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ARTICLE INFO ABSTRACT

Advances in science and technology combined with the need to handle and manage natural resources have
resulted in a gradual increase in soil data availability. This has allowed characterizing, describing, or proposing
projects to address issues such as soil degradation, agricultural productivity, threats, and ecosystem services.
Despite the availability of soil data, users are increasingly looking for additional, timely, and reliable information
in order to respond to current and future situations, such as food security and climate change. IRAKA is a soil
information system for the Colombian Cundiboyacense high plateau and the first to provide additional in-
formation from available official sources. It has a modular design based on the organization of a soil database
whose structure incorporated 299 profiles, 1432 samples, and 55 properties and the integration, harmonization,
and standardization of 8 soil surveys conducted in the area. The structured information enabled modeling and
validating physical and chemical properties through digital soil mapping and comparing different machine
learning techniques, including random forest, ranger, support vector machine, and ensemble models of these
techniques. The interpolations of 11 quantitative properties and 1 qualitative property resulted in acceptable
coefficients of goodness of fit due to different factors: property variability, representativeness, distribution in the
study area, and property description based on environmental covariates. All the information generated has been
made available for widespread use across different geographic web services. Thus IRAKA contributes to the
management of information and knowledge through techniques and tools that allow users to visualize new
information, use the information, and draw attention to new studies and improve databases in which the con-
fidence level is insufficient and does not allow decision making.
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1. Introduction

Maps are one of the simplest methods for expanding soil knowledge.
They have been drawn since prehistoric times, evolving from scientific
thematic maps at the beginning of the 19th century (Hartemink et al.,
2013) to the first world soil map in 1906 by K.D. Glinka (Karavaeva and
Gerasimova, 2005). In the 20th century, the advances were ex-
ponential, and soil maps led to the need for increasingly powerful in-
formation systems. Since the first decade of the 21st century, techniques
such as digital soil mapping (DSM) (McBratney et al., 2003; Lagacherie
et al., 2006; Cambule et al., 2013; Arrouays et al., 2017a; Malone et al.,
2017; Guevara et al.,, 2018) have been incorporated, backed by
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computer-assisted procedures that operate structured databases and are
supported by geographic information systems (GIS) to collect, organize,
store, and disseminate information (Olaya, 2011).

Advances in soil maps have been made possible by the numerous
studies published by the scientific community, which were initially
used to understand soil-landscape relationships (Hendriks et al., 2019).
The identification of the constraints and potentialities of soil has gen-
erated a series of almost standardized processes that include soil de-
scription (FAO, 2006), classification (Soil Survey Staff, 2014; IUSS
Working Group WRB, 2015), and mapping (Soil Science Division Staff,
2017; FAO, 2018). The results are generally presented in information
systems that have a functional perspective, namely, a technological
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Table 1

Soil surveys at various scales in the study area.
No Name of the study Scale Year
1 General study of soils and land zoning of the Department of Cundinamarca 100,000 2000
2 General study of soils and land zoning of the Department of Boyacd 100,000 2004
3 Detailed soil survey in the flat areas of 14 municipalities in the savanna of Bogota 10,000 2012
4 Detailed soil survey in flat areas of the municipalities of Cogua, El Rosal, Nemocén, Subachoque, Suesca, Zipacén and Zipaquira 10,000 2013
5 Semidetailed soil survey in areas influenced by moors in Colombia — District of Pdramos Altiplano’ 25,000 2016
6 Semidetailed soil survey in areas influenced by moors in Colombia — District of Pdramos Cundinamarca’ 25,000 2016
7 Semidetailed soil survey in areas influenced by moors in Colombia — District of PAramos Boyaca' 25,000 2016
8 Semidetailed soil survey in the areas influenced by wetlands in Colombia - Andean region’ 25,000 2016

! study conducted by the IGAC in conjunction with the Instituto de Investigacién de Recursos Biolégicos Alexander von Humboldt — IAVH.

means for recording, storage, and inference, and a structural perspec-
tive, which is the result of an interrelated set of processes, data, models,
and technologies that have a specific purpose, in order to support de-
cision-making (Dwivedi, 2017).

The soil information system (SIS) concept was created in the
Netherlands in 1975 by the Commission of the International Society of
Soil Science (Dwivedi, 2017). Since then, various systems have been
created, such as the Latin American SIS (SISLAC), developed by FAO.
Among the soil mapping and soil property prediction initiatives have
been GlobalSoilMap.net (Sanchez et al., 2009; Arrouays et al., 2014,
2017b), and SoilGrids (Hengl et al., 2014, 2017), a global gridded soil
information promoted by the International Soil Reference Information
Centre (ISRIC).

SISs have different components, such as hardware, software, data,
networks, and human resources; however, from the perspective of the
user, databases are the most important component (Dwivedi, 2017). A
database is a structured collection of data that has information relevant
to an organization (Silberschatz et al., 2002). Databases can be classi-
fied, according to their structure, as hierarchical, network, relational,
and object-oriented (Camps et al., 2005; Ramakrishnan and Gehrke,
2007). Currently, object-oriented databases are the most-used ones in
GIS (Olaya, 2011). Object-oriented models are variations of relational
models combined with object-oriented programming languages that
offer abstraction mechanisms to control the construction of complex
systems (Camps et al., 2005).

