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Digital soil mapping (DSM) is a successful sub discipline of soil science with an active research output. The
success of digital soil mapping is a confluence of several factors in the beginning of 2000 including the increased
availability of spatial data (digital elevation model, satellite imagery), the availability of computing power for
processing data, the development of data-mining tools and GIS, and numerous applications beyond geostatistics.
In addition, there was an increased global demand for spatial data including uncertainty assessments, and a
rejuvenation of many soil survey and university centres which helped in the spreading of digital soil mapping
technologies and knowledge. The theoretical framework for digital soil mapping was formalised in a 2003
paper in Geoderma. In this paper, we define what constitutes digital soil mapping, sketch a brief history of it,
and discuss some lessons. Digital soil mapping requires three components: the input in the form of field and
laboratory observational methods, the process used in terms of spatial and non-spatial soil inference systems,
and the output in the form of spatial soil information systems, which includes outputs in the form of rasters of
prediction along with the uncertainty of prediction. We also illustrate the history with a number of sleeping
beauty papers that seem too precocious and consequently the ideas were not taken up by contemporaries and
largely forgotten. It took another 30 to 40 years before the ideaswere rediscovered and thenflourished. Examples
include proximal soil sensing that was developed in the 1920s, soil spectroscopy in 1970s, and soil mapping
based on similarity of environmental factors in 1979. In summary, the coming together of emerging topics and
timeliness greatly assists in the development of paradigm. We learned that research and ideas that are too
precocious are largely ignored — such work warrants (re)discovery.

© 2015 Published by Elsevier B.V.
1. Introduction

Digital soil mapping (DSM) has become a successful sub-discipline
of soil science. Currently, the number of papers on DSM increases at a
rate of 12 papers per year, and the number of citations increases by
384 citations per year (Fig. 1). The use of computer or numerical models
to map soil is not new and researches into methods for creating digital
soil maps have been produced since the 1990s (e.g. Skidmore et al.,
1991; Bell et al., 1992; Odeh et al., 1992a; McKenzie and Austin, 1993;
Moore et al., 1993). McBratney et al. (2003) noted their commonalities
and proposed a generic framework called the scorpan-SSPFe (soil spatial
prediction function with spatially autocorrelated errors) as a method to
produce digital soilmaps. The termdigital soilmaps has been used since
early on, for example Roger Tomlinson, the father of GIS (Tomlinson,
1978) labelled digitised polygon maps as digital soil maps. Similarly,
Bliss and Reybold (1989) and Bliss et al. (1995) converted the
STATSGO polygon maps into “digital soil maps”. Dobos et al. (2002)
used the term “digital soil mapping” as a way of integrating soil maps
with DEM and satellite sensing images.
Minasny).

ney, A.B., Digital soilmapping
The aim of this paper is to define what constitutes digital soil map-
ping following the framework of scorpan-SSPFe and reviews several re-
search topics that contribute to the development of digital soilmapping.
We will sketch a brief history using examples from several pioneering
soil mapping studies, highlighting some ‘sleeping beauties’ papers and
their rediscovery, and then discuss some lessons for the future.

Since the digital soil mapping scorpan concept was introduced, and
following a series of global workshops, there has been huge interest in
this topic of research. The first global digital soil mapping workshop
was held in Montpellier in September 2004. The IUSS working group
on Digital Soil Mapping was formed following the first workshop.
Successive global workshops were held in Rio De Janeiro, Brazil in
2006, Logan, USA in 2008, Rome, Italy in 2010, Sydney, Australia in
2012 and in Nanjing, China in 2014. It has resulted in a series of books
(Lagacherie et al., 2006; Hartemink et al., 2008; Boettinger, 2010;
Minasny et al., 2012). Following the second global workshop in 2006,
the GlobalSoilMap project was initiated (Arrouays et al., 2014; Hempel
et al., 2014).

This paper does not attempt to give a history of soil mapping, which
has been covered in many reviews (Yaalon, 1989; Brown, 2006; Legros,
2006; Hartemink et al., 2013; Miller and Schaetzl, 2014). It also will not
discuss the history of pedometrics research (Webster, 1994). Bui (2006)
provided a review of digital soil mapping development in Australia until
: A brief history and some lessons, Geoderma (2015), http://dx.doi.org/
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Fig. 1. Number of papers and number of citations from keyword search “digital” “soil”
“mapping” from the Scopus database (data extracted in February 2015).
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2004. Grunwald (2009) characterised some recent works on digital soil
mapping and modelling, and Grunwald et al. (2011) reviewed some
works on digital soil mapping at the continental scale.

The structure of this paper is as follows: we will first define what
constitute digital soil mapping (Section 2). We will then review several
key concepts that lead to the development of digital soil mapping
(Fig. 2). We will illustrate these with some sleeping beauty papers.
Sleeping beauty in scientific publication refers to a publication whose
importance goes unnoticed for a long time and then suddenly attracts
a lot of attention or citations (Van Raan, 2004; Ke et al., 2015).
Section 3 discusses some sleeping beauties in soil proximal and remote
Fig. 2. A diagram illustrating the evolution and confluence of different concepts in digital
soil mapping used in this paper.
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sensing. Section 4 examines key concepts on factorial models, environ-
mental similarity, digital cartography, pedometrics and environmental
correlation. Finally we discuss the confluence of various factors that
led to the development of digital soil mapping and discuss where it is
going.

