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Abstract
New Zealand is undertaking a new phase of soil mapping (S-map) with the goal of national soil map
coverage at 1:50 000 scale. One S-map objective is to develop a national capability in digital soil mapping
(DSM). Concurrent development of the global soil map (GSM) project provides an opportunity for the Smap project to align its work with the GSM initiative both to achieve an enhanced national soil map and
contribute New Zealand data to the GSM project. Consequently we have applied GSM method guidelines
nationally. We matched the generic GSM methods to 193 New Zealand soilscapes. Soilscapes with similar
levels of legacy soil information were grouped into eight soilscape groups, and DSM methods applied to
them. Four soilscape groups were in low relief land where intensification of land use generates high demand
for new soil information. The other four method classes were in rolling, hilly and mountainous land. The
most extensive method in low relief land requires establishment of better environmental covariate layers
followed by soil map reference area extrapolation, and the most extensive method in high relief land involves
sampling programmes and scorpan analysis. The proposed inference engines are Bayesian belief networks,
SoLIM, and Random Forests.
Key Words
Digital soil mapping, soilscapes, soil mapping strategy, global soil map.
Introduction
New Zealand (NZ) is undertaking a new phase of soil mapping (S-map project, Lilburne et al. 2004) to meet
demands for soil information and especially provision of more accurate input data for a new generation of
models for application in environmental policy development and land management. The S-map goal is for
national soil map coverage at 1:50 000 scale. One of the S-map objectives is to develop a national capability
in digital soil mapping (DSM). Concurrent development of the global soil map project provides an
opportunity for the S-map project to align its work with the global soil map initiative to achieve an enhanced
national soil map, to contribute NZ data to the global project, and to develop national capability in DSM.
Consequently we have applied global soil map DSM method guidelines nationally. The purpose of this paper
is to outline an adaption of the Minasny and McBratney (in press) global soil map method guidelines in
developing a national DSM strategy. The global goal is to generate soil information as 90-m-resolution
rasters. The NZ goal is to provide finer, 25-m-resolution rasters. The intention is to provide national DSM
coverage using techniques and formats that will be compatible with global DSM coverage and from which
global-resolution data for NZ may be easily extracted.
Methods
Soilscape definition and mapping
The definition of NZ national soilscapes was explored by Hewitt et al. (in press) and completed in the work
described in this paper (and available through www.landcareresearch.co.nz). We followed the soilscape
definition of Lagacherie et al. (2001) where a soilscape is “a landscape unit including a limited number of
soil classes that are geographically distributed according to an identifiable pattern”. The quality of our
national soilscape coverage will improve incrementally as DSM proceeds. First-approximation soilscapes are
being used to plan DSM operations as in this paper. Subsequently it will be modified and improved using
DSM results to derive a second-approximation coverage suitable for use as a more generalised representation
of national soils. Hewitt et al. (in press) explored digital methods for generating soilscapes. They found that
where they are available, legacy data and expert knowledge provided an efficient basis for generating a first
approximation. Accordingly soilscapes for the South Island were based on the earlier map of “soil sets” for
the South Island similar in concept to “land systems” (Soil Survey Staff 1968). Soilscapes for the North
Island were based on a map of “erosion terrains” derived from the NZ Land Resource Inventory (NWASCO
1979). Although originally intended for erosion and sediment yield studies, the erosion terrains efficiently
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stratified soil patterns and rock types relevant to soilscapes mapping. For both islands, the soilscapes were
arranged in a hierarchy of six levels: level 1, land province – major climate, geologic terrains and landscape
units; level 2, land region – major physiographic units; level 3, lithology – major rock and cover material
types; level 4, climate; level 5, altitude; and level 6, slope and landforms. For the national-scale DSM
strategy we used soilscapes at level 5 for the South Island and soilscapes at level 3 for the North Island.
Climate (level 4) and altitude (level 5) were not used for the North Island because these factors were less
variable and were of less significance than in the South Island. Level 6 slope and landform attributes were
not used because they stratified finer scale variations considered more relevant for local rather than national
planning. This provided 193 soilscapes for analysis nationally (52 for the North Island and 141 for the South
Island).
