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Abstract

A quantitative classification of soil texture is proposed based on an entropic index that can be easily computed from knowledge
of the fractional contents of soil textural classes. It is first shown that the index formula supplies a number that agrees with the
entropy dimension when the corresponding soil particle-size distribution (PSD) displays self-similar fractal features. In the
absence of self-similarity, the index is further shown to retain information-theoretic content so that it becomes a meaningful
diversity index in the general case. The index is defined by balancing Shannon’s entropy in an appropriate way to deal with
the high variability of the interval lengths used to report soil particle size classes. The performance of the proposed formula
is illustrated for standard textural data reported as clay—silt—sand soil mass fractions. The index induces a classification of a
continuum of textural classes that may distinguish soils within the same standard textural class, thus establishing a continuous
characterisation of textures that is complementary to the usual classification, but requires no additional information. Finally, it
is shown how the balanced-entropy index might also be used as a measure of body size diversity for living organisms.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction 1972 Soil Conservation Service (SCS), 19%&anoni,

1984. These systems differ both in the particle-size

The classification of soil and sediment textures
plays an important role in the Earth sciences. In par-
ticular, the statistical description of soil particle-size
distributions (PSD) is of great importance in the study
of soil physical properties.

The usual classification of textures defines textural

limits chosen to separate the size groups and in the per-
centage limits established to define each textural class.
Since many different combinations of clay, silt and
sand may correspond to the same textural class, soil
samples of rather diverse composition appear indis-
tinguishable under the grouping that these classes

classes grouping together soils with mass percentagesestablish.Shirazi and Boersma (1984)roposed a

of clay, silt and sand between certain prescribed lim-
its. Different classifications of soil textures have been
proposed Folk, 1954; Shepard, 1954; Baver et al.,
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classification based on the addition of new informa-
tion to the conventional texture triangle used by the
United States Department of Agriculture (USDA). By

integrating on the textural triangle geometric means
and standard deviations obtained from mechanical
analysis of soil samples, they derive a new dia-
gram which provides greater resolution in detecting
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classified soil samples within a textural region. How- 2. Models and parametersfor texturethat require
ever, because of its character of first approximation to no extra information
PSD, a classification system of textures should keep
a trade-off between simplicity and taxonomic power.  The challenge is to find relevant parameters, maybe
A more efficient statistical description may thus be through suitable models, to characterise PSD without
inadequate for classification purposes if it is achieved requiring any more information than that supplied by
at the cost of obtaining extra non-trivial information.  usual textural data. Assume for the sequel that tex-
The issue is whether the characterisation of soil tex- tural data are supplied by the fractior2; { P2, P3)
tures can be refined and unified without requiring any of the mass of soil particles with characteristic sizes
further information than that employed by any of the respectively within the intervalk, |2, I3, which are
standard classification systems, e.g. by the USDA or prescribed to report textures. The basic chaice=
the International Society of Soil Sciences (ISSS), that [0, 0.002] (mm), I = [0.002 0.05](mm) and/3 =
is, data of soil mass percentages of primary particles [0.05, 2] (mm) used by the USDA classification will
only. be considered in this paper. It may be noted that any
The goal of this note is to propose a uniparamet- other choice, varying either the number or the size of
ric continuous characterisation of textures by means the intervals, may be considered within the scheme of
of an index built from Shannon’s entropgtiannon, the model and the accompanying parameter described
1948a,b that can be computed from soil mass frac- below.
tions of primary particles. The use of the index as a  Under the point of view of the statistical description
textural parameter arose from a fractal modelling for of PSD, infinitely many different distribution models
PSD (Martin and Taguas, 1998Under the fractal may be conceived to fit given textural daia (P2, Ps3),
model, the index is the so-callemtropy dimensionf even under strong assumptions like, for instance, log-
the underlying fractal distribution which in turn yields normality. Of course, each one of them would predict
rich information on the scaling behaviour of mass differently the distribution of mass inside the intervals
distribution with respect to particle sizes. However, if 11, |2, I3, when nothing is known from the given data.
the fractal model is not assumed to describe the dis- The selection of a best model to describe the real dis-
tribution of soil particle masses, the index can still be tribution would require extra data on particle sizes at
understood from information theory and can be shown a finer resolution than those reportedlhylo, I3.
to carry information about the heterogeneity of a PSD.  However, for classification purposes, the problem
The ideas above also appear to be useful in ecology, has further subtle shades, since the litle amount of
namely for evaluating diversity of body size distribu- textural information, as reported above, is all that one
tion in living organisms, which is a problem remark- has to design a parameter that differentiates textures.
ably having common features with that of evaluating Such a parameter should ideally capture some mean-
PSD textural heterogeneity. However, further biodata ingful feature of the PSD, rather than describing the
work is needed to illustrate the use of the index in this entire distribution.
context. The approach of the fractal model below links in
The use of the index for practical classification of fact both aspects. First, a distribution model, unequivo-
textures stems fromMartin and Taguas, 199&ar- cally determined from usual textural data without extra
tin et al., 2001) and its role for measuring body size information, is constructed to fit the data and to repli-
diversity was addressed iMartin and Rey, 200R cate unknown data at smaller size scales. Second, the
The general ideas behind the theoretical framework model provides a easily computable parameter which
are discussed in Sections 2 and 3. In Section 4, a prac-proves relevant for the characterisation of soil PSD’s.
tical study using clay, silt and sand percentages corre-
sponding to 171 real soil data from Soil Conservation 2.1. A fractal model for PSD
Service BCS, 1975 is performed to show the abil-
ity of the proposed parameter to characterise soil tex- PSD may be thought of as a mass distribution in
tures. Section 5 comments on the possible use of thethe interval/ = [0, 2] (mm) of particle sizes assign-
balanced-entropy index to evaluate body size diversity. ing to each interval of sizesa| b] the mass of soll
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particles whose sizes are betweeandb. A key fea- ing is very flexible in the sense that a distributMrtan

