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A B S T R A C T

The application of different data mining methods for large soil profile datasets can be very useful for many
agricultural and natural resource management applications, ranging from crop modeling to soil taxonomy.
Distance or dissimilarity measures are key features of these methods. The proximity measure or the distance
between vectors is calculated when they have the same dimensions. In the case of the soil profile data, the
corresponding matrices representing different soils and their horizon properties usually have different dimen-
sions. The objectives of this study were to explore a new approach for creating a semi-metric based on adjust-
ment of the soil profile horizons, implement it in the computer application and to apply the modified distance
matrix calculation to maximize the use of soil horizon properties for soil data mining. We assume that each soil
horizon is homogenous while a vertical heterogeneity of soil profile is expressed through different soil horizons.
Therefore, any sublayers of a horizon are characterized with the same values for its attributes as the horizon
itself. In our approach, we developed matrices with the same dimension for soil profiles and calculated the
proximity measure. The algorithm was implemented as an easy to use Fortran application that can calculate the
modified distance matrix (MDM) for low- and high-dimensional soil profiles data. The proposed approach was
shown to be effective when using existing reliable datasets, such as WISE Version 3.1, a global soil profile
database developed by ISRIC. Hierarchical clustering was performed using the MDM based on the original al-
gorithm of soil profile horizons adjustment with further integration into R. The principal finding shows that a
proposed modified distance matrix can be used with different clustering methods for soil profile data clustering
on a horizon-by-horizon basis. This study established a new methodology for using the modified distance matrix
calculation and applying it with different clustering algorithms to large sets of soil profile data obtained from
detailed soil surveys.

1. Introduction

Cluster Analysis (CA) is a data mining or data exploration method
for unsupervised classification of patterns represented by observations,
data items, or feature vectors for identifying natural groups within a set
of entities. It is used to detect objects that share some selected property
(e.g., time series, spatial patterns, soil profiles, etc.) and to create
homogeneous groups of objects based on the observed similarities be-
tween the characteristics of these objects as described in the dataset
(Everitt et al., 2001; Hair et al., 2009). CA is applicable to any type of
data, and only a proximity matrix for a dataset is needed. This type of
analysis is easy to interpret and has intuitive mathematical principles

(Bandyopadhyay and Saha, 2013; King, 2015).
Various clustering and classification algorithms have been used for

data mining for different applications across a wide range of disciplines,
including economics, biology, meteorology, agriculture, soil science,
and many others. Numerical soil classification began soon after the
invention of the computer. For the first time, similarities between soil
profiles were calculated and then were converted into distances, which
subsequently enabled the reduction of multi-dimensional space, a pro-
cess known as ordination (Hole and Hironaka, 1960; Rayner, 1966;
Fitzpatrick, 1967; Moore and Russell, 1967). Since its inception, sig-
nificant research has been conducted on numerical soil classification.
Some classifications were created hierarchically (Webster and
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Burrough, 1972) and others non-hierarchically (Crommelin and de
Gruijter, 1973; Little and Ross, 1985) using various clustering algo-
rithms. Later, by recognizing the intergrading nature of the soil popu-
lations, algorithms were applied using concepts of fuzzy sets and fuzzy-
k means (Burrough et al., 1992; Lagacherie et al., 1997), and fuzzy-k
means with extra grades (McBratney and de Gruijter, 1992; Mazaheri
et al., 1995; Carré and Jacobson, 2009; Hughes et al., 2014). A hier-
archical cluster analysis was used to group cone index layer profiles and
to form groups that had similar penetrations, resulting in pedotransfer
functions for cone penetrometers (Grunwald et al., 2001a; 2001b).

Three soil profile distances built from pedological, utilitarian and
joint points of view were implemented in the Java Web Application,
called OSACA (an acronym for “Outil Statistique d’Aide à la
Cartogénèse Automatique”) in order to allocate profiles to existing
classes or to create a new classification of the profiles (Carré and
Jacobson, 2009). Beaudette et al. (2013) provided a comparison of
various existing soil profiles clustering approaches and developed a
package called “aqp” (algorithms for quantitative pedology) for R that
supports the analysis of soil databases. This package was designed to
support data-driven approaches to common soils-related tasks such as
visualization, aggregation, and classification of soil profile collections.
In addition, Beaudette et al. (2013) sought to advance the study of
numerical soil classification by building on previously published
methods within an extensible and open source framework.

Clustering approaches as nonparametric methods have been suc-
cessfully used in other applications as well. These techniques do not use
any predefined mathematical functions and are based on similarities
instead of fitting equations to data. Nemes et al. (2006, 2008) in-
troduced a nonparametric lazy learning algorithm based on the k-
Nearest Neighbor algorithm (k-NN) and they used this algorithm to
estimate soil hydraulic properties. The technique showed little sensi-
tivity in terms of how many nearest soils were selected and how those
were weighed while formulating the output of the algorithm, as long as
extremes were avoided. They found that the k-NN technique is a
competitive alternative to other techniques for developing pedotransfer
functions (PTFs).

Following the study by Gijsman et al. (2002) that compared eight
methods for estimating water-retention parameters, Jagtap et al. (2004)
developed a new approach based on the k-NN to determine values for
missing soil properties. This procedure used a database of field-mea-
sured soil–water-retention data in relation to the soil physical proper-
ties of the sample. The soil most similar in texture and organic carbon
concentration was considered the ‘nearest neighbor’ among all the soils
in the database. These soil–water-retention values were assumed to be
similar to those that needed to be estimated. To avoid estimating
soil–water-retention values only based on one soil in the database, the
six ‘nearest neighbors’ were used and weighted according to their de-
gree of similarity. Gijsman et al. (2007) used this approach to convert
1,125 soil profiles from the international global soil database into a
format that could be used as input data for commonly used biophysical
computer models, such as the crop simulation models within the De-
cision Support System for Agrotechnology Transfer (DSSAT) (Jones
et al., 2003; Hoogenboom et al., 2019).