2. What is digital soil mapping?

A soil map is a graphic representation for transmitting information
about the spatial distribution of soil attributes (Yaalon, 1989). The
earliest soil mapswere produced in themid 18th century for agricultur-
al purposes. These soil maps were made simply to delineate homoge-
neous areas with intrinsic soil attributes useful in determining suitable
land use, and not for soil classification. A more formalised soil mapping
approachwas later derived from agrogeologists, wheremaps of geology
and soil types were derived from topographic maps (Miller and
Schaetzl, 2014). In the 19th century the Russian school stressed the
importance of genetic soil type, while in the USA the stress is on the
soil's intrinsic properties.

Dokuchaev in 1883 produced a map of humus content in Russia
based on quantitative point observations, plotted as an isohumus map
(Hartemink et al., 2013; Miller and Schaetzl, 2014). There was also a
discussion by G.F. Nefedov in 1908 in Russia (as cited by Hartemink
et al., 2013) that soil properties have to be mapped first and then soil
classes can be delineated based on areas that occupied uniform or sim-
ilar properties. However this idea seems never realised as there was not
enough data at the time, and thus soil classes continued to be mapped.

In conventional soil survey, soil is mapped based on a soil surveyor's
conceptual or mental model (Hudson, 1992). Aerial photographs,
Landsat images, and digital elevationmodels (DEMs) are used to identi-
fy environmental features relating to geology, landform or vegetation.
This process is then verified with field observations (Legros, 2006).
The final product is a map with a legend of soil types, which can be
difficult to interpret and use. In addition, the subjective nature of the
map process yields many drawbacks (Ryan et al., 2000).

The conceptual model of the traditional mapping approach can be
harvested andmodernised bymaking use of contemporary quantitative
techniques. Digital soil mapping is defined as: the creation and popula-
tion of spatial soil information systems by the use of field and laboratory ob-
servational methods coupled with spatial and non-spatial soil inference
systems (Lagacherie and McBratney, 2006). Other terminology has also
been used or proposed, including: computer-assisted soil cartography,
numerical soil cartography, pedometric mapping, environmental corre-
lation, predictive soil mapping, or geographical extrapolation using
models (Franklin, 1995; McKenzie and Ryan, 1999; Scull et al., 2003;
Legros, 2006; Kempen et al., 2010). However, digital soil mapping is
not only about making soil maps using computer or numerical
approaches or quantitative relationships between environmental
variables and soil properties, according to the definition of Lagacherie
and McBratney (2006) it needs to have three main components:

- The input in the form of field and laboratory observational methods,
this includes the use of legacy soil observations or soil maps, and
collecting new samples using statistical sampling techniques.

- The process used in terms of spatial and non-spatial soil inference
systems, this includes building mathematical or statistical models
relating soil observations with their environmental covariates or
scorpan factors.

- The output in the form of spatial soil information systems, which
includes outputs in the form of rasters of prediction along with the
uncertainty of prediction. This output can be readily updated as
new information becomes available.

In the early literature, digitised conventional soil map in the form of
polygons is called a digital soil map (Tomlinson, 1978). While the
: A brief history and some lessons, Geoderma (2015), http://dx.doi.org/
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Fig. 3. Physical 3D model of variation of soil mechanical resistance across the Broadbalk
continuous wheat experiment (Chromic Luvisols) in 1924.
(From Haines and Keen (1925b), used with permission).
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product is digital, the process of making the map is not based on any
statistical inference, and thus it is not digital soil map, but a digitised
soil map.

The most common work involves predicting soil class or soil attri-
bute from its so-called scorpan factors using a spatial soil prediction
function with autocorrelated error (SSPFe) (McBratney et al., 2003):

Sc ¼ f s; c;o; r;p; a;nð Þ þ e; or Sa ¼ f s; c; o; r;p; a;nð Þ þ e

where Sc and Sa are soil classes and soil attributes as a function of soil,
climate, organisms, relief, parent material, age and spatial position, ‘e’
is spatially correlated residuals. The scorpan model is different from
Jenny's factorial model or the Sergey-Zakharaov equation (Florinsky,
2012). The scorpan model is used for quantitative prediction of soil
classes or continuous soil attributes based on empirical observations
and not trying to explain the factors of soil formation. In addition, soil
can be used as a factor because soil can be predicted from its properties,
or soil properties from its class or other properties.

Most work in digital soil mapping is based on building a numerical
model relating field soil observations and scorpan factors (e.g. Bou
Kheir et al., 2010; Brungard et al., 2015). The model is then applied to
spatially exhaustive environmental data. However digital soil mapping
can also use conventional soil maps as input for the purpose of extrap-
olating, updating or disaggregating soil maps (Subburayalu and Slater,
2013; Odgers et al., 2014). The rationale is to discover the knowledge
embedded in completed surveys, or reverse engineer the surveyor's
soil-landscape mental model through machine learning techniques
(Moran and Bui, 2002). Rules can be learned from the soil map, and
subsequently these learned rules can be used to spatially extrapolate
the mapping areas (Grinand et al., 2008), update or refine existing
maps (Collard et al., 2014), or disaggregating the soil mapping units
into soil series (Häring et al., 2012; Subburayalu and Slater, 2013;
Odgers et al., 2014). In addition the disaggregated maps and scorpan-
kriging derived maps can be combined to produce better estimates
(Malone et al., 2014).

In the following sections, we will discuss several topics that have
contributed to the development of digital soil mapping (Fig. 2). We
will illustrate this with some sleeping beauties and their rediscovery.
Wewill discuss that although the ideas offered by the sleeping beauties
were rediscovered, the papers remain asleep, relatively unknown and
uncited.