ture of PSD heterogeneity is the wide disagreement or be constructed from any number of size classes (three
absence of any proportionality between the length of in the USDA system), each of any length. The lengths
any of the three basic size intervalg & [0, 0.002], of the classes may and do vary depending on national
I, = [0.002 0.05], I3 = [0.05, 2]) and the masses classifications, available data, etc. For instance, in the
of soil particles with characteristic sizes within those ISSS classification system, the three basic size classes
intervals. As a matter of fact, scale invariance in the defined byl; = [0, 0.002] (clay), 2 = [0.002 0.02]
PSD distribution, which is strongly suggested from (silt), I3 = [0.02, 2] (sand) are employed. The details
real data analysis, indicates that this disagreement mayon the PSD model and the supporting theory can be
hold within a range of scales. IMartin and Taguas  seen inMartin and Taguas (1998Yhe good perfor-
(1998) it is assumed that it occurs at every scale lead- mance of the fractal model when compared to real data
ing to a fractal model for PSD based on self-similar is shown inFig. 1

distributions. These sorts of distributions, intensively ~ The idea behind this model is that the heterogeneity
studied in fractal geometry, satisfy that the mass dis- displayed by the mass percentages corresponding to
tribution on the basic intervals, I, I3 is reproduced the different size fractions is not a feature observed
within each one of them (suitably rescaled) and it is at a privileged scale only, but it also occurs within a
again reproduced within each one of the rescaled basicrange of (smaller) scales in a similar manner. This is a
intervals within them, and so on. In this way, a fractal simple hypothesis among all plausible ones in order to
self-similar distributiorM is obtained within the inter-  formulate a conjecture for the complex behaviour of
val [0, 2] which matches the textural data, assigning PSD at unobservable scales. Self-similarity is a natural
the right mass to each one of the basic intervals, and it assumption that squeezes the a priori poor information
also replicates this mass distribution structure within carried by the three single percentages of textural data
smaller size intervals. Formally] is constructed from  to determine the entire PSD distribution.

a set of linear mappings and accompanying probabili-  The capability of the model to describe the PSD
ties, i.e. an iterated function system. The model build- of a given real soil was considered and discussed
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Fig. 1. From the knowledge of the mass fractions supported by the particle-size intervals [0, 0.1], [0.1, 0.25], [0.25, 2], 42 intermediate
values are simulated using the fractal model (Soil Horizon A12, p. 498, SCS, 1975).
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in detail in Taguas et al. (1999)Iin that work, the
descriptive power of the model was strongly evi-
denced from the analysis of a large class of soils,
thus conferring validity on the self-similarity ap-
proach to be further exploited while keeping, at the
same time, the need for additional information to a
minimum.