The approach applied by Jagtap et al. (2004) averages the values of
soil properties by depths, thereby implying that all soil information is
contained in a single horizon. Therefore, when comparing soils, the
approach does not consider soil as a profile that consists of a set of
different horizons with various soil property values. In addition, the
approach does not take into account the thickness of the soil profile
horizons and the overall depth of the profile. The varying number of
soil horizons makes it difficult to conduct a direct comparison between
profiles. To resolve this issue, Jones and Thornton (2015) selected the
most representative profile for each soil type of the WISE Database and
used only three horizons from each soil profile, namely, the top hor-
izon, the bottom horizon, and the horizon closest to the center. For soil
profiles that consist of only one horizon, the single horizon was

triplicated; for soil profiles that have only two horizons, the second
horizon was duplicated. This repetition ensured consistency of the
distance measure across profiles and simplified programming to only
three horizons. All variables were normalized by dividing by the range;
the average of each profile set for each soil type was calculated, and
then the Euclidean distance from the average was calculated for each
profile. The profile with the minimum distance from the mean was
chosen as the most representative profile. However, this approach
limited soil profiles to only three horizons and by duplicating horizons
and creating additional ones, it goes beyond the existing soil profile
depth.

Applying different data mining methods including CA, to large soil
profile datasets can be very useful for agricultural and natural resource
management applications, ranging from crop modeling to soil tax-
onomy. Many of these applications include modeling of water and so-
lute transport processes, and they require detailed information about
soil properties by horizon, which is not always readily available. Many
of these properties can be estimated indirectly from soil texture and
other properties included in soil databases that are available for many
regions across the globe. Soil properties can also be estimated based on
the homogeneous group of soil profiles in the absence of laboratory-
measured soil physical and chemical properties (Minasny and
McBratney, 2007). Therefore, soil profile data clustering could be very
useful for these types of applications.

A definition of the distance or similarity between pairs of objects is
necessary for CA. Given p objects, each composed of m × n elements
organized in a data matrix X of dimension m × n, one commonly used
measure of the proximity between two objects is simply the Euclidian
Distance, which assumes that these two objects have the same dimen-
sion. For example, the World Inventory of Soil Emission Potentials
(WISE) Harmonized Global Soil Profile Dataset (WISE3, ver. 3.1) of the
International Soil Reference and Information Centre (ISRIC) (Batjes,
2008, 2009) contains data for 47,833 soil horizons for a total of 10,253
soil profiles. The number of soil horizons per profile ranges from 1 to
14. Of all the profiles, 2,604 have 5 horizons; 2,488 profiles have 4
horizons; 1,781 profiles have 3 horizons; and 1,742 profiles have 6
horizons. If we develop a matrix for each soil profile where the columns
represent the attribute values for all horizons and rows are all attribute
values by horizon, then the matrices will have a different number of
rows and columns for the different soil profiles and, thus, a different
dimension. As an example, let us consider two soil profiles: the first soil
profile with 5 horizons (first dimension) and 6 attributes (second di-
mension) (a matrix of dimension 5 × 6) and the second soil profile with
6 horizons and 6 attributes (a matrix of dimension 6 × 6). Generally,
we might have the same number of attributes as the second dimension,
but the first dimension most probably will be different due to the dif-
ferent number of soil horizons. Therefore, the calculation of the dis-
tance, for example of the Euclidian Distance, is not possible.

In addition, the rows in the matrix might represent soil horizons that
have different lower depths. In WISE3 the thickness of the soil profile
horizons ranges from 0.01 to 4.30 m. Among all soil horizons, the
majority (5,234) have a thickness of around 0.20 m, 4,169 horizons
have a thickness of around 0.16 m, and 3,264 horizons have a thickness
of around 0.30 cm, while the average thickness of a soil horizon is
0.28 m. Finally, the matrices might represent soil profiles that have a
different soil depth. For example, in WISE3, the soil depth of the pro-
files ranges from 0.01 to 8.50 m.

The concepts of distance and similarity are crucial for many scien-
tific applications. Distance and similarity measure are mostly needed to
compute the distances or similarities between different objects, and are
essential requirements in almost all pattern recognition applications,
including classification, clustering, feature selection, outlier detection,
regression, and search. A large number of distnace and similarity
measures exist in the literature; thus, selecting one most appropriate for
a particular task is a crucial issue (Bandyopadhyay and Saha, 2013;
King, 2015). In the case of the soil profile data when comparing soil
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profiles and estimating either the distance or similarity, one should take
into account the properties of the individual horizons, the different
number of horizons, the different depths for each horizon, and the soil
depth of each profile. Therefore the objectives of this study were (i) to
develop a new approach for defining the distance or dissimilarity
measure between soil profiles based on horizon-by-horizon properties;
(ii) to implement this approach in an algorithm and as a computer
application; and (iii) to demonstrate its effectiveness for soil profile
clustering using a comprehensive soil profile database.

2. Materials and methods

2.1. The Euclidian distance and soil horizons

The success of any pattern recognition technique largely depends on
the choice of the proximity measure, which varies depending on the
type of data used (Bandyopadhyay and Saha, 2013). The Euclidian
Distance (ED) is the most commonly used dissimilarity measure for
quantitative variables when vectors of the properties that characterize
the objects have the same dimension. The ED between p dimensional
vectors = ⋯X x x x( , , , )p1 2 and = ⋯Y y y y( , , , )p1 2 is defined as follows:

∑= −
=

d X Y x y( , ) ( )
i

p

i i
1

2

(1)

If measurement data for the soil profile attributes are provided for
the individual soil horizons, then we might have X and Y vectors of
dimension p, where p = m × n and:

= ⋯ ⋯ ⋯ ⋯X x x x x x x x x x( , , , , , , , , , , , , )n n m m mn11 12 1 21 22 2 1 2

= ⋯ ⋯ ⋯ ⋯Y y y y y y y y y y( , , , , , , , , , , , , )n n m m mn11 12 1 21 22 2 1 2 (2)

Here, n is the number of soil attributes; m is the number of soil
horizons; ⋯x x x, , , n11 12 1 are the first soil horizon attributes values of the
first soil profile, etc., ⋯y y y, , , n11 12 1 are the first soil horizon attributes
values of the second soil profile, etc.

In this case, the ED can be expressed as follows:
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Soil properties vary significantly horizontally across the landscape
as well vertically through the soil profile. Therefore, using discrete in-
tervals or genetic horizons to measure soil profile properties has been
the de facto mode of operation in soil science for two main reasons.
First, soils often have clear horizons that appear uniform in their tex-
ture, color, or structure. Second, field sampling and laboratory analysis
are very costly. Thus, horizon-based sampling offers a reasonable
compromise between the analysis cost and the information obtained
(Myers et al., 2011). Soil datasets often consist of samples collected
from many different locations and at different depth intervals. Studies
may consider fixed intervals (e.g., 0–10 cm, 10–20 cm, and 20–30 cm),
or they may use sampling intervals that are defined according to soil
horizons. In this study, we use the term soil horizon in a generic way to
refer to the fixed intervals in the depth of the soil profile; we also use
the term in certain situations to refer to genetic horizons.