Among the notable soil databases are the Global and National Soil
and Terrain Databases (SOTER) (van Engelen and Dijkshoorn, 2013),
active since 1986, e-SOTER-GEOSS, which integrates developments in
remote sensing into SOTER under the framework of the Global Earth
Observation System of Systems (GEOSS) (Pourabdollah et al., 2012);
the ISRIC World Inventory of Soil Emission Potential (WISE) (Batjes,
2009), which is a large global repository of soil profiles; and the Har-
monized World Soil Database (HWSD) (FAO/IIASA/ISRIC/ISS-CAS/
JRC, 2012). In Latin America and the Caribbean, there is SOTERLAC, a
1:5 M scale database (Dijkshoorn et al., 2005), which is based on a
project by ISRIC, FAO, and UNEP. In Colombia, the Instituto Geografico
Agustin Codazzi (IGAC) has databases within a national soil informa-
tion service called SIGA SIG, which provides mapping information in
soil mapping units and their representative profiles on a 1:100,000
scale. Among developments at a more local level, the results reported
by Rubiano et al. (2005), in a case study of a georeferenced soil quality
system (GEOSOIL) in the municipality of Puerto Lopez, Department of
Meta, stand out.

Colombia has made progress in soil resource censuses, especially
those intended for departmental land management (IGAC, 2015);
however, strategies are still emerging regarding increasing use, en-
couraging precise application, and understanding needs in terms of data
for situations such as climate change and food security (FAO, 2013). In
addition, users increasingly require more quantitative information
provided in digital formats and with geo-positioning accuracy (Gray
et al.,, 2009). One of the responses to these challenges is hybrid SISs,
which incorporate both the techniques and data of traditional soil

studies as well as DSM models and information supported by an in-
frastructure of information technology capable of providing it (Lilburne
et al., 2012).

In this regard, the objective of this study was to build a SIS, called
IRAKA, oriented toward soil information management in a specific area
of Colombia based on 3 elements: organization of a spatial soil data-
base; spatial modeling and analysis of soil properties, including pH,
organic matter (OM), electrical conductivity (EC), effective cation ex-
change capacity (ECEC), Al, Na, Ca, Mg, P, bulk density (Bd), clay (Ar),
and textural classes; and availability to users through geographic web
services.

2. Methodology
2.1. Study area

The Cundiboyacense high plateau encompasses an area of
16,102 km? located in the Andean region of Colombia, in the depart-
ments of Cundinamarca and Boyacé, between 4°2’2” and 6°5’58” north
latitude and 72°41’5” and 74°32’58” west longitude. This high plateau
is the largest and the most diverse in Colombia, a bio-geographical unit
that includes an expanse of the paramo zone, xerophytic enclaves, and
forest formations (Rivera et al., 2004). This area has been the subject of
the greatest number of soil surveys in the country, carried out at dif-
ferent scales (Table 1). Its altitude ranges from 460 to 4247 m.a.s.l. It
has 16 hydrographic subzones and 124 agroecological zones, and from
a climate standpoint, its multi-year average rainfall is
1026 *= 325 mm, the annual average air temperature is
12.5 * 2.4 °C, the multi-year relative humidity is 81.7 * 2.6%, and
the annual sunlight is 1642 + 163 h. According to the geomorphologic
interpretation (IGAC, 2015), the study area has two principal land-
scapes: mountains and floodplains. Fig. 1 shows the study area.

The Cundiboyacense high plateau is the zone that surrounds Bogota,
the largest city in Colombia, and these areas provide a part of its energy
and food requirements. Cold weather vegetable crops (e.g. onion,
carrot, and lettuce), potato, and corn are common (Agronet, 2020).

2.2. Data collection

Soil data were collected from three sources: a). Soil surveys con-
ducted by the IGAC (Table 1). b). Characterization study due to climate
variability phenomena such as “La Nifia” (results of agreement 1723/
2011 between the Colombian Ministry of Agriculture and the Cor-
poracién Colombiana de Investigaciéon Agropecuaria - AGROSAVIA). c).
Characterization study from the Secretary of Agriculture of the De-
partment of Cundinamarca (results of agreement 1847/2014 between
the Secretary and AGROSAVIA). All soil data included geographical
coordinates and were projected onto the official Colombian coordinate
reference system MAGNA-SIRGAS, with the Bogota (EPGS: 3116) area
as the origin.

Table 1 shows that soil data were collected in different years, be-
tween 2000 and 2016. That situation causes problems, mainly in the
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Fig. 1. Study area within the Cundiboyacense high plateau (Colombia).

analysis of the chemical properties, because they easily change with
agronomic practices or fertilization. However, the soil data were the
legacy data in the study area.

2.3. Spatial soil database

The spatial soil database (SSDB) contained information provided in
the surveys described in Section 2.2. Thus 299 soil profiles were in-
corporated along with their respective horizons from the studies de-
scribed in Table 1. The additional sampling covered 1432 points, and
they were topsoil observations from the characterization studies b and ¢
described in Section 2.2. For the SSDB, the object-relational database
management system PostgreSQL 9.5 was used with its pgAdmin 4.13
administration tool and 2.4.3 PostGIS module.

The object-relational model created for the IRAKA system included
16 objects: 6 spatial (S) and 10 alphanumeric (AN) (Table 2). Because
most of the data were from the IGAC, the objects and their attributes
were adjusted according to the codebook of agrologic surveys handled
by that entity (IGAC, 2014).

Fig. 2 shows the structure and attributes of the objects Profile,
Soil_Sample, Property, and Soil_Sample_Property.

The SSDB design considered 55 soil properties; however, none of the
samples or profiles contained complete information.