2.2. A new parameter for texture: entropy dimension

Soil PSDs are heterogeneous intricate distribu-
tions which reveal new information when scrutinised

M.A. Martin et al./Ecological Modelling 182 (2005) 221-228

ural and theoretically founded parameter linked
to the degree of heterogeneity of complex distri-
butions and it becomes in turn a candidate for a
fine quantitative characterisation of individual soil
textures.

In soil sciences, it has been recently shown that
the entropy dimension can be properly defined from
real data for grain size soil distributiondviértin
and Montero, 200iland pore size soil distributions
(Caniego et al., 2001 However, fair direct computa-
tions of entropy dimensions, such as those mentioned
above, require textural data for a wide range of scales,

at smaller and smaller scales and thus theoretical which are not usually available from standard data. In
parameters coming from measure theory and in- principle, this implies that entropy dimension, being
formation theory may conceivably be adapted to theoretically well adapted to measure texture, would
describe the complexity of these sorts of particu- be useless for practical purposes.
lar distributions. Shannon’s entropy (1948a,b) is an  However, the fractal model for PSD described in
information-theoretical parameter that may be suit- Section 2.1 can be used to overcome the difficulty
ably interpreted as a measure of the complexity of in computing entropy dimensions discussed in the
a distribution. In fact, entropy has already been pro- preceding paragraph. Indeed, the assumption of the
posed in the life sciences as a plausible measure ofmodel plus theoretical results from fractal geome-
biodiversity Margalef, 1958 in the sense of even- try show that, for a self-similar PSD, the entropy
ness or heterogeneity of the diversity of species in an dimension is given by the simple formula
ecosystem. The same use of entropy to measure pe-
dodiversity has been recently discusskxfiez et al., _ Y2 P logP;
1998; Martn and Rey, 2000; Ibafiez and De-Alba, 2 Plogr
2000. Apparently, entropy has not been proposed so h
far in the Earth sciences as a measure of soil texture where theP;’s are the soil's clay-silt-sand fractions
or sediment particle size heterogeneity. and the numbers are the ratios between the lengths
In the context of this note, if the size interval is of the three basic size intervals and the length of
partitioned into many size intervalg, Jo, ... , Ji of the size interval (that is, 2). In the USDA system,
characteristic lengthand with soil particle mass frac- r; = 0.001,r, = 0.024 andr3 = 0.975. The formula
tions p1, p2, ..., pk, respectively, the Shannon’s en- above can be easily computed from conventional tex-
tropy of the partition, which is defined by tural data and it thus provides an efficient and straight-
forward way of evaluating the entropy dimension of
the fractal model replicating PSD from textural data.
The entropy dimensiob takes values between 0 and
1, and it may be interpreted as follows: the higher the
is expected to increase without bound as the length value of D the more heterogeneous the soil's PSD
scaler decreasesr(— 0 ork — o). This is be-  and in turn the richer the soil’s textural structure.
cause the complexity of the PSD increases when the Moreover, sincd may take any value from 0 to 1, en-
grain size resolution magnifies. This leads to the com- tropy dimension—supplying a continuum of textural
putation of the growth rate dfi(r) with respect to the  classes—adds a further criterion of discrimination of
scale: the numbeD such that soil textures in terms of heterogeneity, when compared
with standard classifications. A thorough interpreta-
tion of the above formula and its theoretical properties
in terms of texture analysis is given Martin et al.
(2001)

k
H(r) = —ij log pj,
j=1

H(r) «x —Dlogr,

is called the entropy dimensionof the distribu-
tion (Renyi, 1957. Entropy dimension is a nat-
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2.3. Balanced entropy as a diversity index without
any underlying model

justified that balanced entropy generalises Shannon’s
entropyH as an heterogeneity index and that it must

be used in place of Shannon’s entropy to consistently
evaluate a distribution’s heterogeneity when reporting

mass proportions on size intervals of quite unequal
length.