A common problem with soil profile data is that the vectors that
represent measurement data for the soil profile attributes might have
different numbers of elements and, thus, dimensions, and that the data
from the horizons of the two soil profiles could refer to a different
horizon thickness or soil depth. For the sake of convenience in using
this methodology, we reconstruct the presented X and Y vectors (2) to
matrices of m × n dimension as follows:
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Here, each row represents attributes values of one horizon of a soil,
and each column represents one soil attribute value for all horizons of a
soil profile.

If the two matrices of Eq. (4) have the same dimension m × n, we
can calculate the ED between them using the Eq. (3), where i and j are
indices for horizons and the attributes, respectively. Here, m is the
number of horizons; n is the number of attributes; and xij and yij are the
standardized values of jth attribute of ith horizon point. It should be

Fig. 1. Schematic representation of soil texture profiles X, Y, Z with different lower depth (cm) of horizons (a); adjusted soil profiles Xmod, Ymod when calculating the
modified distance between soil profiles X and Y (b), and adjusted soil profiles Xmod, Zmod when calculating the modified distance between soil profiles X and Z (c). X1

is the vector of attributes of the first horizon of X and Xmod soil profiles, X2 - for the next horizon, etc. Y1 is the vector of attributes of the first horizon of Y and Ymod

soil profiles, Y2 – for the next horizon, etc. Z1 is the vector of attributes of the first horizon of Z and Zmod soil profiles, Z2 – for the next horizon, etc.
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noted that each attribute has to be standardized to minimize the scale
difference. Thus, if we represent data for different soil profiles as ma-
trices, then they generally have different dimensions because of the
different number of the soil horizons for each profile and different
lower depths of the individual soil horizons. To visualize this, Fig. 1a
depicts the schematic representation for three different soil pro-
files X, Y, and Z. Profile X has 4 horizons with a lower depth of 10, 30,
40, and 50 cm, respectively, and X1, X2, X3, and X4 vectors of attributes
by horizons. Here, = ⋯X x x x( , , , )n1 11 12 1 is a vector of attributes for the
first horizon; n is the total number of attributes, etc. Soil profile Y has 5
horizons with a lower depth of 20, 35, 45, 60, and 70 cm, respectively,
and Y1, Y2, Y3, Y4, and Y5 vectors of attributes. Here,

= ⋯Y y y y( , , , )n1 11 12 1 is a vector of attributes for its first horizon, etc. Soil
profile Z has 5 horizons with a lower depth of 5, 20, 30, 35, and 45 cm,
respectively, and accordingly Z1, Z2, Z3, Z4, and Z5 vectors of attributes.
Here, = ⋯Z z z z( , , , )n1 11 12 1 are the attribute values for the first soil hor-
izon, etc. In this case we have the following three matrices: X of di-
mension 4 × n, Y of dimension 5 × n, and Z of dimension 5 × n.
Although the matrices Y and Z have the same dimension, we cannot
compare a horizon that has Y1 vector of attributes and a lower depth of
20 cm with a horizon that has Z1 vector of attributes and 5 cm lower
depth. Therefore, we cannot calculate the ED because of differences in
lower depth of the soil horizons or because of a difference in horizon
thickness. Accordingly, we developed a new approach to calculate the
distance measure or dissimilarity in order to overcome the problem
related to different dimensions of the matrices representing soil profiles
and different horizon thickness.

2.2. Pair-wise soil profiles adjustment

In this study, each soil profile and the associated attributes for each
horizon are identified with a matrix of dimension m × n as follows:
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Here,m is the number of the soil horizons and n is the number of the
soil profile attributes.

In general, normalization and standardization strategies are applied
to not only scale data, but also to remove certain systematic biases that
are inherent in the data. The biases are caused by the dependencies
between attributes, which might not have a normal distribution. In
normalization, where each attribute is treated independently, current
methodologies include min–max normalization, z-score standardiza-
tion, and normalization by decimal scaling (Dua and Chowriappa,
2013). It is advantageous to use z-score standardization when the da-
taset includes extensive outliers (Han and Kamber, 2006). Thus, for the
first step we use z-score standardization for all attributes according to
the following equation:

=
−

x
x x

sij std
ij j aver

j std
,

,

, (6)

In Eq. (6), xij,std is the standardized value of the jth attribute of the
ith soil horizon; xij - a value of the jth attribute of the ith soil horizon;
xj,aver - an average value of the jth attribute for all soil horizons; and
sj,std - standard deviation of the jth attribute values for all soil horizons.

Soils often have clear horizons that appear uniform in their texture,
color, or structure (Myers et al., 2011). Therefore, we assume that while
a soil profile’s vertical heterogeneity is expressed through different soil
horizons, but for the given soil profile each of its horizons is homo-
genous. Hence, if any ith horizon of the soil profile has a vector of at-
tribute values ⋯x x x( , , , ),i i in1 2 then any layer whose lower depth is less
than the current horizon and at the same time higher than an upper
horizon is characterized with the same vector of attribute values. Based

on this assumption we define any additional layer(s) after comparing
lower depths of two horizons of the soil profiles. For example, the first
horizons of soil profiles X and Y have a lower depth of 10 cm and 20 cm,
respectively (Fig. 1a). Therefore, we can define an additional layer up
to a depth of 10 cm to profile Y by constructing the new Ymod soil
profile as it is shown for Ymod (Fig. 1b). The new layer constructed for
soil profile Ymod will have the same known Y1 vector of attribute values
of the initial horizon with a lower depth of 20 cm. Thus, vector Y1 is
shown twice (Fig. 1b). We continue this process of defining layers for
each horizon of the soil profile considering their lower depths in the
pair of soil profiles Xmod and Ymod (Fig. 1b), as well as Xmod and Zmod

(Fig. 1c).
To calculate the distance between any two matrices that correspond

to two different soil profiles, we create two new soil profiles Xmod and
Ymod according to the procedures described. An example is illustrated in
Fig. 1, in which thick lines indicate the lower depths of existing soil
profile horizons and dashed lines indicate the newly created additional
layers with attribute values from soil profiles X and Y. After completing
this process, we have seven layers in both the Xmod and Ymod profiles
that replace the four horizons for soil profile X and five horizons for soil
profile Y with known attribute values. All soil layers in the profiles Xmod

and in Ymod have the same thickness except for the deeper section of the
profile. At this point, we do not consider the section of the soil profile Y
that is below a depth of 50 cm as it does not have any corresponding
horizons in soil profile X.

