphological operations, i.e. dilations

and erosions. Finally, the notions of Minkowski functionals and morphological

functions will be presented.

C.4 Morphological Operations

Grains or pore space in a 3D CT image of soil will be idealized as sets of

points in three-dimensional space. These types of geometrical objects will be

the mathematical objects of interest. In this work we will focus on soil pore

space as the geometrical object of interest. Mathematically, an object is a
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Figure C.1: Granulometric analysis of a section of a CT image of 15.4 mm

side of a packing of sand particles by successive morphological operations.

closed and bounded set. A ball is a closed set if it contains the points of the

spherical surface that de�nes its boundary. And it is a bounded set because

it is contained in a sphere of �nite radius. Dilation of an object expands it.

This new object can be thought of as being the union of all balls with a given

radius r centered at points of the original object. If the original object is a

ball of radius r0 , the dilated object by balls of radius r will be a new ball of

radius r0 + r.

We consider a generic object K and a ball B of radius 1 whose center is

located at the origin of coordinates. Both K and B are objects, closed and

bounded sets, but K is the object of interest or simply an object that we

scrutinize with the object B that is called the structuring element. A ball of

radius r centered at the origin, rB, is obtained by multiplying the coordinates

of the points ofB by r. In a ball of radius 1, centered at point x, Bx , is obtained
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adding x to every point of B. Scalar multiplication by a positive number r

produces an expansion with scaling factor r when r > 1, and a contraction with

scaling factor r when r < 1. Addition with a vector x produces a translation

in the direction of the vector x at a distance equal to the "length" of this

vector, its modulus. Then, we have the following mathematical expressions

that de�ne the sets rB and Bx [Ohser and Mucklich, 2000]:

rB = {ry : y ∈ B}

Bx = {y+ x : y ∈ B}

That is to say, rB is the set of points ry when y belongs to B, and Bx is

the set of points y+x when y belongs to B. In these expressions, ry stands for

the scalar multiplication of the scalar r and the vector y; and y+ x represents

the sum of two vectors, y and x. Thus, the dilation (Fig. C.2) of the object

K by balls of radius r, that is the union of all balls rBx of radius r centered

at points x of K, will be another object Kr de�ned as

Kr =
⋃
x∈K

rBx

The set Kr is also called the parallel body of K at a distance r or r-parallel

body to K. This is the set of all points within a distance smaller than r from

the object K. In this work, the structuring element will be a ball centered at

the origin. Then, the dilation of an object by a ball of radius r is equivalent

to the r-parallel body to K. Roughly speaking, it is like a "skin" of thickness

r is added to K.

We will analyze binary (black and white) images of soil. They contain two

complementary phases: the phase of voids (pores) and the phase of soil matrix
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Figure C.2: E�ect of dilation Kr = δrB(K) (grey plus black) and erosion

K−r = εrB(K) (black) of object K by the structuring element rB.

(mineral particles). As we said previously, in this study, the pore space is the

object of interest and it will be white, while the mineral matrix will form the

background and it will be black, as is customary in image analysis. Then, the

erosion of one phase is equivalent to the dilation of the complementary phase.

Erosion of the pore space is dilation of the soil matrix, and erosion of the soil

matrix is dilation of pore space. For an object K , the erosion by a ball of

radius r is de�ned as [Arns et al., 2002].

K−r = {x : rBx ∈ K}

Consequently, the erosion of an object K by a ball rB corresponds to the

set of all positions of their centers within K where the structuring element rB

�ts completely into K (Fig. C.2). Roughly speaking, it is like a "layer" of

thickness r is removed from K. Therefore, we may generalize the notion of

r-parallel body so that Kr will be a dilation for r > 0, and erosion for r < 0

and the original object K for r = 0 [Arns et al., 2002].
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C.5 Measurements: Minkowski Functionals

What is the area of a two-dimensional object or the volume of a three-dimensional

one when the object is dilated? Let us consider a simple object like a square

or a cube with edges of size a and a disk or a ball of radius r as a structuring

element. In the plane, the area of the dilated object Kr of a square K by a

disk rB can easily be computed as (Fig. C.3).