3. Proximal soil sensing, remote sensing, and soil spectroscopy

3.1. Proximal soil sensing

In 1925, long before digital computers and electronic sensors,
Bernard Keen and William Haines from Rothamsted Experimental
Station in the UK conceived and built the first on-the-go soil strength
sensor. They made measurements and a high-resolution soil map, and
confronted the reality and importance of soil spatial variation (Keen
and Haines, 1925; McBratney and Minasny, 2010). The first on-the-go
soil strength sensor measurements were made on Sawyers field
(2.4 ha) that had received uniform treatment for many years and was
believed to be uniform. (Haines and Keen, 1925a) made a contour
map based on average soil mechanical resistance values obtained for
each plot. They called these “isodynes” for contour lines of equal force
or soil mechanical resistance. (Haines and Keen, 1925b) used their
dynamometer to map soil mechanical resistance in the now classical
Rothamsted experimental plots. They built a physical 3-D model (pre-
GIS and 3D printer) for the soil mechanical resistance and showed
that the soil variation is natural and not caused by the manure that
was applied from 1843 to 1925 (Fig. 3).

This work which was ahead of its time, not taken up by contempo-
raries and is now largely forgotten. Nothing was reported in the litera-
ture on this kind of work for a long time, and the Haines and Keen
Please cite this article as:Minasny, B., McBratney, A.B., Digital soilmapping
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(1925a) paper has been cited only cited 5 times (Google Scholar, Febru-
ary 2015). Published work on the ‘on-the-go’ soil strength measure-
ment seemed to begin with Stafford and Hendrick (1985) and with
more recent developments by Sun et al. (2006) and with the advent of
site-specific soil and crop management. Although this study is not digi-
tal soil mapping, it is the first proximal soil sensing instrument and
study. Proximal soil sensingwas formalised in early 2000s andmotivat-
ed by theneed for high-resolution spatial and temporal soil information.
Proximal soil sensing, sensu stricto, is defined as in-situ,mobile (on-the-
go), field methods for sensing soil information. In digital soil mapping
the methodology is a function of the resolution sought, and thus proxi-
mal soil sensing is themethodology for high-resolution digital soil map-
ping (McBratney et al., 2011). Related to proximal soil sensing is the
emergent study of digital soil morphometrics which use proximal
sensors for measuring andmapping soil profile properties, and deriving
continuous depth functions (Hartemink andMinasny, 2014). Digital soil
morphometrics is distinct from proximal soil sensing and aims to yield
new insights in soil horizonation and enhance pedological understand-
ing. An IUSS working group was recently established to proffer these
new insights.

3.2. Remote sensing

The use of remotely-sensed aerial photographs for soil mapping
started as early as the 1920s, and subsequent use of air-photo interpre-
tation in the USA (Bushnell, 1929) and Australia (Prescott and Taylor,
1930). However soil maps produced from topographic information
and aerial photographic interpretation does not constitute digital soil
mapping, as the pattern recognition and identification was done
manually and subjectively. There is no statistical or mathematical infer-
ence behind the process.

Statistical inference for mapping started with the introduction of
remotely-sensed infrared spectroscopy. The Laboratory for Applications
of Remote Sensing (LARS) at Purdue University (Kristof et al., 1973)
proposed ‘Spectral Mapping of Soil Organic Matter’ using hyperspectral
soil reflectance from the visible and near infrared signal of an airborne
scanner. A numerical classification procedure was used to group data
: A brief history and some lessons, Geoderma (2015), http://dx.doi.org/
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into classes that represent the distribution of soil organic matter. This
type of work has continued, as exemplified by Frazier and Cheng
(1989) who devised a linear relationship between with organic carbon
content and Landsat TM multispectral Band ratio 5/4 (SWIR/NIR) for
mapping.

LARS at Purdue University produced innovative research in the field
of remote sensing, generating the first hyperspectral soil spectral
library, predicting soil carbon content from NIR, and mapping soil
carbon digitally. It proposed mapping soil type based on unsupervised
classification of Landsat images (Cipra, 1973; Kornblau and Cipra,
1983). At the same time, researchers in India also used Landsat images
in conjunction with topographical and geological information to map
soils (Singh, 1980; Karale et al., 1983). A soil spectral database or library
was developed in the 1980s at LARS (Stoner and Biehl, 1980), where the
database contained near infrared reflectance spectra along with the
physical, chemical, engineering, and site information for 500 soil
samples from 39 states in the USA, as well as Brazil, Costa Rica, Sudan,
Spain, and Jordan.

Remote sensing has remained an essential data source for soil
mapping (Agbu et al., 1990; Mulder et al., 2011). The spectral range
from remote sensing used for soil mapping is not limited to the visible
and infrared; gamma ray (Cook et al., 1996a) and radio frequencies
(Mendonça-Santos and dos Santos, 2006) can and have also be used.

3.3. Soil spectroscopy

The spectroscopy work in the 1970–1980s using remotely or
proximally-sensed visual toNIR spectrometers generatingmultispectral
and hyperspectral data was ahead of its time (Al-Abbas et al., 1972;
Kristof et al., 1973; Mathews et al., 1973; Stoner and Baumgardner,
1981). It took another 30 years before the soil spectroscopy work
became mainstream (Ben-Dor et al., 1997), and soil spectral libraries
were developed again (Shepherd and Walsh, 2002; Brown et al.,
2006). The interest in soil NIR followed the developments of NIR spec-
troscopy in agriculture in the late 80s,where desktopNIR spectrometers
were used to rapidly measure the chemical composition of cereals, fruit
and vegetables, meat, etc. (Bellon-Maurel and McBratney, 2011). The
use of desktop or portable NIR instruments in soil science (as opposed
to remotely sensed NIR) started in the 1990s with the development of
multivariate data analysis of ultraspectral data. Proximally-sensed soil
spectroscopy is still an active area of enquiry (Bellon-Maurel and
McBratney, 2011; Sarathjith et al., 2014). A detailed review on NIR
spectroscopy in soil science can be found in Stenberg et al. (2010).