Similar to the process for soil profiles X and Y (Fig. 1b), we apply the
same procedures for soil profiles X and Z to create soil profiles Xmod and
Zmod (Fig. 1c). We have seven layers for the profiles Xmod and Zmod that
replace the initial four horizons for soil profile X and five horizons for
soil profile Z with the same vectors of attribute values as for soil pro-
files X and Z (Fig. 1a). Again, at this point, we ignore the section of soil
profile X below a depth of 45 cm as it does not have any corresponding
horizons in soil profile Z. As a result, the modified soil profiles have
known attribute values and the same number of soil layers with the
same thickness. Following the adjustment of each pair of soil profiles,
we now have matrices with the same dimension and we can calculate
the ED as defined in equation (3) or introduce a proxy measure. In Eq.
(3), n is the number of the soil profile attributes, which is constant for
all soil profiles; m is the number of the soil profile layers, which will
vary depending on the pair of the soil profiles being adjusted.

2.3. Modified distance matrix calculation

Up to this point, we have not considered the differences in soil depth
between soil profiles and uncertainty inherent in those differences
(Fig. 1). We now consider a case in which there are three soil profiles.
Two profiles have exactly the same number of horizons, thickness of
horizons and soil depth. The third profile has one section that is the
same as the second profile and another section with additional hor-
izons, and thus a greater soil depth. If we calculate, the distances be-
tween the first two soil profiles and then between the first and the third
soil profile, the distances will be the same. However, the third profile
differs from the second one and has additional horizons below the soil
depth of the second profile. For such a case, we introduce a correction
coefficient of soil profile closeness by depth between any two soil
profiles X and Y using the following equation:

= + −k X Y h h
h h

( , ) 1 | |
max( , )corr

X Y

X Y (7)

Here hX and hY are the soil depths for each of the two soil
profiles X and Y.

Using the correction coefficient, we can also take into account the
differences in soil depth of two soil profiles and the uncertainty in-
herent in those differences. This allows us to calculate the modified
distance (dm) between any two X and Y soil profiles using both the
correction coefficient (kcorr(X,Y)) and the distance value between
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matrices of adjusted soil profiles as follows:

=d X Y k X Y d X Y( , ) ( , ) ( , )m corr mod mod (8)

Here, d X Y( , )mod mod is the ED between adjusted soil profiles Xmod and
Ymod. The correction coefficient introduces the degree of uncertainty
related to the unknown part in one of them if the soil depths of the two
soil profiles are different. It increases the distance or dissimilarity be-
tween two soil profiles when the difference between soil depths of the
two soil profiles increases.

Based on equation (7), the correction coefficient kcorr for two soil
profiles that have the same soil depth (hX = hY) equals 1 and the dis-
tance for those two profiles will be same as for the modified soil pro-
files. The larger the difference between soil depths for two soil profiles
the larger −h h| |X Y and kcorr , and, thus, the value for the distance (Eq.
(8)). For example, for the soil profiles X and Z shown in Fig. 1a and for
the soil profiles Xmod and Zmod shown in Fig. 1c, with soil depths dif-
ferences in 5 cm kcorr equals 1.1. For the soil profiles X and Y from
Fig. 1a, and for the soil profiles Xmod and Ymod (Fig. 1b) with soil depth
differences of 20 cm, kcorr value equals 1.3. Therefore, the values of kcorr
(1.1 and 1.3) will affect the final distance values based on the distances
between the modified soil profiles.

Distances that are not straight lines follow four rules (Fielding,
2007; Bandyopadhyay and Saha, 2013). Let d X Y( , )m be the modified
distance between two soil profiles X and Y, then:

1. d X Y( , )m ≥ 0 (if profiles are identical, =d X Y( , ) 0m ; if they are
different, >d X Y( , ) 0m );

2. =d X Y d Y X( , ) ( , )m m (the distance from X to Y is the same as that
from Y to X);

3. d X X( , )m = 0 (a soil profile is identical to itself);
4. ≤ +d X Z d X Y d Y Z( , ) ( , ) ( , )m m m

A distance measure is called a metric if it satisfies all four of the
above conditions. Hence, not all distances are metrics, but all metrics
are distances (Fielding, 2007; Bandyopadhyay and Saha, 2013). In the
case of semi-metrics, the distance measures obey the first three condi-
tions but may not obey the fourth ‘triangle’ condition (Fielding, 2007).

The first three conditions are simple and the modified distance for
the soil profiles d( m) satisfies them. The fourth condition is more com-
plex and for the modified distances of the soil profiles, this condition is
generally not true. This means that when considering three soil
profiles X, Y, Z, the distance between two of them might exceed the sum
of the distances between the other two. In other words, the modified
distances of the soil profiles cannot be constructed as a triangle; thus,
this proxy measure is a semi-metric. Semi-metrics have been applied
successfully in many clustering applications (Gowda and Diday, 1992;
Jain et al., 1999), thereby confirming the viewpoint that the distances
or dissimilarities do not necessarily need to be metric (Gowda and
Diday, 1992; Jain et al., 1999).

2.4. Algorithm for modified distance matrix calculation

Based on the previously described approach, we developed an al-
gorithm and implemented it in a Fortran program to calculate the
modified distance (dm) for every pair of soil profiles from a given file
with soil profile data and to construct a symmetric matrix consisting of
distances between two soil profiles, hereafter referred to as the MDM
(Modified Distance Matrix). The calculation of the MDM was im-
plemented using the following steps (Fig. 2):

1. The program reads soil profile data from a *.csv (comma separated
values) file. The example of the file structure is given in Table 1 and
is as follows: the first line contains the column headers with soil
profile attribute names. The first column should be the identifiers
for each horizon; WISE3_ID is the unique soil profile number and is
the same of all horizons for the same profile. The second column

represents the lower depth for each horizon (BOTDEP, cm). These
two columns must be present. The remaining columns are other
attribute values of the horizons and can be arbitrarily configured;

2. The number of soil attributes are estimated;
3. The preliminary calculations are conducted according to Eq. (6),

including the average and standard deviation for each attribute for
all horizons, and the standardized values of attributes;

4. The number of soil profiles and the number of horizons in each soil
profile are calculated;

Fig. 2. Flowchart of the Modified Distance Matrix Calculation Algorithm.