A(Kr) = A(δrB(K)) = a2 + 4ar + πr2 = A(K) + L(K)r + A(B)r2

In this expression, A stands for the area and L stands for the length of the

perimeter of the square K. Here, B is the disk centered at the origin with

radius 1. In the space, we get

V (Kr) = V (δrB(K)) = a3 + 6a2r + 3πar2 +
4

3
πr3

= V (K) + S(K)r +M(K)r2 + V (B)r3

Here, V stands for the volume, S for the area of the boundary, and M for

the mean breadth multiplied by 2π (it can be shown that the mean breadth

of a cube of edge a is 3a/2 [Santalo, 1976]. Here, B is the ball centered at the

origin with radius 1.

Now, let us consider a general convex object in d-dimensional linear space;

then one has the Steiner formula [Ohser and Mucklich, 2000].

V (Kr) =
d∑
i=0

(
d

i

)
W

(d)
i (K)

187



Figure C.3: Dilation of a square with a disk as structuring element.

In this expression W (d)
i (K) are the Minkowski functionals. There are d+ 1

functionals in dimension d.

Minkowski functionals are a complete set of geometrical features as estab-

lished by Hadwiger's theorem [Santalo, 1976]. In simple terms, this theorem

states that any functional that assigns a number to any object of interest and

ful�lls some very natural geometrical restrictions is a linear combination of the

Minkowski functionals with numbers as scalars of this linear combination.

There are three Minkowski functionals in the plane and four in space. In

the plane (the two-dimensional linear space), one has

W
(2)
0 (K) = A(K)

W
(2)
1 (K) = L(K)

W
(2)
2 (K) = A(B)χ(K)
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In this expression, A stands for the area, L stands for the length of the

perimeter of K , and χ(K) for its Euler-Poincarée characteristic. Here, B is

the disk centered at the origin with radius 1. In space (the three-dimensional,

linear space), one has

W
(3)
0 (K) = V (K)

W
(3)
1 (K) = (1/3)S(K)

W
(3)
2 (K) = (1/3)M(K)

W
(3)
3 (K) = V (B)χ(K)

Here, B is the ball centered at the origin with radius one, V stands for

the volume, S for the area of the boundary, and M for the mean breadth

multiplied by 2π (it can be shown that the mean breadth of a cube of edge a

is 3a/2 [Santalo, 1976]. As before, χ(K) is the Euler-Poincaré characteristic

of the spatial object K. See Appendix C.11 for more details on interpretation

of these functionals.

Another important feature of Minkowski functionals is that they are easy

to compute [Michielsen and De Raedt, 2001]. For computational purposes,

points of geometrical objects are considered a voxel of a digital image (i.e. the

elements of regular lattice). Taking into account the C-additivity property (see

Appendix C.10) and the fact that digital images are sets of cubes (or voxels),

their computation reduces to the computation of the Minkowski functionals on

cubes and their intersections (vertices, edges, and faces) [Likos et al., 1995].

189



C.6 Morphological Functions

Mathematical morphology o�ers a powerful description of objects in terms of

functions. This technique is similar to the process that provides particle size

distributions by morphological analysis of soil images [Serra, 1982; Soille, 2002;

Vogel, 2002].

Consider a 3D binary image of soil where the void phase K is the object

of interest. Let Kr be, as before, the dilation of K by balls of radius r when

r > 0 and the erosion of K by balls of radius r when r < 0. Then, consider

any Minkowski functional, say M , and the function

f(r) = M(Kr)

This family of functions built over the Minkowski functionals provides a

way to investigate the morphology of the pore space K as it is dilated and

eroded with balls of increasing radius r. Vogel et al. [2005] used this approach

on 2D images to describe crack dynamics in clay soil. Roth et al. [2005] make

use of opening (i.e. erosion followed by dilation) to build Minkowski functions

to quantifying permafrost patterns with aerial photographs. These functions

add new information to that provided by Minkowski functionals as they yield

the pore size distribution of the porous structure. Arns et al. [2004] charac-

terized disordered systems and matched model reconstructions to 3D images

of Fontainebleau sandstone with Minkowski functions based on dilations and

erosions. Vogel et al. [2010] took advantage of Minkowski functions based on

openings to quantify soil structure of arable soil and of repacked sand using

3D images from X-ray tomography of samples of di�erent sizes recorded at
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di�erent resolutions.