2.4. Spatial modeling

The density of points in the study area was 9.3 observations per km?
(16,102 km? with 1731 observations), a result that, associated with the
intensity level, was defined as a low- or semi-detailed conventional soil
survey (Avery, 1987). Despite this, an approach that included DSM
techniques with an evaluation method was proposed (Malone et al.,

Table 2

Objects and classes established in the SSDB of the IRAKA system.
Object name Class Object name Class
Study_Area S Weather AN
Mapping_Unit S Study_Cuelo AN
Characteristic_ Mapping_Unit AN Department S
Characteristic AN Municipality S
Characteristic_Type AN Profile S
Mapping_Unit_Profile AN Profile_Characteristic AN
Property AN Soil_Sample_Property AN
Soil_Sample S Nomenclature AN

S: spatial. AN: alphanumeric.

2017; Guevara et al., 2018). Using the SSDB, the variables that could be
spatially represented were identified, particularly those with more ob-
servations (> 850 points).

2.4.1. Soil properties analyzed

Table 3 shows the laboratory methods and units for each of the
mapped properties. The texture class was determined by the fraction of
sand, silt, and clay for each sampling point; this procedure was per-
formed using the TT.points.in.classes function of the soiltexture
package of R version 3.5.3.

Spatial modeling was performed only for the surface layer of the
soil, from O to 20 cm deep (called “topsoil” in this study). To make the
depth of study of the data set uniform, a standard horizon was con-
structed using a quadratic function of depth with equal areas (spline)
(Bishop et al., 1999; Malone et al., 2009). Its main feature is the con-
servation of the values measured for each horizon (mass conservation),
which can be calculated by integrating a continuous function (Malone
et al., 2017). This procedure was carried out using the mpspline func-
tion of the aqp (Algorithms for Quantitative Pedology) package.

2.4.2. Exploratory data analysis

A descriptive and exploratory analysis was performed with all
properties studied to estimate measures of central tendency and dis-
persion (Barbat et al., 2009; Rodriguez-Garay et al., 2016). Subse-
quently, an exploratory analysis was performed through visual diag-
nostic tests using box plots and histograms. For mild outlier and
extreme outlier data (Dawson, 2011), each property was reviewed in
order to determine the observations outside the range of the variable;
these values were also compared with other correlated soil properties,
and with this method, it was decided whether the sample actually
corresponded to an outlier datum or not.

2.4.3. Environmental covariates

A total of 128 covariates for the region of study were constructed,
21 of which were binary class variables (Samuel-Rosa et al., 2015). The
128 layers were used to generate a stack adjusted to a pixel size of
125 m, according to the inspection density and cartographic rules
proposed by Hengl (2006). The pixel size was 152 m in fine resolution
by inspection of the density, but it was adjusted to half the size of the
pixel defined by cartographic rules, at a scale 1:100.000 (125 m). En-
vironmental covariates were selected to broadly reflect the factors that
form the soil, as described by Jenny (1941) (Eq. (1)):

Sp=f(cl,o,r,p,0) @
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Soil_Sample

PK | Soil_Sample_Id Varchar
Soil_Sample_geom Geometry
Soil_Sample_InitialDepth Int
Soil_Sample_FinalDepth Int

Soil_Sample_Description Varchar
FK |Profile_Id Varchar
FK | Nomenclature_Id Varchar

Profile

PK | Profile_Id Varchar

FK | Mplty_Id Varchar
Profile_Depth_Effect Int

FK | Char_Id Varchar
Profile_CodOrg Varchar
Profile_geom Geometry
Profile_Altitude Int
Profile_Location Varchar
Profile_Date Date
Profile_Taxonomy Varchar
Profile_MatPar Varchar
Profile_Veget Varchar
Profile_LimUse Varchar

Property

PK | Property_lId Varchar
Property_Description Varchar
Property_Units Varchar
Property _Type Varchar

Soil_Sample_Property
PK | Soil_Sample_Prop_Id Varchar
FK | Property_Id Varchar
FK | Soil_Sample_Id Varchar
Soil_Sample_Prop Value | Varchar

Fig. 2. Structure and attributes of the objects Profile, Soil_ Sample, Property and Soil Sample_Property (PK and FK correspond to the primary key and foreign key,

respectively).

where a soil property (Sp) is a function of the weather (cl), biological
organisms or land cover (0), relief (r), parent material (p), and time (t)
(Table 4).

In stacks of covariates, there are surfaces with little variability, or
high correlation, between them; these aspects could lead to multi-
collinearity effects that decrease the predictive capacity of the models
(Kuhn et al., 2018). To analyze the stack, 3 sequential processes were
carried out: first, a correlation analysis between properties and cov-
ariates was performed; then covariates with zero or close to zero var-
iance were eliminated through the nearZeroVar function of the caret
package (Kuhn et al., 2018); and lastly, the Spearman correlation
coefficients (r) were calculated between environmental covariates, and
those with a coefficient higher than 0.9 were eliminated (Zeraatpisheh
et al., 2019).

A regression matrix was built with the selected covariates, and this
allowed extraction of the covariate values at the coordinates of each
sampling point (Massawe et al., 2018). The dataset was stratified into
eight strata according to the source of the studies described in Section
2.2. In each stratum, each property was randomly divided using 25%
for validation purposes and 75% for model training (Vaysse and
Lagacherie, 2017; Guevara et al., 2018).

2.4.4. Modeling and validation

Due the fact that the study area does not have a history of the use of
DSM techniques, the spatial distribution of the properties analyzed was
modeled through machine learning algorithms, which are routinely
used in soil property mapping (Malone et al., 2017). Random forest
(randomForest) (Liaw and Wiener, 2002), fast implementation of
random forest (ranger) (Wright and Ziegler, 2017), and support vector
machine (svmLinear) (Karatzoglou et al., 2006) models were used. In
addition, the ranger and svmLinear models were incorporated into a
generalized linear model (glm) (Hengl et al., 2017). This was done
using the caretEnsemble package, where the weight of each proposed
model was assigned according to the root mean square error (RMSE)
obtained individually in a cross validation of 5 repeats in the generation
of each model with 5 subsets of different data (Guevara et al., 2018).