Table 1
An example for a section of the input file for a distance matrix calculation with
headers and attribute values, including soil profile names (IDs), the lower depth
for each soil horizon, soil texture, and other relevant information.

WISE3_ID, BOTDEP, SAND, SILT, CLAY, BULKDENS, ORGC, PHH2O, CECSOIL, TOTN
US0008, 23, 19, 51, 30, 1.44, 25.6, 6.8, 27.2, 2.4
US0008, 33, 10, 59, 30, 1.44, 11.8, 6.8, 26.2, 1.7
US0008, 48, 12, 60, 27, 1.54, 10.9, 7.2, 23.7, 0.9
US0008, 81, 36, 37, 27, 1.64, 3.3, 8.5, 12.8, 0.4
US0009, 19, 11, 65, 25, 1.26, 21.1, 5.9, 20, 2
US0009, 33, 24, 45, 31, 1.27, 12.7, 6.4, 23.5, 1.2
US0009, 44, 22, 47, 32, 1.29, 9.7, 6.8, 23, 1
US0009, 67, 24, 51, 26, 1.32, 3.7, 7,22.7, 0.5
US0009, 92, 22, 58, 20, 1.35, 2.4, 7.3, 21, 0.4
US0009, 142, 28, 57, 15, 1.34, 1.1, 7.8, 25.8, 0.3

Note: WISE3_ID - the unique soil profile number, BOTDEP - the lower depth of a
horizon (cm), SAND - sand content (w/w%), SILT - silt content (w/w%), CLAY -
clay content (w/w%), BULKDENS - a bulk density (g cm -3), ORGC - organic
carbon (g kg−1), PHH2O - pH, measured in water, CECSOIL - cation exchange
capacity (cmolc kg−1), TOTN - total nitrogen (g kg−1).
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5. The soil profile data by horizons and attributes are arranged in an
array of matrices, where each matrix represents one soil profile
data;

6. From the array of soil profile matrices, a pair of matrices is selected
and adjusted layers and their lower depths are created by com-
parison of the lower depths of the horizons;

7. Two adjusted matrices with the same dimension are constructed,
and the attribute values for the newly created layers are set equal to
those of the container horizons;

8. Based on Eq. (3), the ED is calculated for the two modified soil
profile matrices;

9. Based on Eq. (7), the correction coefficient is calculated using soil
depths of two soil profiles;

10. According to Eq. (8) the modified distance is calculated using the
correction coefficient from step 9;

11. The modified distance value is saved as an element of the MDM;
12. Steps 6 through 11 are repeated for the next soil profile matrix until

all pairs of matrices have been completed;
13. The MDM is created as a symmetric matrix filled with values of

modified distances for each pair of matrices and with zero values in
the diagonal;

14. Finally, the MDM is written as a table in an output file in *.csv
format. The output file will have the soil profile IDs as row and
column names.

The Fortran program that was based on the above algorithm creates
a *.csv format output file. The file with the symmetric matrix of p × p
dimension, where p is the number of soil profiles, will contain the
modified distances between soil profiles and can be used for further
cluster analysis.

2.5. Example application with the global soil profile dataset

The WISE3 database was used to evaluate the performance of the
proposed approach for clustering of soil profiles. The database was
developed by ISRIC in Wageningen, the Netherlands. It is one of the
most comprehensive soil databases, encompassing selected attribute
data for 10,253 soil profiles and 47,800 horizons from 149 countries
collected by many international soil professionals and distributed
across the world. All profiles have been harmonized with respect to the
original Legend (1974) and Revised Legend (1988) of FAO-UNESCO
(Batjes, 2008, 2009). The individual profiles were sampled, described,
and analyzed according to methods and standards used in the origi-
nating countries. There is no uniform set of properties for which all
profiles have analytical data, because only selected measurements were
planned during the original surveys. Because of compilation of legacy
soil data derived from traditional soil surveys WISE3 contains gaps that
are taxonomic, geographic, and soil analytical in nature. As a result, the
amount of data available for modeling is sometimes much less than
expected (Batjes, 2008, 2009).

WISE3 is a relational database compiled using MS Access and can be
downloaded from the ISRIC web-portal (International Soil Reference
and Information Centre (ISRIC), 2015). The structure of its attributes
comprises several tables. The table WISE3_Site contains the precise
sampling location for each soil profile, including longitude, latitude,
elevation, profile location description and slope, and the soil classifi-
cation according to FAO-UNESCO (1974), FAO (1990), and/or USDA
(1999), or other appropriate entities. The table WISE3_Horizon pro-
vides information about soil horizon distribution and classification, soil
color, organic-carbon and total nitrogen content, pH in water and in
KCl, CEC, sand, silt, clay, coarse fraction, and bulk density. Both tables
are organized alphabetically and share a unique profile reference
number (WISE3_ID). The reference number contains a two-character
abbreviation ISO code for the country of origin. The sampling depth
(BOTDEP – lower depth of horizon) varies widely, sometimes to a depth
of 8.50 m. For soil horizons, the WISE3 database defines the horizon

boundaries, which are the upper depth of the horizon (TOPDEP), and
the bottom depth of the horizon (BOTDEP). In this study, we used
BOTDEP.

There are many gaps for all 30 attributes of the soil profile horizons
in the WISE3 dataset. Therefore, from the 30 attributes, several sets of
attribute combinations were selected based on only three criteria: tex-
ture (i.e., sand, silt, and clay), bulk density, and soil fertility (re-
presented by organic carbon) to define different datasets. Table 2 shows
a summary of the soil profile attributes from the WISE3 database that
are included in these combinations for creating different datasets.
Queries for the Access database tables resulted in four datasets ranging
from three to five dimensions not including WISE3_ID and for which all
horizons had complete data. Five soil profile attributes, including WI-
SE3_ID (unique soil profile number), BOTDEP (lower depth of horizon,
cm), SAND (sand content, w/w%), SILT (silt content, w/w%), and CLAY
(clay content, w/w%) are common for all datasets.