Mecke [1996] considered a di�erent type of Minkowski function. In this

case, the original 2D image is a grayscale image before segmentation. A series

of binary images were obtained when the threshold varied from the minimum

value of the grayscale to its maximum. Minkowski functionals were evaluated

on each binarized image of the series, and four Minkowski functions were de-

�ned when the Minkowski functionals evolved as a function of threshold. Roth

et al. [2005] also made use of this type of functions to quantify permafrost

patterns obtained from aerial 2D photographs.

In this work, we will investigate, in a three-dimensional setting, howMinkowski

functions based on parallel sets of binary 3D X-ray CT images of soil columns

can be used to characterize soil pore structure of cultivated soil.

C.7 Materials and Methods

C.7.1 Soil Columns: Sample Collection

The columns were collected at the experimental farm "Finca La Grajera", a

property of La Rioja region government, northern Spain, Latitude, 42o26′34.18′′N;

longitude 2o30′53.07′′W, in December 2010. The �eld slope was about 10.2 %

with west-east orientation. The soil was classi�ed as �ne-loamy, mixed, ther-

mic Typic Haploxerepts according to the USDA soil classi�cation [Soil Survey

Sta�, 2010], and contained 230 g kg-1 clay, 433 g kg-1 silt, 337 g kg-1 sand, 9.3

g kg-1 organic matter, and 149 g kg-1 carbonates, with pH 8.62 and electrical

conductivity 0.17 dS m-1 at the Ap horizon (0-20 cm). Climate in the area is

semiarid according to the UNESCO aridity index [UNESCO, 1979], with heavy
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winter rains and summer drought conditions. For the period 2005-2009, the

average annual precipitation was 470 mm, average annual temperature was

13oC, and average annual potential evapotranspiration (FAO-Penman) was

1,132 mm.

In this study, we considered four columns collected between rows of the

vineyard that was established in 1996 with Vitis vinifera L. "Tempranillo",

grafted onto 110-R rootstock. Two types of soil cover management in between

rows were undertaken: (T) conventional tillage management between rows,

which consisted of a soil tillage of 15-cm depth by cultivator once every 4-6

weeks, as required for weed control during the grapevine growth cycle; (C)

permanent cover crop of resident vegetation, which was dominated by annual

grass and forbs common to La Rioja vineyards (see Peregrina et al. [2010],

for more details). Columns were extracted vertically by percussion drilling

between rows, within PVC cylinders of 7.5 cm interior diameter and 30 cm

height from the upmost part of soil pro�le. As a consequence, only the upper

half of the column was a�ected by tillage that was undertaken 3 months before

the collection of samples.

C.7.2 Image Acquisition, Filtering, and Segmentation

Soil columns were scanned at Fraunhofer ITWM facilities (Germany) with a

PerkinElmer amorphous silicon (a-Si) detector with 2048× 2048 pixels and a

Feinfocus FXE 225.51 microfocus beam source tube. It was operated at 190

kV (53 µA) acceleration voltage and 20 W target power. The tube had a

tungsten target installed. In addition, a collimator to reduce stray radiation

and a 200 µm steel �lter in front of the target was used. Only the upper half
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of the column was scanned to image the tilled part of the columns from tilled

soil, and the region between 6.5 and 15 cm was selected to have a resolution

of 50 µm. In this way, soil macro-pore structure important for intense renewal

of air and serving to transport and distribute water in soil [Brewer, 1964] was

imaged.