The paper by Stoner and Baumgardner (1981) “Characteristic
variations in reflectance of surface soils” is an example of the Sleeping
Beauties in soil science, in 1981–1990 it only has an average of 1 citation
per year, and from 1991 to 2000 the average is 6 citations per year. The
paper then started to gain citation from 2001 to 2010with an average of
11 citations per year, and in 2013, it was cited 18 times (citation data
from Web of Knowledge).

4. Factorial models, environmental similarity, and
environmental correlation

4.1. Factorial models of soil formation

Jenny's factorial model of soil formation is used conceptually in con-
ventional mapping. Jenny's clorpt model is also used quantitatively,
where “the clorpt formulawas taken apart and explicit factor sequences
were secured”, i.e. one factor is varied, while the other factors are held
constant in the form of chronofunctions, topofunctions as some such
examples The topofunction is most popular, such as the work by
(Bushnell, 1943) on soil distribution based on the catena concept. In
fact the American (USA) soil-landscape model is largely: s = f(r).
Troeh (1964) demonstrated that soil drainage classes could be differen-
tiated by their slope and curvature. Walker et al. (1968) found that soil
Please cite this article as:Minasny, B., McBratney, A.B., Digital soilmapping
10.1016/j.geoderma.2015.07.017
morphological properties collected along a transect, such as A horizon
depth, depth to mottling and carbonates were related to slope, curva-
ture, aspect and distance from the local summit in a multiple linear re-
gression. They also realised that considerable soil variation remained
unaccounted for by the regression. Most of these functions were used
for exploratory data analysis and not for mapping. Perhaps there were
no resources to predict soil across the landscapes using the empirical
equations, or the idea was too radical for the time and not attempted.

Amultivariate factors model was proposed by (Jenny et al., 1968) as
an “integrated clorpt”, where all factors were simultaneously modelled
in the form of a multivariate linear regression:

S ¼ a þ k1 MAP þ k2 MAT þ k3 Parent Material þ k4 slope
þ k5 Vegetation þ k6 Latitude;

where S indicates soil properties (texture, C, N, cations, and 1st principal
component of clay minerals), and k indicates empirical constants, and
MAP and MAT correspond to mean annual precipitation and tempera-
ture respectively. This model was calibrated using 97 topsoil samples
(0–20 cm) collected along a moisture transect from deserts at 35°N
latitude to a high rainfall area at 41°N. In the process of modelling,
Jennyunderstood therewas correlation among the independent factors,
which he addressed using principal component analysis (PCA). It is one
of the earliest examples using PCA for soil data analysis. It is also one of
the first attempts to link soil carbon to some of the factors of soil forma-
tion. Jenny found that precipitation was the strongest exploratory vari-
able (R2 = 0.45), followed by temperature (R2 = 0.09), and parent
material (R2 = 0.06). In this regional dataset, the influence of slope
was minimal (R2 = 0.01). The model was used to explain the factors
that control the distribution of soil carbon along with other properties
and not as a prediction function or for mapping. Jenny's 1968 paper is
not well known and has only 21 citations in Google Scholar (Feb.
2015). This work has been rediscovered and extended to digital soil
mapping. For example Gray et al. (2015) express this type of approach
as pragmatic soil spatial modelling in their recent work in NSW,
Australia. Various forms of the factorial models have been proposed.
For example, (Runge, 1973) considered the energy components of soil
formation, but that equation ismostly used as qualitative interpretation.
Quantitative energymodel for soil formation had been proposed by V.R.
Volobuyev and detailed in his book “Ecology of Soils” (Volobuyev,
1964). Volobuyev (1964) defined the energy balance for soil formation
as the sum of energy in weathering of rock or parent materials, soil or-
ganicmatter accumulation and transformation, evapotranspiration, and
leaching. Most of Volobuyev's works are published in Russian with
some English translations published in the Soviet Soil Science Journal.
His work on the energy of soil formation is generally unknown in the
soil science literature and has rarely been cited (Field and Minasny,
2008). It took 40 years before this energy model was rediscovered by
Rasmussen et al. (2005) and Rasmussen and Tabor (2007) as a quanti-
tative pedologic energy model for predicting soil properties across the
USA.

4.2. Soil mapping based on expert knowledge and environmental similarity

An evolution of Jenny's factorialmodel is the soil-landscape relation-
ships following the work of Ruhe (1956) and Butler (1959) that
recognised the periodic nature of soil-landscape development. This
soil-landscape relationship approach influenced many of the conven-
tional soil mapping approaches. The work by Legros and Bonneric
(1979) is considered as the first French attempt in computer-assisted
soilmapping. Thiswork hasmost of the elements of digital soil mapping
(input data, covariates and statistical inference). The procedure for
generating a map attempted to mimic the reasoning of an expert
pedologist in a soil-landscape relationship: if a particular soil is found
in a particular environment, then the same soil will be found in a similar
environment. They used observations of 38 soil profiles from a survey of
: A brief history and some lessons, Geoderma (2015), http://dx.doi.org/
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the Pilat Regional Natural Park, and deduced rules that enabled
geographical extrapolation of the observations to the whole park of
624 km2. The area was gridded into 2496 pixels, each with a size of
500 × 500 m. The Gower statistical distance was calculated for the
similarity of the environments of each pixel to the environments of
each of the 38 profiles. The environments were then grouped by the
four soil types found in the area. A similarity measure was calculated
between each pixel and the four soil types. The soil type with the
highest similarity index was allocated to the pixel (Fig. 4). Lagacherie
(1992) and Lagacherie et al. (1995) proposed another method by
extracting the knowledge from a reference area where it has been
mapped by the conventional technique. The rules extracted from this
area were then extrapolated to a larger area within the region.