The first dataset (Dataset1) is three-dimensional and includes three
soil texture attributes from the global soil dataset WISE3 with the lar-
gest number of complete horizon data for a total of 43,919 horizons.
The second dataset (Dataset2) is four-dimensional and has all the at-
tributes as Dataset1 with the addition of bulk density, for a total of
14,886 horizon data. The third data set (Dataset3) is four-dimensional
and includes the same attributes as Dataset1, with the addition of or-
ganic carbon (ORGC, g kg−1) and a total of 39,493 horizon data.
Finally, the fourth dataset (Dataset4) is five-dimensional and includes
the same attributes as Dataset1, with the addition of bulk density
(BULKDENS, g cm -3) and ORGC, with a total of 13,691 horizon data.
We can see how the number of horizons in the datasets is reduced when
the number of attributes increases because of missing values for certain
soil attributes and soil horizons in WISE3.

Data in WISE3 were subjected to a rigorous, computerized data-
checking scheme as well as numerous visual checks. Nonetheless, this
large dataset is still likely to have inconsistencies or even errors and
users should be aware of these potential limitations when analyzing or
applying the data (Batjes, 2008, 2009). To remove outliers from the
attribute values we applied a 5-σ criterion in accordance with Cheby-
shev’s Theorem, which implies that at least 96% of the statistically
acceptable data are within these boundaries without restriction related
to the distribution of the data (Gnedenko, 1988; Amidan et al., 2005;
Schmidt et al., 2011). Thus, if a value of the attribute deviated from the
average value of the attribute by more than five standard deviations it
was considered as an outlier and we excluded it from further analysis.

2.6. Cluster analysis

There are many clustering methods, and each results in a different
grouping of a dataset (Gelbard et al., 2007). The two that are most
widely used are the hierarchical and k-means clustering methods. In the

Table 2
Summary of the soil profile attributes from WISE Version 3.1 that are included
in the soil profile datasets.

n Attribute Abbreviation Description of Soil Attribute Unit

1 WISE3_ID Unique soil profile number
2 BOTDEP Lower depth of horizon cm

Dataset1
3 SAND Sand content w/w%
4 SILT Silt content w/w%
5 CLAY Clay content w/w%

Dataset2
6 BULKDENS Bulk density g cm -3

Dataset3
6 ORGC Organic carbon g kg−1

Dataset4
6 BULKDENS Bulk density g cm -3

7 ORGC Organic carbon g kg−1
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hierarchical clustering procedure, a tree-like structure is built to de-
termine the relationship among entities. In the k-means clustering
procedure, one position of the measurement is taken as a central place
and the distance from this central point is determined. An important
step for either of these procedures is to select a distance measure that
determines how the proximity of two objects is calculated. Un-
fortunately, none of the distance measures in hierarchical clustering or
k-means is directly suitable for soil profile data clustering because of
the different number of soil horizons in the profiles. In our study, we
used hierarchical agglomerative methods because we were able to input
the predefined distance matrix, the MDM in the case of the soil profile
data.

Among the many agglomerative methods of hierarchical clustering,
Ward’s method (Ward, 1963) has been successfully used for a variety of
analyses (Gong & Richman, 1995; Wilks, 2011; Calmanti et al., 2015).
We adopted the Ward’s method in our study to identify soil profile
clusters and applied it to the MDM after calculating the distance matrix
for the standardized soil profile data. The *.csv output file containing
the MDM was imported into R (R Core Team, 2015) for clustering using
Ward’s hierarchical agglomerative method. After importing the MDM

into R as a data frame, it was converted into an R distance object and
was used as a distance or dissimilarity matrix by the “hclust” function of
the R “stats” package. For this function, a clustering algorithm was
represented by its argument value as “ward.D2” (Murtagh & Legendre,
2014; R Core Team, 2015).

The dendrogram is a useful graphical representation of the clus-
tering structure of a set of objects. It is a branching diagram that re-
presents the relationships of similarity among a group of entities and
consists of many U-shaped lines connecting objects in a hierarchical
tree. The height of each U represents the distance between two objects
that are connected and each ‘leaf’ in the dendrogram represents one
data object. Dendrograms are computed by using standardized vari-
ables and, therefore, the distance between clusters has no unit.

Selecting the significant number of clusters into which the initial
dataset should be split is a critical aspect in practical applications of
cluster analysis. Although some degree of subjectivity is often un-
avoidable, a certain level of clustering may be more appropriate than
others. In this study, we adopted the method that uses the concept of
‘plateau’ and monitoring the distance between the clusters as they were
merged at each step. A plateau is a situation where the distance

Fig. 3. Dendrogram of soil profile clustering (Ward’s method) contained in Dataset1 (a) and average values of texture variables of all horizons for clusters of Dataset1
in red and green dots as shown in a standard soil-texture triangle (Brady and Weil, 1999) when the number of clusters k = 12 (green dots will be further split when
k = 16) (b). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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between merged clusters remains relatively constant. In order to define
the number of clusters, a cutoff level should be set to the level that
corresponds to the transition from a plateau to a sudden increase in the
distance between merged clusters (Calmanti et al., 2015). In this study,
we refer to the cutoff level as the number of clusters identified by set-
ting the cutoff level at a certain distance depending on the transition
from a plateau.

3. Results and discussion

3.1. Clustering a three-dimensional soil profile dataset

Several cluster analyses were performed based on the MDM using
four datasets from WISE3 with different soil attributes (Table 2) to il-
lustrate and assess the quality and impact of the proposed semi-metric
proximity measure. For Dataset1 with three soil texture attributes, there
were a total of 9,926 soil profiles, and the MDM had a dimension of
9,926 × 9,926. After using Ward’s method of the hierarchical ag-
glomerative clustering and graphically representing results in a den-
drogram, we set the cutoff level at a distance of 65, which was close to
the plateau, resulting in 12 clusters (Fig. 3a). We then calculated the
number of soil profiles (n) and their percentage (%) by clusters. In
cluster 1, there were 954 (9.6%) soil profiles from the total number of
soil profiles of Dataset1, and in cluster 2, there were 1,240 (12.5%) soil
profiles and so on (Table 3). Cluster 2 had the maximum number
(1,240) of soil profiles, while cluster 9 had the minimum number of soil
profiles (296).