Raw data from tomography correspond to a stack of 1706 two-dimensional,

16-bit grayscale images with a pixel size of 50 µm. These horizontal sections

are disks of 7.5 cm diameter, 50 µm apart from one another. Thus, the 3D

image is made up of voxels of 50 µm. Light values of the grayscale designate

voxels corresponding to low densities of the soil column, whereas high values

indicate voxels of high density parts of the column. The original 2D projections

were �ltered by a 3× 3 median �lter before reconstruction in order to reduce

random noise from the detector. It is a nonlinear smoothing method used to

reduce isolated noise without blurring sharp edges [Wang and Lai, 2009].

The segmentation process provides a way to separate the object of interest

from the background, in this case, the pore space from the soil matrix. This

process produces binary images when a threshold is selected, and every voxel

with a grayscale value lower than the selected threshold is considered part of

the pore space and set to 1 (white), while every voxel with a grayscale value

higher than the selected threshold is considered part of the soil matrix and set

to 0 (black). ImageJ version 1.47v, a public domain program developed at the

National Institutes of Health, was used for image processing. We selected a

global method as we focused primarily on the analysis of geometrical features

evolutions. The modes method of thresholding was chosen to generate binary

images [Sonka et al., 1998] for its performance [Iassonov et al., 2009]. In
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this procedure, the histogram is iteratively smoothed until there are only two

local maxima. Then, the threshold is chosen at the midpoint between these

local maxima. Figure C.4 illustrates image binarization, and Fig. C.5 shows

the view of 3D reconstruction of pore space in a binary image. The plot of

histograms with logarithmic scale on the vertical axis is displayed (Fig. C.4)

to show the two maxima. Notice the di�erent pore structures that display

a typical sample from soil under cover crop of resident vegetation and from

soil under conventional tillage (Fig. C.5). The homogeneity of the pore space

produced by tillage is obvious (T samples) as compared to the much more

heterogeneous result of the cover resident vegetation crop (C samples).

C.7.3 Computing Minkowski Functions for Parallel Sets

We will consider binary images segmented with the modes method procedure.

In these images, the pore space will be the object of interest while the soil ma-

trix will be the background. Now, to study pore structure, we will investigate

the evolution of Minkowski functionals as successive erosions, and dilations

with balls of increasing radius are performed on the binary images [Arns et al.,

2002; Vogel et al., 2005].

We follow the procedure developed by Mecke [1996] and the code published

by Michielsen and De Raedt [2001] to compute Minkowski functionals. For the

sake of clarity, let us illustrate this procedure in 2D images made up of pixels

that geometrically are squares. The object of interest, K, is a �nite union

of squares (compact and convex object). Each square is considered to be

decomposed into the four points of its four vertices, the four open segments of

its four edges, and the rest of the square, i.e. its interior. Then, the square of
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Figure C.4: Segmentation process on a horizontal section of 960× 960 pixels

of column C1: a gray-scale image, b histogram with (black) and without (grey)

logarithmic scales, and the resulting threshold marked with a vertical red line,

and c segmented image (white voids, black solid).
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Figure C.5: 3D reconstructions of the pore geometry (white) in each soil

column in a box that is 8.5 cm high (z axis) and 1.7 cm long (x axis) and wide

(y axis).

each pixel is the union of nine disjoint sets: four points, four open segments,

and the interior of the square. As a consequence, we only need to know the

Minkowski functional of these three types of sets (a point, an open segment,

and an open square), and then use C-additivity extended to the union of an

arbitrary amount of sets. If ns is the number of squares of the object, ne the

number of edges, and nv the number of vertices of the pixels of the object of

interest are counted once, it is easy to verify that [Michielsen and De Raedt,

2001].

A(K) = ns

L(K) = −4ns + 2ne

χ(K) = ns − ne + nv
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For three-dimensional objects, a similar argument shows that [Michielsen

and De Raedt, 2001].