After the surfaces were interpolated with the models mentioned
above, external validation was performed in order to assess the quality
based on the prediction error. The quantitative statistics used included
the coefficient of efficiency (COE), index of agreement (IOA), amount of
variance explained (AVE), and RMSE. The COE, defined by Legates and
McCabe (1990), is the complement ratio of the mean squared error to
the variance of the observed data. Presents a range between — « and 1,
where values close to 1 indicate high efficiency, negative values in-
dicate the level of inefficacy or uselessness of the model, and zero

Table 3

Method and units for each property mapped.
Property Method Unit Number of samples for mapping
Al KCI1N cmol (+) kg™! 1730
OM Walkley and Black % 1727
Mg Ammonium acetate 1 N pH 7 cmol (+) kg’1 1713
Ca Ammonium acetate 1 N pH 7 cmol (+) kg™! 1711
Na Ammonium acetate 1 N pH 7 cmol (+) kg’l 1709
P (available) Bray II mg kg ™! 1703
ECEC Sum Na, Mg, Ca, K and Al cmol (+) kg™? 1702
pH Potentiometer soil:water 1:1 1060
EC Conductivity meter soil:water 1:5" dSm™! 954
Bd Known-volume ring Mg m 3 894
Clay Bouyoucos and pipette % 853

1301 soil samples measured in saturated paste were transformed into a soil:water 1:5 ratio extract with the Kargas et al. (2018) function.
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Table 4
Environmental covariates used in the predictive model.
Formation factor Number of Description Source
covariates
Weather 71 1980-2011 monthly average values of precipitation, relative Climatological database, 1980 — 2011. IDEAM, 2015.
humidity, sunlight, minimum temperature, and average
temperature.
Surface temperature of the earth, global evapotranspiration, and ~ Time series of land surface temperature (LST),
radiation. evapotranspiration (ET), and MODIS radiation. Reuter and
Hengl, 2012.
Biological organisms or 11 Corine land cover classification categories (binary type). Corine Land Cover Classification 1:100.000 2010-2012.
land cover IDEAM, 2014.
Vegetation indices. Time series of the enhanced vegetation index (EVI) and
MODIS LAI (leaf area index). Reuter and Hengl, 2012.
Topography 28 Digital elevation model (derived parameters). SRTM mission of 2000, at 30 m.
Physiographic landscape and topography. Soil map, scale 1:100.000. IGAC, 2012.
Parent material 10 Lithology with correction for source materials reported in soil Soil map, scale 1:100.000. IGAC, 2012.
studies.
Time 8 Order of soils as a relation to the progression of time. Soil map, scale 1:100.000. IGAC, 2012.

indicates that the model cannot predict values different from the ob-
served mean. The revised IOA proposed by Willmott et al. (2012) in-
dicates the relationship between the sum of the error between the
predicted and observed variables and the sum of the deviation of the
observed variable from its mean value. This index can take values be-
tween —1 and 1, where a value of 1 means a perfect model, in which
the sum of the errors is 0. The AVE measures the fraction of the overall
dispersion of the observed values that is explained by the model, with
an optimal value of 1 (Samuel-Rosa et al., 2015). RMSE is a measure of
prediction accuracy, since it has the same unit of measurement as the
mapped property and can, therefore, more easily be compared to it
(Ramos et al., 2017). A perfect model would have a RMSE of ~0. For
the evaluation of the properties with the best results, the RMSE-ob-
servations standard deviation ratio (RSR) was used, a model evaluation
statistic developed by Moriasi et al. (2007). RSR varies from the optimal
value of 0, which indicates zero RMSE or residual variation and
therefore perfect model simulation, to a large positive value.

One of the graphical methods used was the Taylor diagram, which
summarizes multiple aspects of model performance, such as the
agreement and variance between observed and predicted values
(Taylor, 2001). The diagram provides a way of showing how three
complementary model performance statistics vary simultaneously.
These statistics are the Pearson correlation coefficient (r), the centered
pattern RMS error, and the standard deviation (sigma). The correlation
coefficient is shown by the angle (azimuth), from perfect (0°) to none
(90°). The higher the correlation, the closer the predictions match the
original values. The centered RMS error in the predicted pattern is
proportional to the distance from the point on the x-axis (standard
deviation of the actual pattern) marked with a purple dot labelled
“observed”. The further from the that point, the higher the centered
RMS. The standard deviation of the predicted pattern is proportional to
the radial distance from the origin; ideally, this would be on the arc
from the standard deviation of the reference set. If the points are inside
this arc, the prediction under-represents the variability of the original
data. The ideal model will be coincident with the point on the x-axis
representing the “original” dataset. So the closer a point is to that, the
better it is. For the qualitative variables, a confusion or error matrix was
generated in order to calculate, based on the generated categories, the
user's, producer's, and overall accuracies (Congalton, 1991).

Once the best model was selected, uncertainty prediction was esti-
mated with the validation data set (25% of the total data). The pre-
diction error was calculated at each point as the difference between the
observed and the predicted value (Brus et al., 2011). Due to the fact that
the selection of that set did not respond to a probabilistic sampling, nor
was it based on the spatial variability of the covariates used, the com-
parison of the methods was not applied to all the soils in the study area,

but only to those represented by the set of validation sampling.