The digital mapping of environmental similarity by Legros and
Bonneric (1979)was largely unknown as it was published in an obscure
French journal, but it was rediscovered and called case-based reasoning
Fig. 4. (a) Illustration of the similarity method, and (b) the very first French digital soil map sho
pixel size of 500 × 500 m.
(From Legros and Bonneric, 1979).

Please cite this article as:Minasny, B., McBratney, A.B., Digital soilmapping
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by Shi et al. (2004), where they used a fuzzy membership function to
calculate the similarity of the environmental covariates of a location
and of the modal soil profile. The judgement on the use of covariates
and how to weigh each of the covariates for the calculation of the
similarity measure can be subjective however.

Another example of computer assisted mapping using expert
knowledge is by Skidmore et al. (1991), Cook et al. (1996b), and
Skidmore et al. (1996) who tried to quantify the knowledge from an
experienced soil scientist by building rules or relationships between
the soil-landscape units and their topographical attributes (slope gradi-
ent, soil wetness index, and topographical position). A Bayesian infer-
ence algorithm was used to calculate the likelihood of a hypothesis
(soil-type) occurring, given a piece of evidence (soil-landscape condi-
tion). A forward chaining process is then applied, in other words all
the rules were evaluated at each pixel to give the probability of occur-
rence of a particular soil class (Skidmore et al., 1996). This type of
wing degree of pozolization in the region of Pilat, themap is represented as a raster with a

: A brief history and some lessons, Geoderma (2015), http://dx.doi.org/
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expert-system was the basis of the SoLIM (Soil Land Inference Model)
model by (Zhu et al., 1997) who used a fuzzy inference algorithm.

4.3. Digital soil cartography and soil information systems

With the advent of computers in the 1970s, Webster and Burrough
(1972) attempted tomap an area of north Berkshire in the UK. They se-
lected a 1400m×600m area that was sampled on a 100-m square grid,
and seventeen properties of the soil profile were measured. The data
(n = 84) were analysed by principal component analysis and the first
component accounted for 40% of the total variance andwell represented
the field characters used for soil classification. An isarithmic map of the
first component showed how the soil changes over the landscape and
was in agreementwith a soil-seriesmapmade by traditional soil survey.

Webster et al. (1979) demonstrated that soil parameters could be
stored, and extracted with a rudimentary database system linked to
software which printed out the map using a line-printer. In the report
“Soils of the Ivybridge area in the West of England”, an area of 60 km2

was inspected from auger borings on a 100-m square grid. The area
was partitioned into 60 columns and 101 rows. At each ‘pixel’, charac-
teristics of the soil profile and site were recorded and the data were
put into a database. Soil maps were made by a line printer, where
each printed symbol represented one observation. A map of soil attri-
butes such as the soil series, drainage class, soil colour value, texture
class, depth to mottling, were made without the use of numerical inter-
polation techniques. This type of mapping based on grid survey has not
persisted as it is too expensive and laborious to collect soil observations
in a regularfine grid. There is no statistical inference involved, hence it is
called digital soil cartography.

The International Soil Science Society (ISSS) Working Group on Soil
Information Systems was formed in Wageningen, the Netherlands in
1975 with the aim to develop an information system for soil-related
applications. Most of the work in this working group related to soil
databases, data management, storing, retrieving and manipulating
data and digitising conventional soil maps (Sadovski and Bie, 1977;
Burrough and Bie, 1984). Legros and Hensel (1978) reported on
computer-assisted soil cartography in France. Computer system
approaches were proposed on digitised soil maps (Tomlinson, 1978).
The storage and analysis of soil data in a grid format has long been con-
sidered desirable (Ragg, 1977). Oneway of making soil data in a regular
grid is by interpolation and an example is by De Gruijter and Bie (1975)
who used an early GIS package called SYMAP.

Efforts also been made to convert polygon maps into digital soil
properties maps (Bliss and Reybold, 1989). However applying these
“digital maps” that were derived from regional scale mapping
(STATSGO) for landscape scale modelling was found to be problematic
as the local variability was not captured (Lathrop et al., 1995).

4.4. Geostatistics and pedometrics

Research in the 1980s experimented with the use of statistical
models for analysing soil data or what was later termed pedometrics
(Webster, 1994). In Japan, Kosaki et al. (1982) performed a numerical
classification of soil observations, and devised a computer programme
to map the point data of soil types into polygons. In the USA, Shovic
and Montagne (1985) attempted a statistical model of the landscape
and soils for use in mapping.