Data available for DSM in NZ
Point data are mainly limited to analysed pedons of the National Soils Database (NSD). Data quality is high
but the number of sampled sites is less than 3000. These tend to be clustered in former study areas. There are
few areas where soil survey auger observations are available in digital form. Although point data are sparse,
there is good remaining pedologist expertise. DSM methods that are able to incorporate expert knowledge
are therefore favoured.
Environmental covariates of national extent include climate layers (Leathwick et al. 2002), a national digital
elevation model at 25-m and 15-m resolution based on national-extent 1:50 000 scale topographic elevation
maps (Barringer et al. 2008), and nearly completed 1:250 000 scale of geological coverage update (Nathan
1993). National-extent remote sensing imagery has been collated by the EcoStat project (Dymond and
Shepherd 2004) and projects in support of Kyoto Protocol compliance.
Allocation of DSM methods to soilscapes
A major distinction is made between “lowlands”, comprising plains or basins with flat to easy rolling slopes,
and “uplands”, comprising rolling, hilly, plateau and steep land. Uplands have sufficient relief to make
effective use of the national 25-m-resolution DEM for soil–landscape modelling. Lowlands relief is
insufficient for effective use of the DEM. There is also a lack in the lowlands of good environmental
covariates of sufficient resolution to support DSM techniques.
Based on Minasny and McBratney (in press) we assigned the following land and soil information attributes
to all soilscapes: (1) lowland or upland, (2) area of legacy soil maps, (3) soil survey quality classification
assignment for all legacy soil maps in five classes based on age and map scale, (4) number of national soil
database analysed profile sites, and (5) available expert knowledge either in the form of reports, soil–
landscape models, or living people. We grouped the soilscapes with similar attributes into eight soilscape
groups, and for each of these we assigned generic DSM methods.
Port Hills trials for operational DSM methods
A study area in the Port Hills adjacent to Christchurch City was chosen to test three possible inference
engines; a Bayesian belief network, SoLIM (Zhu et al. 2001), and a classification using the Random Forests
method (Breiman 2001). Belief networks enable excellent depiction and exploration of soil–landscape
models and are therefore good for capturing expert knowledge. It is time-consuming to set up the networks,
and they require categorical training data and can only predict categorical data. SoLIM is also well able to
capture expert data. It can accept both categorical and point data but is limited to categorical data outputs.
Random Forests is very fast and able to predict both categorical (i.e. classification) and numerical data (i.e.
regression). It is more able than the other methods to handle large learning and processing databases, often
with little or no built-in knowledge of the data under study or the relationship between data elements. Its
main disadvantage, common with all general machine-learning methods (Hastie et al. 2001), is that it is a
black box with no direct opportunity for expert knowledge, and it is often difficult to extract the reasoning
for the derived relationships.
The legacy 1:25 000 scale Port Hills soil map and report is a high quality soil survey of hilly and steep land.
The area is complex and presents a challenging test area for DSM and has been used as a test-bed for
developing concepts of soil–landscape models (Webb 1994). Environmental covariates were derived from
geology and climate DEM layers. The three inference engines were evaluated by comparing output soil
classes to the original soil survey using confusion matrices. Judgement focused on the mapping of soil
© 2010 19th World Congress of Soil Science, Soil Solutions for a Changing World
1 – 6 August 2010, Brisbane, Australia. Published on DVD.

2

classes that were least likely to be wrongly mapped in the legacy soil survey, for example, the contrast
between shallow soils derived from volcanic rock on shoulder landforms verses deep colluvium soils on
steep talus cone aprons.
Results
Soilscape groups
Table 1 summarises the soilscape groups, their definitions, and derived DSM methods modified from
Minasny and McBratney (in press).
Table 1. Soilscape groups and proposed DSM methods based on criteria modified from Minasny and McBratney
(in press). Low = lowland, Up = upland, H = high, L = low, qual = quality, pt = point, NI = North Island, SI =
South Island, ECovar = environmental covariates, Extrap = extrapolation.