Subsequently, the independent residual model was calculated
(where the predicted error was the target variable) (Guevara et al.,
2018). This model was built with the quantile regression method (a
kind of random forest for estimation of conditional quantiles) within
the quantregForest function (Meinshausen, 2017). Through this func-
tion, the full conditional response of these residuals was estimated for
each pixel. Finally, the mean of the errors was calculated at each pixel
and plot in order to show the approximated error trend of the estima-
tions of each study variable.

2.5. Geographical web services

Because the SIS was designed for widespread use by decision ma-
kers, part of the SSDB and all the properties analyzed were obtained
from geographical web services, following the specifications defined by
the Open Geospatial Consortium (OGC). The services included a web
mapping service (WMS) for all layers; a web feature service (WFS) for
vectoral layers; and a web coverage service (WCS) for the layers of the
properties analyzed. The generation of the services was carried out
using the open data server GeoServer v. 2.15.0.

3. Results and discussion
3.1. Cundiboyacense high plateau and its soils

The geographic location of the high plateau and its socio-ecological
relationship with Bogota have caused the agricultural sector to require
more and better information on biophysical resources such as soil, in
order to analyze topics such as food security and climate change. These
analyses would allow stakeholders and the academic community to
improve the environmental and territorial management of this region.

Eight soil orders defined by USDA Soil Taxonomy (Survey Soil Staff,
2014) were identified in the high plateau: Alfisols, Andisols, Entisols,
Histosols, Inceptisols, Mollisols, Ultisols, and Vertisols. Inceptisols and
Andisols are predominant in the study area. Inceptisols are the most
representative order and are characterized by their incipient evolution;
in the study area, these soils originated from sedimentary rocks and
alluvial and colluvial-alluvial deposits. These soils are found in moun-
tains, hills, valleys, and floodplains and have Andic and Pachic inter-
grades with ustic, udic, and aquic moisture regimes. Andisols have a
higher level of evolution and originated from volcanic ash deposits on
the floodplains of the study area; these soils are characterized by an
acidic pH and low bulk density (IGAC, 2015).
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Table 5

Descriptive statistics of soil properties in the analyzed topsoil of the SSDB.
Soil parameter Mean Min 1st Qu Median 3rd Qu Max SD Skewness Kurtosis
Clay (%) 33.80 2.20 21.00 33.80 48.18 87.18 17.04 0.19 -0.72
Bd (Mg m~?%) 0.90 0.10 0.64 0.89 1.15 1.81 0.34 0.15 —-0.74
pH 5.19 3.00 4.60 5.10 5.60 7.90 0.70 0.77 0.70
OM (%) 11.88 0.17 5.10 8.30 15.70 68.40 9.79 1.71 3.29
P (ppm) 32.39 0.32 6.35 12.70 36.82 682.94 54.88 4.77 32.51
Ca (cmol (+) kg™ 7.22 0.01 2.40 4.94 9.50 68.80 7.52 2.81 11.66
Mg (cmol (+) kg™ 1) 2.16 0.02 0.71 1.42 3.02 24.80 2.15 2.61 12.65
Na (cmol (+) kg™ 0.80 0.01 0.07 0.19 0.58 17.27 1.86 4.68 26.36
Al (cmol (+) kgfl) 1.39 0.00 0.00 0.60 1.80 31.00 2.39 4.82 39.16
ECEC (cmol (+) kg™h) 12.43 1.34 5.77 9.60 15.67 92.50 9.57 2.38 8.96
EC (dSm™") 0.32 0.04 0.16 0.23 0.36 4.51 0.37 6.12 50.69

Bd, bulk density; OM, organic matter; ECEC, effective cation exchange capacity; EC, electric conductivity.
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Fig. 3. Boxplot of soil properties in the analyzed topsoil of the SSDB The thick
line indicates the median, the box indicates Q1 and Q3, and the whiskers Q1
and Q3 plus multiplicate 1.5 the interquartile range.

3.2. Exploratory data analysis

Of the 55 properties considered in the SSDB, only 11 were analyzed
in the topsoil and are described in Table 5. Fig. 3 shows the variability
and the mild and extreme outliers in the boxplots of the properties.
They were previously standardized. The physical properties (Bd and
clay) did not show outliers and had a lower skewness than the chemical
properties. Al, EC, Mg, and P exhibited the highest outlier values.

According to the data analyzed, most soils of the high plateau be-
long to the fine-loamy textural family (18% to 35% clay) with very low
Bd (<1 Mg m™3), pH between strong and extremely acidic (<5.5),
high OM (=10%), non-saline (EC < 2 dS m™ 1), medium ECEC, with
high P and Ca contents, medium Mg and Na contents, and low Al
content (ICA, 1992).

3.3. Environmental covariates

The correlation coefficients between the studied soil properties and
the environmental covariates showed that no property had correla-
tions < —0.5 or > 0.5. The highest and most significant correlations
(p-value < 0.05) were found between the maximum and minimum
temperatures with chemical properties such as Al (-0.40), Ca (0.35),
OM (-0.34), and Mg (0.33). Covariates derived from the digital eleva-
tion model (DEM), such as the topographic wetness index (TWI), sur-
face texture (TEX), slope (SL), and relative slope position (RSP) showed
significant correlations (p-value < 0.05) with properties such as Ca
(0.35 TWI, —0.38 TEX, —0.32 SL, —0.34 RSP), Mg (0.44 TWI, —0.48
TEX, —0.39 SL, —0.36 RSP), Na (0.30 TWI, —0.36 TEX, —0.25 SL,
—0.21 RSP), and Al (—0.27 TWI, 0.24 TEX, 0.31 SL, 0.44 RSP). By
contrast, the properties that exhibited the lowest correlations with the
covariates used were clay, pH, and P.