Properties of balanced entropy that are of signifi-
cance for the problem of measuring heterogeneity are
tion 2.2 as far as the self-similarity of PSD (respect mentioned next. As a consequence of the information
to the similarities defined through the basic partition) inequality Cover and Thomas, 1991the indexD
is guaranteed. The closer a PSD is to the self-similar takes values in [0, 1]. The cagg = 0 just occurs for
model, the closer its entropy dimension is to the in- the most uneven or homogeneous distribution, since
dex D. Although in Taguas et al. (1999%he fractal all the mass is carried by one size class only. On the
model was consistent with data for a large number of other hand,D = 1 if and only if P; = r;, which cor-
soils, the self-similar hypothesis may not be assumed responds with the most even or heterogeneous distri-
to hold in general. bution, because the mass is uniformly scattered within

Notice, however, that the entropy dimension for- each size class. The size distributigplays the role of
mula can be naively computed from textural data for a reference distribution of maximal heterogeneity with
any soil independently of the degree of self-similarity respect to the basic size partition. In the USDA sys-
which is assumed. Thus, the question arises whethertem, the maximal heterogeneity texture corresponds
the number® so obtained still carry any information to the fractions 0.1% clay, 2.4% silt and 97.5% sand,
that may be linked to textural heterogeneity in some located very close to the rightmost corner of the tex-
sense. This release from the underlying fractal model tural triangle. Of course, the uniform sand class at the

A main objection for the use of the entropy dimen-
sion D as a soil textural heterogeneity index might
be the assumption of the self-similar PSD model to
which the interpretation db is tied. Strictly speaking,
the formula forD has the meaning explained in Sec-

would permit the use dD as a heterogeneity indicator
for arbitrary soil textures. It is actually the case tbat
can be interpreted in this way within the framework
of information theory.

Remember that the parameteyswere defined as
the ratios between the length of the basic size interval
I; and that of the size intervhlwhich is 2. Notice that
r1+rz2+r3 = 1 so that the size parameters define,
as the masses distributi®h, a probability distribution
in the interval of texturek It turns out that the number
D satisfies iartin and Rey, 2002

_ H
H +d(Pi||r;)

whereH is the Shannon’s entropy of the mass dis-
tribution andd(P;|Iri) is the Kullback—Leibler (KL)
distance (Kullback and Leibler, 1951 between the
distributions of masseB; and the distribution of sizes
r; (which is given byd(P;||r;) = ) ; P;109(Pi/r);

in this case, se€over and Thomas, 1991This in-
dex is calledbalanced entropyoy Martin and Rey
(2002) where it is proposed for evaluating diversity,

right vertex of the textural triangle has null balanced
entropy, what gives account of the extremal homo-
geneity of this uniform texture—the whole mass being
supported by only one class. For practical purposes of
comparison of textures, the fact that totally homoge-
neous texturesK; = 1 for somei) are characterised
by D = 0 does not seem relevant: while there is no
need for a parameter to discern among those textures,
D does play a role in parametrising (comparing) tex-
tures with positive fractions of each class of primary
particles, that is, when dealing with textures properly
inside the textural triangle.

Notice that balanced entropy is simply a multiple of
the entropy of Shannon in the case that thare all
equal. In general, the indeX distorts Shannon’s en-
tropy to take into account the disparity of the lengths
of the size intervals. In contrast with Shannon’s en-
tropy, D takes values in [0, 1] for any numbbrand
any sizes of the intervalg. This makes it possible to
useD to compare data with very different formats (i.e.
N andr; varying) in the sense th& always supplies
a sort of distance measure to the reference distribu-

in the sense of evenness or heterogeneity, of a generation that satisfied; /r; = 1. In the context of soil, this

mass—size distribution defined using any number of
size intervals with arbitrary lengths. In that paper, it is

permits comparing PSD data from different classifica-
tions that define a priori incomparable textural classes.
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3. Using the entropy index

In this section, the use of the entropy formula is
discussed in characterising soil texture from standard
data reporting only the basic (clay, silt and sand) mass
soil fraction content. Textural data of 171 soils were
analysed that correspond with the two first horizons
of soils described by Soil Conservation ServiSES,
1975 pp. 486—742). Data from the USDA system are
employed in the case study below, although the same
conclusions are derived using the ISSS classification
system.