Researchers also started to use geostatistics that was developed in
the mining industry in the 1960s for spatial optimal linear prediction.
It has become an attractive tool for soil scientists as the deterministic
model (such as Jenny's topofunctions) can only explain a portion of
the variation in spatial data and the spatial random component is
large and auto-correlated. Soil has been useful for the development of
geostatistics as its properties generally vary continuously over space,
and its spatial variation can be quantified using variograms.
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Someof thefirst published applications of geostatistics in soil studies
included salinity studies in southwest Iran (across several, 100 hafields)
(Hajrasuliha et al., 1980) and three farms in the UK (Burgess and
Webster, 1980). This was followed by Vieira et al. (1981) who quanti-
fied the spatial variation of field-measured infiltration rate in a field in
California. Various forms of kriging have been developed to deal with
continuous soil properties and classes, to give estimates for blocks or
pixels of varying size, and to estimate uncertainty. This led Giltrap
(1983) to propose converting randomly located soil survey observa-
tions to estimates of numerical properties located on a regular grid
based on geostatistics. This is much what is currently been undertaken
under the broad umbrella of digital soil mapping. However this idea
was not taken upby soil surveyors until the digital soilmapping concept
had been accepted. Thus most geostatistics were applied for soil chem-
ical properties for agronomic purposes (Vieira et al., 1983).

In the development of soil geostatistics it was found that soil could
be better predicted if denser sets of secondary variables (spatially
cross-) correlated with the primary variable were available— this tech-
nique is called co-kriging. In the early co-kriging studies, such ancillary
variables were other soil variables, indicating that other soil variables
are useful predictors of soil (Vauclin et al., 1983). With improved
technology, co-kriging was performed with detailed secondary data
sets of environmental variables derived from digital elevation models
and satellite images.

Pedometrics also explored the use of fuzzy set theory for numerical
soil classification and mapping (Odeh et al., 1992a, 1992b; McBratney
andOdeh, 1997). Fuzzy theory can be used to develop rules for delineat-
ing the landscape based on expert knowledge or based on numerical
clustering of terrain attributes. Zhu et al. (1996) used fuzzymembership
to extract knowledge from an expert pedologist on the occurrence of
certain soil series from its topographic variables. These fuzzy rules
were then used to map out the occurrence of soil series in an area.
Irvin et al. (1997) used fuzzy k-means algorithm to group 6 terrain attri-
butes in a landscape and demonstrated that the resulting classes were
meaningful and also spatially coherent.

4.5. Soil spatial models and environmental correlation

Soil spatial models where soil properties or soil classes are mapped
based on mathematical functions started to appear with the advent of
digital elevation models (DEMs) and terrain analysis in the beginning
of the 1990s. Geographic positioning systems (GPS) became available,
and allowed accurate spatial referencing of field samples and registra-
tion with environmental covariates in the GIS. Linear models were de-
veloped for spatial prediction of soil properties in a field, notably by
the studies of Bell et al. (1992); Moore et al. (1993); and Slater (1994)
in the USA and Odeh et al. (1992a, 1994); McKenzie and Austin
(1993); andGessler et al. (1995) in Australia. These studies demonstrat-
ed a pragmatic statistical method, where soil properties such as pH and
carbon were related to topographic indices by linear regressionmodels.
Similarly Arrouays and Pelissier (1994)made a spatial predictionmodel
of surface soil carbon pools in forest soils in France, using climatic, geo-
morphological, and pedological data in the form of a multiple linear re-
gression model. These studies resumed from Jenny et al. (1968)'s
seminal work, the difference is that themodel is now used for mapping.

Digital terrain models and other raster layers provided complete
enumeration of an area into a GIS. Soil observation points were
intersected with the layers of environmental variables or covariates
and a model was fitted by various means. Then the model was used to
predict all other locations on the raster. For quantitative prediction
purposes this has been called the ‘clorpt’ equation (McBratney et al.,
2000). McKenzie and Austin (1993) and McKenzie and Ryan (1999)
termed this approach “environmental correlation” which involves the
development of explicit statistical or rule-based models that supersede
the implicit mental models used by soil surveyors (Ryan et al., 2000).
The statistical model is then applied to the environmental variables to
: A brief history and some lessons, Geoderma (2015), http://dx.doi.org/
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predict site observations across the complete region. Somewould argue
that environmental correlation is simply the natural, quantitative,
evolution of clorpt. However, unlike the environmental similarity or
expert knowledge approach which attempted to capture pedologist's
mental model (Section 4.2), this soil spatial model is purely based on a
statistical approach with known prediction uncertainty. As noted in
Moore et al. (1993), it was alsomotivated bywork in pedotransfer func-
tions, where one soil property is predicted from other surrogate soil
properties, S = f(s).

This period also coincides with the development and availability of
data-mining techniques that deal with nonlinearity of soil–landscape
relationships (Pachepsky et al., 1996; McKenzie and Ryan, 1999). The
success of many field-scale studies encouraged the development of
mapping on larger extents, such as regions and across continents (Bui
and Moran, 2003). Henderson et al. (2005) were among the first to
employ a data-mining approach (selecting covariates to produce
regression rules) for spatial prediction of soil properties over the entire
area of Australia.

McBratney et al. (2000) suggested that the clorpt method forms a
deterministic model, and that it should be combined with geostatistics
to explain the random component of the spatial variation of the
residuals of the model. They called it a hybrid model that offers
powerful spatial prediction methods, especially for catchment and
regional studies (Fig. 5).