When analyzing the profile numbers by clusters for Dataset1, all soil
profiles in Dataset1 as part of the global soil profile dataset WISE3 were
quite uniformly distributed among the clusters (Table 3). These clusters
were then matched to the soil types found in the traditional soil-texture
triangle (Brady and Weil, 1999) in which one can determine the texture
class for a single point based on sand, silt, and clay content. Therefore,
we calculated the average values for the texture variables for all soil
horizons for each cluster and compared them with the texture-triangle
using the web-tool Soil Texture Calculator (NRCS, 2020) (Fig. 3b). The
average values for the soil texture attributes for all soil profile horizons
in each cluster (Fig. 3b) matched the different soil types found in the
soil-texture triangle very well. The green dots correspond to the clusters
that will be split further when the number of clusters increases from 12
to 16.

We then reduced the cutoff level to a distance of 52 (Fig. 4a), which

was also close to a plateau and resulted in 16 unique clusters. Again, we
calculated the number of soil profiles (n) and their percentage (%) by
clusters. We found that all soil profiles from Dataset1 as part of the
dataset WISE3 are quite uniformly distributed among the clusters in this
case as well. We calculated the average values for texture variables for
all soil profile horizons for each cluster and again placed them in the
texture-triangle using the web-tool Soil Texture Calculator (Fig. 4b).
Clusters 2, 8, 10, and 12 (green dots) from the first case of clustering
(k = 12; Fig. 3a,b) were split further, resulting in 8 new clusters re-
presented as green dots with a new location, and 8 old clusters that did
not change their location. When the new values of the average texture
variables of the clusters where allocated in the soil-texture triangle, one
new soil type was clay loam (Fig. 4b). The clusters that were identified
based on the MDM calculation for soil profiles in WISE3 represented the
range of soil texture types quite well.

3.2. Clustering four- and five-dimensional soil profile datasets

We selected two datasets from WISE3 to explore the impact of
adding additional attributes to the clustering analysis. The first,
Dataset2, included the three soil texture variables and soil bulk density
(BULKDENS, g cm−3), and the second, Dataset3, included three texture
variables and soil organic carbon (ORGC, g kg−1) (Table 2). Dataset2
contained 3,644 soil profiles and 14,886 horizons, and Dataset3 con-
tained 9,672 soil profiles and 39,493 horizons. The MDM was calcu-
lated for both datasets, resulting in a dimension of 3,644 × 3,644
matrix for Dataset2 and a dimension of 9,672 × 9,672 matrix for Da-
taset3, followed by a cluster analysis using Ward’s method of the
hierarchical clustering. The final results are depicted in a dendrogram
(Fig. 5a and Fig. 6a). Cutoff levels were selected at 40 for Dataset2 and
55 for Dataset3, which were close to the respective plateaus, resulting
in 19 and 21 clusters, respectively. We then determined the number of
soil profiles (n) and their percentage (%) in each cluster for Dataset2
and Dataset3 (Table 3). We calculated the average values for the texture
variables for all soil horizons for each cluster and added them to the
texture-triangle using the web tool Soil Texture Calculator (Fig. 5b and
Fig. 6b).

In the case of Dataset2 and the corresponding 19 clusters, 9 soil
texture types were presented from 12 soil texture types of the texture-
triangle, versus 21 clusters and 8 soil texture types for Dataset3. Three
soil types, i.e., sand, silt, and silty clay, were not present in either case
of clustering; and a fourth type, sandy clay, was not present in the

Table 3
The number of soil profiles (n), their percentage (%) in each cluster, and their types by soil texture for the different datasets (as presented in Table 2) from WISE3.

Dataset1(9926 profiles & 43,919 horizons) Dataset2(3644 profiles & 14,886 horizons) Dataset3(9672 profiles & 39,493 horizons)
# n % Type by Texture n % Type by Texture n % Type by Texture

1 954 9.6 Sand 170 4.7 Sandy Loam 853 8.8 Sandy Clay Loam
2 1240 12.5 Sandy Loam 366 10.0 Loamy sand 426 4.4 Sandy Loam
3 537 5.4 Sandy Clay Loam 301 8.3 Sandy Clay Loam 608 6.3 Clay Loam
4 1067 10.7 Sandy Clay Loam 218 6.0 Sandy Clay Loam 1209 12.5 Loamy sand
5 1081 10.9 Loam 175 4.8 Clay 242 2.5 Sandy Loam
6 769 7.7 Sandy Loam 209 5.7 Clay 654 6.8 Sandy Clay Loam
7 734 7.4 Clay 183 5.0 Clay 971 10.0 Sandy Clay Loam
8 885 8.9 Clay 90 2.5 Sandy Clay 783 8.1 Clay
9 296 3.0 Silty Loam 49 1.3 Clay Loam 70 0.7 Clay
10 853 8.6 Silt Loam 118 3.2 Silt Loam 344 3.6 Clay
11 654 6.6 Clay 299 8.2 Silty Clay Loam 323 3.3 Clay
12 856 8.6 Silty Clay Loam 101 2.8 Silty Clay Loam 356 3.7 Clay
13 62 1.7 Sandy Loam 410 4.2 Clay
14 148 4.1 Loam 568 5.9 Silty Clay Loam
15 226 6.2 Sandy Clay Loam 515 5.3 Silt Loam
16 292 8.0 Clay 238 2.5 Loam
17 259 7.1 Sandy Loam 752 7.8 Loam
18 124 3.4 Loam 85 0.9 Silt Loam
19 254 7.0 Clay Loam 149 1.5 Sandy Loam
20 27 0.3 Clay Loam
21 89 0.9 Clay Loam
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second case only. As Dataset2 and Dataset3 initially contained a dif-
ferent number of profiles and clusters, we compared the percentage of
soil profiles by soil texture types for two clustering cases. In both da-
tasets for the two soil types, the high percentage of soil profiles were for
the clay type with the same value of 23.6% of the profiles and 4 and 6
clusters, respectively, compared to the sandy clay loam type that had
close values of 3 clusters and 20.4% of the profiles versus 3 clusters and
25.6% of the profiles, respectively (Table 3).