The near-zero variance diagnosis indicated that the covariates with
less variation in the study area were those related to the presence or

absence of deposits of very fine materials and mixtures with organic
deposits; landforms such as glacial valleys, valleys, ridges, and hills;
areas covered with permanent and annual crops; and the presence or
absence of Alfisols, Mollisols, Ultisols, and Entisols. In addition, the
high correlations among the continuous predictors (r > 0.9) were
those associated with weather, such as the maximum and minimum
temperature for all months of the year, sunshine for 5 months, and
relative humidity for 10 months a year, and some covariates derived
from the DEM, such as slope, the RSP, and distance to drainage. With
the above procedures, the number of covariates was reduced from 128
to 57.

3.4. Modeling and spatial validation

For each of the analyzed properties, three models were constructed
(randomForest, ranger, and svmLinear), and the ensemble model was
built from them. Table 6 shows the results of the selected indices.

The model with the highest COE was the randomForest model for Bd
(0.67), and the model with the lowest COE was randomForest for EC
(0.13). In general, the models generated using svmLinear had the
lowest COE values, which indicates that this technique is less efficient
for the properties in the study area (Legates and McCabe, 2013). The
IOA had values with a range from 0.84 for Bd with the randomForest
model to 0.56 for EC with the svmLinear model, which indicates that in
both cases the sum of the errors is less than half the sum of the de-
viations of the observed data or of the deviation from the perfect model
(Willmott et al., 2012). For the AVE, the highest value was also ob-
tained for Bd with the randomForest and ensemble models (0.86), while
the lowest (0.22) was for P and CE with the ranger and randomForest
models, respectively. The AVEs obtained for the variables clay and
ECEC were very similar to those recorded by Samuel-Rosa et al. (2015),
and in general they have models with acceptable to poor performance;
however, Bd stands out, because its AVE was higher than that reported
by Hengl et al. (2014, 2017). The RMSE had values ranging from 0.43
(CE with svmLinear model) to 34.07 (P with svmLinear model). For
some properties, for example pH, the RMSE for randomForest model
was 0.57, less than that found in France (0.78) by Vaysse and
Lagacherie (2015) and in Portugal (0.65) by Ramos et al. (2017).

The Taylor diagrams (Fig. 4) show goodness of fit. In general, it was
observed that the svmLinear model predicted values farther from the
original data set. Importantly, the deviations of the predicted data sets
for each model for each property in all cases showed a standard de-
viation lower than that of the original data set, with the values con-
centrated around the mean prediction of each property.

According to the RSR, the property with the best index was Bd
(0.37). Following this were P (0.44), Clay (0.51), Mg and Na (0.61), OM
(0.63), ECEC (0.77), pH (0.81), Ca (0.84), and Al (0.86). The worst-
modeled property was EC (1.16). Bd most closely matched the pattern
between the observed and modeled data. Its good results were the
product of a low variation in its data. It did not show outliers, and it had
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Table 6
Indices for the models tested for the modeled properties.

Property Model COE I0A AVE RMSE Property Model COE I0A AVE RMSE

Clay randomForest 0.57 0.79 0.72 8.61 Mg randomForest 0.38 0.69 0.49 1.35
ranger 0.46 0.73 0.60 10.31 ranger 0.44 0.72 0.51 1.32
svmLinear 0.34 0.67 0.41 12.53 svmLinear 0.40 0.70 0.45 1.39
ensemble 0.55 0.77 0.71 8.82 ensemble 0.39 0.69 0.49 1.34

Bd randomForest 0.67 0.84 0.86 0.13 Na randomForest 0.51 0.76 0.68 1.13
ranger 0.66 0.83 0.85 0.13 ranger 0.57 0.78 0.64 1.20
svmLinear 0.42 0.71 0.58 0.22 svmLinear 0.52 0.76 0.53 1.36
ensemble 0.67 0.84 0.86 0.13 ensemble 0.51 0.75 0.67 1.15

pH randomForest 0.29 0.64 0.46 0.57 Al randomForest 0.26 0.63 0.37 2.05
ranger 0.28 0.64 0.45 0.57 ranger 0.25 0.63 0.35 2.07
svmLinear 0.20 0.60 0.31 0.64 svmLinear 0.29 0.64 0.28 2.18
ensemble 0.29 0.65 0.46 0.57 ensemble 0.27 0.63 0.35 2.07

oM randomForest 0.40 0.70 0.57 6.19 ECEC randomForest 0.30 0.65 0.38 7.47
ranger 0.42 0.71 0.52 6.60 ranger 0.37 0.68 0.39 7.40
svmLinear 0.36 0.68 0.42 7.23 svmLinear 0.42 0.71 0.32 9.76
ensemble 0.42 0.71 0.57 6.20 ensemble 0.32 0.66 0.38 7.43

P randomForest 0.30 0.65 0.39 24.38 EC randomForest 0.13 0.56 0.22 0.45
ranger 0.32 0.66 0.22 27.54 ranger 0.16 0.58 0.26 0.44
svmLinear 0.28 0.64 0.25 34.07 svmLinear 0.28 0.64 0.27 0.43
ensemble 0.32 0.66 0.39 24.38 ensemble 0.16 0.58 0.25 0.44

Ca randomForest 0.32 0.66 0.40 6.31
ranger 0.35 0.68 0.35 6.58
svmLinear 0.33 0.67 0.30 6.83
ensemble 0.33 0.67 0.39 6.35

a good fit with the evaluated models. However, in the case of EC, the
results were poor, as a consequence of the highest outlier values and the
harmonization of the laboratory method of part of the data. In general,
the results obtained after the analysis showed that the efficiency of the
models is completely acceptable.