5. The development of digital soil mapping

5.1. The rise in computer power

The ability to model and process data spatially requires significant
computing power. Moore's law is an observation that the number of
transistors in a dense integrated circuit doubles approximately every
two years (Moore, 1998), which implies that the processing power of
microchips doubles every eighteen months. Although this empirical
law has attracted various criticisms, the prediction has proven to be ac-
curate enough and well established. Because digital soil mapping is de-
pendent on computer power and information technology, Lagacherie
and McBratney (2006) speculated a relationship between the size of
digital soil mapping projects that might be tackled in the future. Taking
data on the number of pixels described or predicted from earlier
projects they found an exponential growth with time:

log10 no: of pixelsð Þ ¼ −272:7 þ 0:139 � Year AD:
Fig. 5. The generic pedometric techniques, their hybrid and styles with r
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The fitted line describes a doubling in the number of pixels every 26
months,which is slightly slower thanMoore's law. Recently large extent
and high resolution digital soil maps have been produced globally, so
we revisited the data and refitted the model and found:

Log10 no: of pixelsð Þ ¼ −294:8 þ 0:151 � Year AD:

The rate of increase in the number of pixels is now approximately
~20.5ΔYear, or doubling every 2 years (Fig. 6). The increase in the num-
ber of pixels is largely a response to the production of GlobalSoilMap
products from countries with very large land areas such as the USA
and Australia. The production of large extent digital maps has been ac-
celerated with the availability of high performance computing, super
computers, parallel processing, multicore processors such as Blue Wa-
ters and cloud computing such as the Google Earth Engine. Chaney
et al. (2014) used an enhanced map disaggregation algorithm DSMART
(Odgers et al., 2014) applied on the conterminous USA to produce
POLARIS (Probabilistic Remapping of SSURGO) dataset with a 1 arc sec-
ond spatial resolution (approximately 30m). Soil map units were disag-
gregated using random forest models, producing the 50 most probable
soil classes and their associated probabilities at each 1 arc second grid
cell over thewhole conterminous USA. The resulting data contains 9 bil-
lion grid cells (corresponding to 2 terrabytes of data), and took only 5 h
of computing time using the Blue Waters high performance computer.
In another study, Padarian et al. (2015) used theGoogle Earth Engine fa-
cility to automate all tasks in digital soilmapping in one single operation
for mapping global carbon distribution at a resolution of 500 m.

5.2. Digital soil mapping

The developments discussed in previous sections led to the formula-
tion of the Digital Soil Mapping scorpan framework in 2003 by
McBratney et al. (2003) (Fig. 2 & Table 1). The advance of digital soil
mapping is a confluence of several factors: the availability of digital spa-
tial data (DEM, Landsat images), the availability of computing power to
process large data, the development of data mining tools and progress
in GIS, applications beyond geostatistics, and institutional rejuvenation
and a new generation of soil scientists that were attracted by the spatial
analysis of soils. The production of digital soil maps coincided with
renewed interest in agriculture (food, feed, fuel) by global fora that
brought soils back onto the global research agenda (Hartemink and
McBratney, 2008). The need for up-to-date and fine resolution soil in-
formation and the revival of soil research has been highlighted and
espect to mode of spatial prediction, after McBratney et al. (2000).

: A brief history and some lessons, Geoderma (2015), http://dx.doi.org/
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prioritised in several studies by the UN and other international organi-
zations. Soil data is demanded to address contemporary natural
resource management issues such as climate change, food security,
water security and biodiversity management. In addition, many of the
developments in digital soil mapping came from universities across
the world that now were able to produce soil maps that previously
was the sole domain of national soil survey centres (Adhikari et al.,
2013, 2014b; Akpa et al., 2014).

The concept of digital mapping is not only happening in soil science.
For example, similar approaches are used in the mapping of species
distribution or Species Distribution Modelling (SDM) (Franklin, 2010).
Data mining techniques such as classification and regression trees
were used to model the distribution of plant species. Inevitably, digital
Table 1
Some major developments in soil mapping leading to the establishment of digital soil mappin

Period Main development

1960s Topofunctions
Integrated clorpt model

1970s Soil information systems
Digital soil cartography
Remote sensing and soils
Digital application of environmental similarity method

1980s Soil geostatistics
Geographical information system

1990s Pedometrics: nonlinear geostatistics, fuzzy clustering, uncertainty analys
Digital terrain modelling
Environmental correlation & cloprt model
Mapping using reference area
Mapping using expert knowledge and expert system
Use of data mining tools
Pedotransfer functions

2000s Digital soil mapping
Digital soil assessment
Globalsoilmap
Proximal soil sensing
Digital soil morphometrics
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mapping approaches using data mining and environmental covariates
will happen in soil mapping. However, defining and formalising it as a
formal discipline boosted the adoption of digital soil mapping. The
development of the IUSS working group on Digital Soil Mapping and
the biennial global workshops ensure a steady integration of new
science with emerging technologies. The workshops are a meeting
place for soil surveyors, practitioners, and pedometricians to discuss
progress, research applications and operational gaps. As an example,
scientists developed sampling techniques that optimise the coverage
of covariate or feature space, while practitioners informed researchers
on operational constraints, how the sampling approach needs to be
flexible, efficient, and compatible with a project area's land use and
terrain (Kidd et al., 2015).
g scorpan concept.