V (K) = nc

S(K) = −6nc + 2nf

π−1M(K) = 3nc − 2nf + ne

χ(K) = −nc + nf − ne + nv

In this expression, nc is the number of cubes and nf is the number of faces

of the voxels of the object K, counted once.

The Euler-Poincaré characteristic -Euler number, for short- describes the

connectivity of an object. In order to reconcile this global topological point of

view with the local counterpart that displays the computation of this number

in terms of numbers of cubes, faces, edges, and vertices, it is necessary to de�ne

when voxels are connected, or equivalently, when are they neighbors. In the

plane, a common choice is to consider that two black pixels are connected when

they have an edge or a vertex in common. In the three-dimensional space, it

is customary to consider two black voxels connected when they have a face, an

edge, or a vertex in common. This implies that any voxel is connected to 26

voxels or it has 26 neighbors [Michielsen and De Raedt, 2001].

C.8 Results and Discussion

To evaluate Minkowski functionals, each column was divided into �ve consec-

utive cubes that shared a face, from top to bottom. The cubes had 340 voxels

per edge and they were centered on the axes of the column in order to avoid
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Figure C.6: Image porosity as a function of diameter of erosion/dilatation.

voxels belonging to the container or voxels representing soil near the sampling

tube that might have been damaged during sampling. The pore space in each

cube was eroded/dilated to yield parallel sets. Diameters of balls took 19 dif-

ferent values for erosions and 19 for dilation, as well; it was incremented from 0

in steps of the voxel size (i.e. 50 µm). As Minkowski functionals are additive,

their values for each column were obtained by simply adding the corresponding

values of the cubes of the column. We considered densities of Minkowski func-

tionals. Thus, we had volume fraction or image porosity, speci�c boundary

surface area, speci�c integral of mean curvature, and speci�c Euler number of

the pore space.

Figures C.6, C.7, C.8, C.9 display the evolution of these geometrical den-

sities as functions of erosion/dilation diameter (R). As stated above, dilations

of pore space produce an increase of its volume. Let us remark that this ef-
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fect is more pronounced when there are tunnels of soil materials through voids

because dilations reduce them, even if it also depends on the complexity of

the pore-solid interface as measured by surface area and integral of mean cur-

vature. Roughly speaking, dilations turn some voxels of the soil matrix into

voxels of its pore space. Hence, this morphological operation expands the void

part of the sample. Erosion produces the inverse process. Di�erences between

soil samples under natural resident vegetation cover (C) and samples under

conventional tillage (T) are noticeable even if samples T2 and C2 have a simi-

lar evolution for dilations. Nevertheless, the evolution of image porosity (Fig.

C.6) and speci�c boundary surface (Fig. C.7) with erosions diverges. This

suggests that geometrical features of sample T2 are smaller than three voxels

as they vanish with erosions of diameter smaller than that size. The opposite

behavior is observed on sample C1. The erosion with the larger ball still left

an important amount of porosity in this sample. Overall, samples with nat-

ural resident vegetation cover (C) store a greater amount of volume fraction

and speci�c surface at any diameter of the balls used to erode/dilate as com-

pared to samples from tilled soil (T). This is consistent with results reported

by Peregrina et al. [2010].

Figures C.8 and C.9 depict the evolution of the speci�c integral of mean

curvature -mean curvature, for short- and connectivity. Let us remember that

the connectivity is evaluated as the number of connected components of the

object of interest minus its tunnels plus its cavities (see Appendix C.11). Tun-

nels are redundant loops or handles, as torus-like holes through the object of

interest. As we are dealing with images of a natural soil, we may assume that

there are no soil materials completely surrounded by voids and, as a conse-
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Figure C.7: Speci�c surface area (voxel− edges−1) as a function of diameter

of erosion/dilatation.

quence, the Euler number corresponds to the number of connected components

of the pores space minus the number of tunnels of solid materials through the

pore space. The morphological functions of the speci�c mean curvature (Fig.