According to the goodness of fit metric and Taylor diagrams, only
one model was selected for each property: clay — randomForest
(RMSE = 8.61), Bd — randomForest (RMSE = 0.13), pH - ensemble
(RMSE = 0.57), OM - ensemble (RMSE = 6.20), P — randomForest
(RMSE = 24.38), Ca - randomForest (RMSE = 6.31), Mg - ranger
(RMSE = 1.32), Na —randomForest (RMSE = 1.13), Al — randomForest
(RMSE = 2.05), ECEC - ranger (RMSE = 7.40), and EC - ranger
(RMSE 0.43). For the texture class, 3 models were tested:
randomForest, ranger, and svmLinear, with an overall accuracy of 0.86,
0.48, and 0.43, respectively. The model selected was randomForest, due
to its better performance. Table 7 shows the producer’s and user’s ac-
curacies for the randomForest model.

Although according to the Taylor diagrams there were properties
with very similar results among the models (e.g. Ca, Mg, and EC), the
selection was based on the models with the easiest interpretation
(randomForest and ranger) versus the more complex ones (svmLinear
and ensemble) (Heung et al., 2016).

Of the 12 properties, in 10 randomForest (including ranger) was the
selected method, according to that proposed by several studies (Vaysse
and Lagacherie, 2015; Heung et al., 2016; Nussbaum et al., 2018). The
randomForest effectiveness came from recording training data in the
range of values of the covariates and from better representing complex
nonlinear relationships (Hengl et al., 2017). However, the performance
of the techniques on the study area was highly variable from one
property to another, similar to that reported by Malone et al. (2009)
and Vaysse and Lagacherie (2015). In future research on DSM, the
differences found should be deepened, emphasizing other techniques
and their selection (Heung et al., 2016).

The clay content prediction (Fig. 5a) ranged from 5.8% to 66.7%,
and the lowest content was seen in moor areas, where alterites from
sedimentary rock (sandstone) were reported as parent material (IGAC,
2004). The highest clay contents were found in areas that provide
predominantly fine alluvial materials.

Clay content in the soil is correlated with the retention of water and
nutrients in the soil (Koch et al., 2016; Lipiec et al., 2018); therefore,

sites with high clay content also have a high ECEC (Fig. 5s). However,
sites with a high ECEC can also correspond to areas with high ex-
changeable Ca content (Fig. 5k), most likely because the sedimentary
rock that produced the soil is carbonated (IGAC, 2000). Areas with
thick textures but with high OM content tend to have a high ECEC. This
can be explained by the fact that organic colloids have a higher CEC
than do mineral colloids such as clays (Jaramillo, 2002). With regard to
exchangeable Ca content, values between 0.1 and 34.5 cmol (+) kg’1
were mapped, and most had low to medium content of this cation (ICA,
1992). High Ca contents are associated with high pH values (Behera
and Shukla, 2015; Pérez de los Reyes et al., 2015); this occurs in soils of
the study area because sites with a high Ca content also had a pH close
to 7 (Fig. 5e), and it is in these areas where growers correct acidic pH
with lime-based chemicals, which have high Ca and Mg contents.

As for OM content in the soil, values between 1% and 54% were
mapped (Fig. 5g), with greater percentages seen in the soils on the
periphery of the study area, which are places at higher elevation that
correspond to moor ecosystems, where the OM mineralization rate is
lower (IGAC, 2015). Additionally, most of these places correspond to
sites with an acidic pH (Fig. 5e) due to the conservation of humic acids
in the soil (IGAC, 2015). The exchangeable Mg content ranged from 0 to
9.7 cmol (+) kg’1 (Fig. 5m), with higher values in farming areas and
where human intervention has changed the natural soil conditions due
to practices such as fertilization and liming. In Fig. 5o, the same con-
dition is seen for exchangeable Na content in the Bogoté savanna.

The development of the structure of the soil is supported by the OM
content (Yang et al., 2016), and it is therefore expected that areas with
high OM content will have an adequate soil Bd (from 1.2 to
1.4 Mg m™3) (IGAC, 2015). Moreover, those sites in Fig. 5¢c where Bd
values are close to 0.23 g cm ™2 have soils with organic horizons from
the moor ecosystem or from a lacustrine origin mainly composed of
plant materials in different states of decomposition. In addition, the
locations with higher Bd values correspond to Andisols with vertic
groups (with sliding crack surfaces).

Regarding the EC of the soil, values between 0 and 2.8 ds m ' were
mapped (Fig. 5u), which demonstrates the presence of soils that are
saline to strongly saline, although to a lesser extent. High EC values of
the soil are found in growing regions where excessive application of
fertilizers (Fig. 5k and m) can generate salinity problems, which leads
to soil degradation, crop loss, water quality deterioration, and
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Table 7

Producer’s and user’s accuracies for the texture class.
Accuracy LoSa Cl SiCl Lo Salo Cllo SaCllo SiClLo Silo
Producer’s 100 94 100 83 77 80 82 80 82
User’s 100 82 100 88 89 85 100 67 100

LoSa, loamy sand; Cl, clay; SiCl, silty clay; Lo, loam; SaLo, sandy loam; ClLo,
clay loam; SaClLo, sandy clay loam; SiClLo, silty clay loam; SiLo, silt loam.

environmental degradation in general (Kitamura et al., 2006). The
available P content in the study region ranged from 2 to 130 mg kg ™*
(Fig. 51). These higher P contents are seen primarily in locations with
Andisols or Inceptisols with andic intergrades, characterized by their
high phosphate retention and ability to be used to sow crops such as
potato, where constant applications of P are carried out and can lead to
an increase in the content of this element in the soil.