Examples

Walker et al. (1968)
Jenny et al. (1968)
ISSS Working Group on Soil Information System (Sadovski and Bie, 1977)
Webster et al. (1979)
LARS (Cipra, 1973)
Legros and Bonneric (1979)
Hajrasuliha et al. (1980), Burgess and Webster (1980)
Burrough (1986)

is McBratney and Gruijter (1992), Odeh et al. (1992b)
Gallant and Wilson (1996)
Moore et al. (1993), McKenzie and Ryan (1999)
Lagacherie et al. (1995)
Skidmore et al. (1996), Zhu et al. (1997)
Pachepsky et al. (1996), Bui and Moran (2003)
Wösten et al. (1995)
McBratney et al. (2003)
Carré et al. (2007)
Arrouays et al. (2014)
Viscarra Rossel et al. (2010)
Hartemink and Minasny (2014)
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Digital soil mapping has transformed soil survey and cartography
more than anything else in recent times, and it is being tested and
routinely used in soil mapping programmes around the world. Several
studies have shown that digital soil mapping produces comparable or
more accurate maps compared to conventional mapping (Bazaglia
Filho et al., 2013; Collard et al., 2014). Lorenzetti et al. (2015) compared
1:5,000,000 map of Italian soil regions and digital soil mapping at 1 km
grid resolution in predicting theWRB reference soil groups (RSGs). They
showed that the digital soil map had a higher accuracy compared to
traditional maps. The mean of positive predictive value (the probability
that an event occurs when themodel estimates it to occur) was 0.44 for
digital soilmaps,while traditionalmaps only achieved a value of 0.22. In
addition, a study by Brungard et al. (2015) showed that covariates
selected by soil scientists familiar with the study area did not result in
the most accurate models as compared to covariates which were
automatically selected by machine learning algorithms.

5.3. Capacity building and training: an example from experiences in
Australia

While Australia is one of the forefront in the development of digital
soil mapping (Bui, 2006), its adoption by soil surveyors for “real world”
application was not until 2010. After applying mapping techniques at
the research level, we decided to disseminate the tools to end users.
The first digital soil mapping course in Australia was presented at the
University of Sydney in February 2011 in response to the request by
ACLEP (Australian Collaborative Land Evaluation Program) to provide
DSM skills across all states and territories in Australia. The course
“Getting Operational — An introductory course of practical exercises
for Digital Soil Mapping”was structured to develop a basic level of skills
in operational DSM. The course has a lot of hands-on computer time,
demonstrating how to apply DSM techniques developed in research
for real-world application. The training has helped to start digital soil
mapping activities throughout Australia.

At the same time, government agencies are requested to provide
land resource information for land use intensification, and irrigation
development (Kidd et al., 2012; Harms et al., 2015). Digital soil mapping
techniques combined with a land suitability framework facilitated the
rapid evaluation of regional-scale agricultural potential in remote area
(Harms et al., 2015).

The Australian Soil and Landscape Grid, launched in December
2014 at the 2014 National Soil Science Conference in Melbourne,
provides information on soil attributes across the continent according
to the GlobalSoilMap specification (Arrouays et al., 2014). Working in
partnershipwithCSIRO and all of the state agencies,methods developed
from research were put into practice, including the flexible equal-area
spline depth function which is combined with modern numerical
methods and advanced geostatistical techniques for mapping continu-
ous depth distribution of soil properties (Malone et al., 2009; Malone
et al., 2011). These methods were successfully applied for the national
scale mapping in the USA (Odgers et al., 2012), Denmark (Adhikari
et al., 2014a), Korea (Hong et al., 2013), and Nigeria (Akpa et al.,
2014) as part of the GlobalSoilMap project.

The experience in Australia tells us that in order for the new
methods to be used and applied, we need to disseminate the tools for
the users. By working together with state-agencies, we demonstrated
the capability of new technologies and fulfilling their needs. DSM is an
evidence-based technique that is part of the everyday job (operational),
and it is the way to make soil maps. The experience in Australia
demonstrates the need for training in digital soil mapping techniques
for young scientists and staff involved in land resource management.

5.4. Where is it going?

Currently most digital soil mapping is focussed at medium resolu-
tion (D3 according to McBratney et al. (2003), grid spacing of 20 m to
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200 m) for catchment and regional studies (van Zijl et al., 2014). High
resolution digital soil mapping is a focus of proximal soil sensing
(Viscarra Rossel et al., 2010). Meanwhile low resolution digital maps
seem to be the focus of some national and global studies (Dai et al.,
2013). Digital soil mapping has moved from a bright new research
topic to a normal subdiscipline in soil science which is a universal
process (Krasilnikov, 2014). Here we foresee some of the future:

• Global collaboration project, rather than top down approach as initiat-
ed by the GlobalSoilMap project. A complete global coverage of soil
properties according to GlobalSoilMap specification spacing by 2025,
and at 30 m resolution by 2030.

• Global space-time coverage of dynamic soil properties (such as soil
organic carbon (OC) and pH) at 100 m spatial resolution and 5 year
temporal spacing.

• The availability of a finer resolution and diverse covariates, such as
microwave, radar and infrared spectrometers.

• A more-efficient time and cost-effective soil sampling and analysis
using proximal sensors.

• New algorithms to deal with big data.
• Soil property spatial now casting, predicting current soil moisture,
water erosion or soil OC status based on new remotely-sensed
information.

6. Conclusions

Finally, we draw some lessons from this brief history:

• Digital soil mapping has shifted from a research phase into operational
use.

• Confluence of emerging topics and the right timing enables the success
of a new paradigm.

• Research that is tooprecocious is left unrecognised andunknown.Many
Sleeping Beauties in digital soil mapping remained unnoticed and
uncited.

• As shown in several examples, such work warrants rediscovery.
• Researchers in search of new ideas should, perhaps paradoxically,
peruse old and obscure scientific literature.

• Research outputs need to be disseminated not only as journal publica-
tions, but they need to be made available for practical use. Distributing
computer codes and “how to” manual ensures that the output can be
applied in real-world situation.

• Training builds capacity; as has been demonstrated within Australia.
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