Soilscape
Soilscape group definitions
DSM Methods
Area
Area
group
(km2)
(km2)
NI
SI
Group 1
Low, H qual full cover map, good pt data
ECovar + Spatial disaggregation
14788
Group 2
Low, H qual ref. area maps, sparse pt data ECovar + Map Extrap
24 559
Group 3
Low, L qual, ref. area maps, sparse pt data ECovar + Training map + Extrap
7 249
11647
Group 4
Low, L qual surveys, no pt data,
ECovar + Training map + Extrap
57
1106
Group 5
Up, H qual ref. area maps, sparse pt data, Map Extrap
5 755
4383
Group 6
Up, L qual ref. area maps, sparse pt data,
Sampling + Scorpan
23 673
46435
Group 7
Up, L qual ref. area maps, sparse pt data,
Sampling + Scorpan
11 912
Group 8
Up, no useful surveys no pt data
Sampling + Scorpan
40 677
3264

Group 1 includes the alluvial outwash and loess-blanketed lowlands of the Southland and Canterbury plains.
Soil map polygons incorporate associations and complexes of well-defined soil classes. Development of
good quality environmental covariates is needed to spatially disaggregate these polygons. The NSD point
data sites are not likely to be sufficient for application of scorpan kriging (McBratney et al. 2003) but they
do provide good datasets for development of pedotransfer functions. Group 2 is the dominant lowland area
that includes a wide range of alluvium, ash, loess, and sand dune soilscapes. High quality soil surveys have
patchy distribution but provide good reference areas for spatial extrapolation. As for group 1, the
development of spatial covariates is necessary to enable map extrapolation and spatial disaggregation of
polygons. Groups 3 and 4 include land similar to group 2 but reference soil maps are of low quality. The
groups have either sparse or no point data. A practical approach for both groups would be to choose and map
reference training areas and then extrapolate to the full soilscape areas by the methods of group 2. If the
primary application of the NSD point data is for the development of pedotransfer functions then the
distinction between point data coverage between groups is not important because all point data would be
pooled across all groups to develop functions. The areas of validation for these functions would most likely
be independent of the soilscape groups.
In upland areas existing environmental covariates are generally suitable for DSM. Development of 5-mresolution DEMs by ALOS Prism and radar imagery is proceeding to provide better land element
discrimination in lower relief rolling and hill land. DEM derivatives are powerful soil predictors of soils in
NZ because the NZ landscape and soil cover is predominantly of late-Pleistocene or Holocene in age and
soils are closely related to landform position. Group 5 includes soilscapes with high coverage of quality
reference area soil surveys that will provide a good basis for map extrapolation. Groups 6, 7 and 8 have
either poor or unsuitable legacy soil surveys and sparse or no data. Much of the land is of low priority and a
significant proportion has poor accessibility due to rugged terrain. Consequently mapping must be based on
sampling programmes and scorpan modelling. Sampling strategies must take into account access.
Most of the soilscape classes are mapped as several delineations. Because of this a legacy soil map reference
area may need to be extrapolated into non-contiguous unmapped areas. Feature space analysis may assist in
confirming the integrity of soilscape delineations. Extrapolations will need to be validated.
Port Hills trial
Map outputs from the three inference engines tested on the Port Hills data were compared with the legacy
soil map. The three methods had comparable performance in recognising major soil contrasts. However,
Random Forests had superior performance overall. A likely explanation for this is that the Random Forests
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method involved data mining of soil map units. The other two methods, however, were more influenced by
expert knowledge of the relationships of soil taxonomic units to what were considered key environmental
covariates. Use of the legacy soil map as the standard may not then be a fair basis for comparison and
suggests the need for an independent field sample based approach for a more accurate assessment.
Conclusions
• The global soil map has potential to provide opportunities for linkage with the international DSM
community that that will help national as well as international goals.
• Development of better environmental covariates, particularly in the lowlands, is of high priority.
• As development of DSM capability is important there is need for the mapping team to gain experience
by testing methods with each of the soilscape group areas.