C.8) and connectivity (Fig. C.9) seem to indicate that conventional tillage and

resident vegetation cover produces two di�erent pore structures; this di�erence

is especially apparent when comparing samples C1 and T1. Sample C1 yields

more speci�c mean curvature than sample T1 when dilated with balls smaller

than nine voxels. In this range of diameters, mostly small voids connecting soil

matrix should populate sample C1 as compared to sample T1, as is apparent

from Fig. C.5. High Euler numbers of sample C1 at small diameters seem to

suggest this behavior. But large diameters decrease speci�c mean curvature

and Euler number of sample C1, producing negative values. Nevertheless, in

the case of T1, these geometrical measurements have lower growth. In the
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case of connectivity, it is negative for the largest diameter of dilations. This

suggests that the pore structure of sample C1 contains a great amount of small

features as the number of small voids (i.e. connected components) exceeds the

number of tunnels of solid materials through them; therefore, high values of

the speci�c mean curvature from these small features of the C1 pore space

might be explained by the regularity of the surface that enclosed them, and

they are also compatible with their small size. Moreover, C1 seems to display

a rich structure as compared to sample T1. Between diameters 8 and 9, the

graphs of both samples intersect at a positive speci�c mean curvature, but

sample C1 has negative Euler characteristic. Therefore, it suggests that geo-

metrical features similar in size should dominate sample T1, while the dilations

of sample C1 show a more complex structure highly connected with tunnels

through it, as it seems to indicate negative Euler numbers. The low variation

of speci�c mean curvature and Euler numbers of sample T1 is compatible with

a pore structure made up with irregular geometrical features of similar sizes

that collapse as diameter of dilation increases and do not generate a complex

and highly connected structure.

These results open the door to new investigations to identify statistically

signi�cant di�erences in soil structure due to contrasting management prac-

tices. It was the necessary �rst step towards further research that should

include a richer sample. Then, the trends that suggest this study would be

the hypothesis of those new investigations. Therefore, this might provide the

basis for new projects that are likely to be lengthy and costly, as there is the

need for a greater amount of 3D tomograms of large soil columns.

It has been reported that di�erent land use and management practices sig-
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Figure C.8: Speci�c curvature (voxel− faces−1) as a function of diameter of

erosion/dilatation.

Figure C.9: Speci�c Euler number (voxel−1) as a function of diameter of

erosion/dilatation.
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ni�cantly a�ect directions and magnitudes of the soil processes by contributing

di�erent quantities and qualities of biomass inputs, generating di�erent levels

of soil disturbance, in�uencing soil temperature and moisture regimes. These

di�erences generate notable changes in soil physical and hydraulic properties,

including changes in soil organic matter content, soil porosity, hydraulic con-

ductivity, and water retention [Wang et al., 2012; Zhou et al., 2013]. Our results

suggest that the evolution of morphological features with dilation/erosion is a

suitable indicator of soil structure for cultivated soil, and it seems to describe

the in�uence of two di�erent soil management practices (i.e. conventional

tillage and natural cover crop) on soil structure in a Spanish Mediterranean

vineyard. It is worth noting here how these results re�ect the di�erent pore

structures as depicted by Fig. C.5. The homogeneity of the pore space pro-

duced by tillage is obvious as compared to the heterogeneity of samples under

resident vegetation cover. Similar geometrical features seem to dominate sam-

ples T2 and C2, but big structures discriminate between them and explain

the behavior of the morphological functions of image porosity and speci�c

boundary surface when sample T2 is eroded. These results are consistent with

previous studies on the impact of land use on soil structure [Kravchenko et al.,

2011; Wang et al., 2012] when they remarked on the homogeneity of the pore

structure of conventional tillage as compared with no-till.

Soil structure is regarded as one of the main providers of physical protection

of soil organic matter and carbon sequestration by soils [Six et al., 2000a]. One

of the mechanisms of such protection is a reduced access of organic material

inside soil voids to decomposing microorganisms. The di�erences that we are

observing in the porosity patterns between C and T samples hint at their
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potentially di�erent e�ectiveness for protecting carbon. Clearly, T samples

with their network of bigger voids will be o�ering greater microbial access,

thus poorer protection than the C samples that have more porosity connected

with smaller features. Observations of Ananyeva et al. [2013] support this

hypothesis.