For the remaining soil types, the differences were significant in
clustering. For the silty clay loam, two clusters were identified in
Dataset2 with 11% of the soil profiles versus one cluster in Dataset3
with 5.9% of the soil profiles (Table 3). For the silty loam, one cluster
was identified in Dataset2 versus two clusters in Dataset3 containing
6.2% of the soil profiles. For the sandy loam, three clusters were
identified in Dataset2 with 13.5% of the soil profiles versus three
clusters in Dataset3 with 8.4% the soil profiles. For the clay loam, two
clusters were identified in Dataset2 with 8.3% of the soil profiles versus
three clusters in Dataset3 with 7.5% of the soil profiles. For the loam,
two clusters were identified in Dataset2 with 7.5% of the soil profiles
versus two clusters in Dataset3 with 10.2% of the soil profiles. For the
loamy sand, one cluster was identified in Dataset2 with 10% versus one
cluster in Dataset3 with 12.5% of the soil profiles. Finally, for the sandy

clay, one cluster was identified in Dataset2 with 2.5% of the soil profiles
versus none for Dataset3. The results from this analysis showed that
adding additional attributes changed the profile grouping in the clus-
ters, the number of profiles for each cluster, and their distribution in the
soil-texture triangle. However, the tendency of representing the dif-
ferent soil texture types remained unchanged.

In order to further explore the impact of adding a new attribute to
soil clustering, we created Dataset4. It contained complete records for
texture, bulk density, and organic carbon (Table 2), for a total of 13,691
horizons. Again, the MDM was calculated resulting in a matrix of di-
mension 3,571 × 3,571, followed by a cluster analysis using Ward’s
method of hierarchical clustering. The cutoff level was selected at 175,
which was close to the plateau, and resulted in 29 clusters. Most of the
clusters (18) or 64.1% of the profiles were represented as a clay loam
soil; 1 cluster (18.5% of profiles) was a sandy clay loam; 2 clusters
(14.6% of profiles) were a sandy loam; 7 clusters (2.8% of profiles)
were a loam; and 1 cluster (0.1% of profiles) was a silty clay, for a total
of only five soil types. The reason for this small number could be that
the organic carbon varied widely in the soil with a coefficient of var-
iance of about 200%, combined with bulk density and texture variables.
Our findings showed that the semi-metric we introduced as a measure
of dissimilarity was sensitive to the combination of the attributes that

Fig. 4. Dendrogram of soil profile clustering (Ward’s method) contained in Dataset1 (a) and average values of texture variables of all horizons for clusters of Dataset1
in red and green dots as shown in a standard soil-texture triangle (Brady and Weil, 1999) when the number of clusters k = 16 (green dots were split from k = 12
case) (b). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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were used for clustering and that the proper selection of attributes and
the variability of their values should be considered carefully.

In this study, the global soil profile database WISE3 was used to
evaluate the effectiveness of the proposed semi-metric and the corre-
sponding MDM for clustering. Several clustering experiments that were
conducted using four sub-datasets obtained from WISE3 by selecting
different combination of the soil attributes demonstrated that the MDM
was effective in identifying main soil groups. Although a database such
as WISE3 with contributions from many soil scientists across the globe
may contain some errors because of the differences in technical skills
and access to instrumentation, our results showed that the proposed
algorithm was able to predict the correct grouping in clusters despite
the possible errors associated with the dataset.

The application MDM (Modified Distance Matrix) we developed in
Fortran and is relatively easy to use. It accepts a CSV format file with
soil profile data as an input that has a simple structure. The file can be
created based on queries on the soil profile database. After invoking the
application, it reads an input file and produces the modified distance
matrix. The program output can then be used with a range of clustering
packages that are available in R. The limitation of the application is that
the implemented algorithm for a semi-metric currently handles only
combinations of continuous variables and not binary and categorical
data.

Designing new measures of distances or similarity to combine in-
formation on different soil profile horizons is not an easy task because
of the different numbers of horizons in soil profiles, varying horizon
thickness, and different soil profile depths. The approach we developed
for the dissimilarity measure between soil profiles fully considers all
horizons of a soil profile, their properties, lower depths of horizons and
soil profile depths compared to other approaches that consider average
values of soil attributes for the entire profile (Jagtap et al.,2004) or a
fixed number of horizons per soil profile (Jones and Thornton, 2015).
Therefore, our approach is more advanced and general; it does not
change existing profile and related data and it provides reliable results,
as we demonstrated in this study. This technique and metric could
easily be extended to other proximity measures and can serve as a data
mining technique for soil profile survey results.

Numerical approaches such as numerical soil classification have
become attractive methodologies because of the availability of large
national and international databases of soil profile descriptions and
associated laboratory measured data. The proposed approach of soil
profile horizons adjustment and modified distance matrix calculation
can be used to estimate missing values for the attributes in WISE3 or
other low- and high-dimensional soil profile datasets based on the
known soil profile data from the same clusters after carefully selecting
the attributes that have to be estimated. This study demonstrated how

Fig. 5. Dendrogram of soil profile clustering (Ward’s method) contained in Dataset2 (a) and average values of texture variables of all horizons for clusters of Dataset2
in red dots as shown in a standard soil-texture triangle (Brady and Weil, 1999) when the number of clusters k = 19 (b). (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)
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improvements in clustering were obtained using the MDM. It can also
be used to discover outliers or extreme profiles in the large soil profile
datasets which as an unusual observations might be the most interesting
in some data mining situations. Another use of clustering is to enable
the selection of a smaller number of representatives from the entire data
set. It has potential with respect to extracting knowledge from big soil
databases and for machine learning methods for soil data. The MDM
can be used in other ways as well, but this study was not intended to
address all those strategies. The algorithm implemented in MDM pro-
vides a new tool for modern challenges facing soil surveys and scientists
working with digital soil profile databases. In addition, data on the soil
profile properties produced by the clustering using the MDM applica-
tion can improve small- to large scale modeling applications, including
crop, hydrologic, land surface and environmental models.

4. Conclusions

In this study, we developed a semi-metric and an algorithm im-
plemented in a Fortran application. The application can facilitate
grouping soil profiles with fairly high accuracy based on the MDM. The
results show that this methodology is sufficient to detect the patterns of
soil profiles across a large soil dataset that has an extensive spatial
variability and represents many environmental conditions. Based on the

success of this study, future research should evaluate if the use of dif-
ferent distance measures, other than Euclidean, for calculating the
MDM or different data normalization and standardizing methods
combined with various clustering algorithms could generate improved
and more accurate results.
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