In regard to texture, sandy loam (SaLo) was the most representative
texture class, which is related to the parent material that predominates
in the study area and corresponds to sedimentary rocks (sandstone)
(Fig. 5w). In the floodplain, the predominant textures range from fine to
very fine (SaClLo, ClLo, Cl), which originate from the alluvial and la-
custrine deposits in the region.

Some generated maps are not exempt from artefacts in some places
(round spot areas), especially the mean error prediction of some vari-
ables (e.g. Fig. 5b, 1, t, and v). Slight changes in the input feature can
have a big impact on the predicted outcome, which is usually not de-
sirable (Molnar, 2019). These round spots are there due to the high
sensitivity of the randomForest model to artefacts in the input data
(Hengl et al., 2015). In this case, some raster input of the environmental
covariates stack (e.g. relative humidity and sunlight) had several cir-
cular areas.

Other factors that explain the results obtained with the DSM models
come from the data set used to make the maps. As indicated before, the
inspection density was considered low, and although no spatial auto-
correlation analyses were performed, the high heterogeneity of the soils
was not adequately recorded in the data set. This is because a large part
of the data comes from studies carried out by IGAC, which had a soil
classification approach, and their sites were selected in terms of de-
fining geopedological units than determining variability over short
distances. It should be remembered that the data were also collected at
different times (from 2000 to 2016). This could be solved by in-
corporating more soil studies from the study area or by collecting new
information from an adequate sample design built from the space fea-
ture of the covariates used in the study.

3.5. IRAKA web services

The maps of the soil properties modeled and error trends were
stored in the IRAKA information system and are available at https://
iraka.agrosavia.co/. Maps are available in WCS and WMS format.
Additionally, IRAKA has a geographic viewer that allows one to query,
view, and download the modeled soil observations. The system pro-
vides a view of the soil orders of the study area according to USDA soil
taxonomy and generated based on the representativeness of the modal
profiles described by the mapping units. For all the maps, IRAKA gen-
erates a general overview, and for the interpolations, the models and
goodness of fit units are included. This information system is also as-
sociated with the opensource cataloging tool Geonetwork for resources
referenced to the geographic space. The geographic metadata (ac-
cording to the ISO 19115 and the Colombian Technical Rule - NTC
4611) is in Geonetwork. This is a tool that is in line with the Colombian
Spatial Data Infrastructure (ICDE). Additional information on handling
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the tool can be found at AGROSAVIA (2020).

Compared to other web services, IRAKA has several advantages:
unlike SoilGrids, IRAKA uses local information from different sources,
adjusted to the characteristics of the high plateau. In contrast to
SISLAC, IRAKA has maps with information about chemical and physical
properties. SIGA GIS only includes soil information in polygons, while
IRAKA has raster representation from DSM techniques. In the case of
GEOSOIL, whose results are for a municipality, IRAKA presents in-
formation for an entire natural subregion in Colombia. Its dis-
advantages are: the information is only available for the topsoil, while
other systems present it at different depths (e.g. SoilGrids, SISLAC).
There is very little information on physical properties, only the texture
and bulk density. Otherwise, to facilitate handling, and network time
server in the geographic viewer, the information was represented to
250 m, although it was built to 125 m. Though IRAKA allows multiple
users to view the information, the web geographic systems are intended
for users who can make use of it in a GIS, in order to carry out geo-
spatial operations or to include it in land management, food security, or
climate change analyses. For example, an important element within
IRAKA is the possibility to produce maps of soil quality or suitability
using the results of the mapping. In the case of crops like bulb and long
green onion, the system has maps of soil quality indices. These maps
were generated from the products of IRAKA and other information on
the absorption of nutrients.

4. Conclusions

IRAKA is the result of building an SIS based on information avail-
able for the Cundiboyacense high plateau of Colombia. Its structure
comprises 3 aspects: data from different sources stored in spatial da-
tabases, administrated through management systems that enable data-
base creation, queries, updates or deletions; spatial modeling through
digital mapping techniques, which generate error trend surfaces; and
provision of information through geographic web services for online
consumption or through a GIS. Its advantages over other information
systems are the use of local information, the analysis of different DSM
models, and distribution on raster and vector layers. Its disadvantage is
that only topsoil information is presented.

The spatial modeling in this study used machine learning techniques
such as random forests, support vector machines, and their incorpora-
tion into an ensemble through a generalized linear function. Random
forest (including ranger technique) gave the best results, due to the fact
that it was used in 10 of the 12 mapped soil properties. A special
random forest technique (conditional quantiles) was also used to cal-
culate uncertainty, and this allowed obtaining the mean of the error for
each property in the study area.

IRAKA was developed to integrate available information, standar-
dize the information according to national procedures, and analyze the
information according to its characteristics. Therefore, it is a tool that
easily presents updated soil information for planning and managing the
edaphic resource of the Cundiboyacense high plateau. This system re-
presents an important step towards integration with information sys-
tems that address other biophysical resources such as climate, land
cover, streams, etc. Although IRAKA was based on a specific natural
subregion, its focus, methodologies, and development can be extended
to other areas and can have nationwide coverage.
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