C.9 Conclusions

In this work, we have introduced the essential tools of mathematical morphol-

ogy in order to quantify the geometrical morphology of soil structure. We

made use of 3D images from X-ray CT of soil columns collected at the experi-

mental farm "Finca La Grajera", property of the La Rioja region government,

northern Spain. In this study, we considered four columns collected between

rows of the vineyard that was established in 1996 with Vitis vinifera L. "Tem-

pranillo". Two types of soil management in between rows were undertaken:

(T) conventional tillage management between rows, which consists of a soil

tillage of 15-cm depth by cultivator once every 4-6 weeks, as required for weed

control during the grapevine growth cycle; (C) permanent cover crop of resi-

dent vegetation, which was dominated by annual grass and forbs common to

La Rioja.

We have presented the building blocks of mathematical morphology, the

morphological operations of dilation, erosion. We have dealt with the Minkowski

functionals (i.e. volume, boundary surface, curvature, and connectivity) and

the Minkowski functions that take account of the evolution of the Minkowski

functionals as morphological operations are performed on the 3D object of

interest with balls of increasing diameter.
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Our results suggest that the evolution of morphological features with di-

lation/erosion is a suitable indicator of soil structure for cultivated soil and

it seems to describe the in�uence of two di�erent soil management practices

(i.e. conventional tillage and natural cover crop) on soil structure in a Spanish

Mediterranean vineyard. It is worth noting here how these results re�ect the

di�erent pore structures as depicted by Fig. C.5. The homogeneity of the

pore space produced by tillage is obvious as compared to the heterogeneity of

samples under resident vegetation crop. Similar geometrical features seem to

dominate samples T2 and C2, but big structures discriminate between them

and explain the behavior of speci�c image porosity and boundary surface when

sample T2 is eroded.

These geometrical descriptors that seem to discriminate between these two

types of samples could be used as inputs for morphological models of natural

soil structures. But further investigations are needed to establish quantita-

tively the statistical signi�cance of the observed impact of contrasting man-

agement practices on soil structure.

C.10 Appendix 1

Let us be more precise and specify the objects of interest and the geometrical

conditions of Hadwiger's theorem. A class of objects to which this theorem

applies is the class of sets that can be viewed as the union of a �nite number

of convex objects. An object K is convex when it contains any point of the

segment that joins two of its points. The class of objects made up of �nite

unions of convex sets is worth considering as any three-dimensional binary

image can be considered an element of this class. Binary images are sets
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of voxels which may be thought of as being cubes, and then any geometrical

structure of interest in a binary image is a �nite union of convex objects, which

are the voxels.

There are three geometrical conditions that a functional to which Had-

wiger's theorem applies must ful�ll. The �rst one is motion invariance: the

number assigned by a functional must be independent of the position of the

object in space when the object is translated or rotated. The second one is

C-additivity:

F(K1 ∪K2) = F(K1) + F(K2)−F(K1 ∩K2)

That is to say, the number assigned by a functional F to the union of two

objects K1 and K2 equals the value of the functionals over those two objects

minus parts counted twice. And the third condition is continuity. Consider a

sequence of objects {Kn} that approaches the object K as n tends to in�nity.