As explained above, the size parameteenter the
entropy formula ag; = 0.001,r, = 0.024 andrz =
0.975 for the USDA system. The entropy dimension
of any soil data is then computed by plugging the soil
mass fractiond;, P2, P3 that correspond with each
size intervally, Iz, I3 into the formula forD proposed
by Martin and Rey (2002)

The entropy dimensions obtained for the considered
soils are represented in the conventional textural tri-
angle Fig. 1). Regions defined by the analysed soils
with entropy dimension® below 0.2, between en-
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Fig. 3. Subregions defined in the textural triangle considering a
finer partition of the value range [0, 1] for entropy dimensions
using data of 171 soils from the USDA system. The boundary of
the conventional sandy loam category is displayed to showDhat
discriminates soils within such a class.

considered. As expected from the fact tBatlepends
continuously on the fraction®;, soils with similar
mass fraction distributions have close entropy di-

tropy dimensions 0.2 and 0.4, between 0.4 and 0.6 andmensions, as shown within each dimensional region

between 0.6 and 1 are displayedFig. 2

It may be seen that the regions are well-defined
within the textural triangle, do not overlap and, when
combined, tile the whole region covered by the soils

100

(%) Clay

(%) Sand

Fig. 2. Regions defined in the textural triangle considering several
entropy dimension bounds using data of 171 soils from the USDA
system.

represented irFig. 2 Also, it may be noticed that

D increases with increasing percentages of sand par-
ticles. This is because the sand intervi)) (is the
biggest and it so contains the widest variety of size
particles. As a result, soils with a heavier mass content
in the sand fraction have richer textural compositions,
which amounts to larger entropy dimensions.

It is also noticed that the entropy dimension, yield-
ing a continuum of textural classes, is capable of dis-
criminating soils inside the same textural class accord-
ing to the usual classification. This can be appreciated
in Fig. 3, where connected non-overlapping subregions
containing soils withD between bounds 0, 0.2, 0.3,
0.4 and 0.5 are displayed inside the primary regions
of Fig. 2

4. A claim for the use of balanced entropy to
evaluate body size diversity

The ideas developed above for the problem of
heterogeneity of textures may notably apply in the
field of ecological diversity. The reason is that the
key features of PSD are matchedutatis mutandis
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by significant mass—size distributions in biodiversity, isation of textural heterogeneity of soil particle size
specifically by the distribution of biomass with re- distribution (PSD). The index is easily computable
spect to body sizes of living organisms within an by a simple formula defined in terms of the standard
ecosystem. Biomass diversity plays a significant role clay—silt—sand ratios, no matter which system is em-
among the multiple aspects of ecological diversity.  ployed to report soil texture.

Shannon’s entropy has been used to measure Assuming a fractal model for PSD, theory from
biomass diversityl(urié et al., 1983 using body size  fractal geometry implies that the proposed parameter
classes of uniform length regardless of their species coincides with the entropy dimension of the model
composition. In this context denotes the interval of  distribution.

body sizes, and the target distributiéh describes In the absence of the fractal model, the number
the fraction of biomass carried by individuals whose rendered by the formula can be understood from the
body size is within the size intervgl. point of view of information theory. In this general

The crucial remark is that, as in the case of re- case, balanced entropy is a well-founded heterogeneity
porting soil texture, the use of uniform size partitions index that gives a sort of distance of PSD’s to a fixed
to processing real biomasss data seems to be highlyreferential distribution.
non-efficient. This may be seen as a consequence of Theindexinduces a complementary continuous tex-
allometric laws (e.gDamuth, 1981, 1987; Tokeshi, tural parametrisation that permits comparing soil tex-
1993, i.e. N(W) o« W, wherex is a constant and  tures reported using different standard systems.

N(W) denotes the number of individuals with body The formula is computed for a large number of soils
size greater thaklV. and the induced textural classification is represented
Remarkably, a similar scaling behaviour holds for inside the conventional textural triangle, showing how
PSD (Turcotte, 1985 i.e. N(R) « R~“, whereN(R) two different PSD heterogeneities within the same tex-

is the number of particles of sizes greater tfaand tural class can be discriminated using the index.

dis a constant. Since the (bio)mass range has such an A replica of the framework of the textural problem
enormous variation, a huge disproportionality occurs is obtained when considering the evaluation of hetero-
between the total biomass carried by a size interval geneity of biomass distributions in ecology. It is sug-
and the body size range that the interval covers. This gested how the use of balanced entropy may apply in
feature can be also grasped in models of biomassthis context.

distribution (urié et al.,, 1983 As a consequence,

biomass field data are expected to be reported using
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