An example of this is the sequence of r-parallel bodies of an object K; it is

clear that the sequence of r-parallel bodies {Kn} with r = 1/n, approaches K

as n goes to in�nity or, equivalently, as r goes to zero. Then, the continuity

condition is ful�lled if F(Kn) tends to F(K) as n goes to in�nity. Under these

conditions there are d+ 1 numbers ci such that

F(K) =
d∑
i=0

ciW
(d)
i (K)

where W (d)
i (K) are the Minkowski functionals that assign to any object a

number and K belongs to the d-dimensional linear space.
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C.11 Appendix 2

When the boundary surface of a three-dimensional object is smooth, the third

functional, the surface integral of the mean curvature, M(K), may be inter-

preted as the mean breadth of the object [Ohser and Mucklich, 2000]. This

functional might also be an indicator of the surface boundary shape. Points

on the boundary surface of an object with positive curvatures settle on convex

parts (protrusions) while points with negative curvatures belong to concave

parts (hollows). Hence, the mean curvature of convex points will be positive

while it will be negative for concave points. Taking into account that the sur-

face integral of the mean curvature over a certain boundary region ofK may be

interpreted as the average of the mean curvature over this surface region, the

third functional, M(K), should be positive for convex parts of the boundary

surface while it should be negative for concave parts.

When the object of interest K corresponds to the pore space P , the Euler-

Poincaré Ì� characteristic χ(P ) is an index of the topology of the pore phase

and it quanti�es pore connectivity [Vogel and Kretzschmar, 1996]. In the

plane, Euler-Poincaré can be computed subtracting the number of holes of the

object, H(K), from the number of connected components, CC(K) [Mecke,

1998]:

χ(K) = CC(K)−H(K)

In this context, a connected component of an object is any part of it whose

points are connected to one another by curves of points contained in the object.

Then, a disk has Euler-Poincaré characteristic equal to 1 because it has one
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connected component and no holes. A punctured disk has Euler-Poincaré

number equal to 0, a disk punctured twice, -1, and so on. If the object is just

the union of n separated grains on an image, the Euler-Poincaré characteristic

equals n. This object has n connected components. Similar de�nitions and

relations hold in space though distinction between two kinds of holes must be

made. In space, the Euler-Poincaré characteristic can be computed as the sum

of the number of connected components, CC(K), and the number of cavities of

the object, C(K), subtracted by the number of tunnels, T (K) [Mecke, 1998]:

χ(K) = CC(K)− T (K) + C(K)

Cavities are holes completely surrounded by the object, while tunnels are

handles or redundant loops as torus-like holes through the object connected

with the exterior or background. If the object is just a separate union of n

grains of an image, the Euler-Poincaré characteristic equals n. Then, a solid

ball has Euler- Poincaré characteristic equal to 1, a ball with a cavity in it,

2, a ball with two cavities, 3, and so on. But, if the ball has a tunnel that

goes through it, the Euler-Poincaré characteristic is 0, two tunnels gives a

Euler-Poincaré characteristic equal to -1, and so on.

208





N

T3 4

mm2

mm−1

mm−3



T



µm



Kr = δrB(K)

K−r = εrB(K) K rB

B

rB = {r : ∈ B}

B = { + : ∈ B}

rB r B B

+ B r

r +

K

r rB r

K Kr

Kr =
⋃
∈K

rB

δE(K)







P ci

Pr Pr

r P r

r Pr r

P r

r

φ(r) = V (Pr)/V (ci)

r

r(φ) φ(r)



Pr

ci

ci

S̄r(φ) = S
[
Pr(φ)

]
/V (ci)

M̄r(φ) = M
[
Pr(φ)

]
/V (ci)

χ̄r(φ) = χ
[
Pr(φ)

]
/V (ci)

P

ci





K rB r

K K rB

K rB

K

K

Kc K

Kc

K



W
(3)
i i = 0, 1, 2, 3

V (K) S(K)

M(K)







TM NS



TM

NS



TM NS



TM NS



TM NS



r

r0 r

r0 + r

K B

K B

K

B

r rB

B r Bx



Kr = δrB(K)

K−r = εrB(K) K rB

K

r

K−r = {x : rBx ∈ K}

K rB

K rB

K

r K

r Kr r > 0 r < 0

K r = 0



W
(d)
i (K) d+1

d

W
(2)
0 (K) = A(K)

W
(2)
1 (K) = L(K)

W
(2)
2 (K) = A(B)χ(K)



µm

R



voxel− edges−1



voxel− faces−1

voxel−1