• Because DSM techniques continue to advance it is likely that current techniques chosen will be
superseded. Our choice therefore has to be provisional.
• The results of this analysis provide a basis for costing the DSM effort required in NZ.
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Abstract
Soil carbon storage and available water capacity are important properties for land management, plant
production and environment and ecosystem management. This paper will apply the digital soil mapping
concept for mapping these two properties in South Korea. A Korean soil database was compiled, which
includes chemical and physical properties such as particle size, moisture retention, organic matter, cation
exchange capacity, and a limited number of bulk density data based on 380 soil series. The first step is to
estimate bulk density for estimation of both C storage and available water capacity. Bulk density at different
depths of soils was predicted by deriving a pedotransfer function model with sand, depth, and organic matter,
based on Adams’ model (1973). Organic C distribution with depth was first derived by converting from mass
basis C (kg/kg) to volume basis C (kg/m3). C storage (kg/m2) was first calculated by multiplying C on the
volume basis to the thickness of each soil layer (m), and finally integrated to a depth of 1 m for each soil
series. Mapping available water capacity was more challenging as only half of the database contains
measurement of water retention at -33 and -1500 kPa. Field capacity was calculated from clay content and
predicted bulk density and adjusted by taking into account porosity. Wilting point was calculated from clay
content and adjusted for any discrepancy with predicted field capacity and porosity. Available water capacity
(mm) to a depth of 1 m was estimated by multiplying the amount of water stored between field capacity and
wilting point and the thickness of the layer. The carbon storage and available water capacity from surface to
a depth of 1 m for the south part of whole Korean peninsula were mapped using the estimated parameters in
a soil series map unit (1:25,000). Mean value of carbon density of Korea is approximately 5 kg/m2 and
available water capacity is approximately 154 mm. Total soil carbon storage of agricultural land in Korea is
approximately 174 Gg.
Key Words
Soil information, carbon storage, available water capacity, Korea, digital soil mapping.
Introduction
The need for accurate, up-to-date, and spatially referenced soil information, which is important for land
management, food production, and ecosystem management, has been identified by policy and decision
makers, land users, farmers, and researchers. “This need coincides with an enormous leap in technologies
that allow accurate collecting and predicting soil properties. Accordingly, there is a need for making a new
digital soil map of the world using state-of-the-art and emerging technologies for soil mapping and
predicting soil properties at fine resolution” (www.globalsoilmap.net). Minasny et al. (2006) showed the
application of digital soil mapping for mapping the depth functions of soil carbon in Australia. Hong et al.
(2009a, 2009b) introduced Korean soils and information systems and also mapped soil carbon storage and
water capacity using soil profile and soil series information.
An Asian soil information working group was also organized during the workshop on “A new approach to
soil information systems for natural resources management in Asian countries” which was held in Japan in
2008 initiated by Food & Fertilizer Technology Center (FFTC). The objectives of the workshop were to
review the current status of SIS (or available soil data such as soil maps) in participating Asian countries, to
exchange relevant information on appropriate SIS for the participating countries, to share technological
know-how relevant for establishing a SIS for sustainable crop production among the participant countries,
and to discuss the possibility of establishment of an appropriate regional SIS for sustainable crop production
in the Asian and Pacific Council (ASPAC).
The objectives of this study were to estimate and map soil carbon storage and available water capacity of
Korea using the digital soil mapping approach which has been defined as, “the creation and population of
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spatial soil information systems by numerical models inferring the spatial and temporal variations of soil
types and soil properties from soil observation and knowledge and from related environmental variables”
(Lagacherie and McBratney 2007).
Methods
Soil database
A Korean database used in this study was compiled based on the “Taxonomical Classification of Korean
Soils” (NIAST, RDA, 2000), which was mostly collected in the 1970s for soil profile description. It includes
soil chemical and physical properties of each horizon (n=1,559) such as particle size, moisture retention,
organic matter, cation exchange capacity, and a limited number of bulk density data (n=108) based on 380
soil series. When described using the Soil Taxonomy of the USDA, soils in Korea are classified into seven
Soil Orders which are then further divided into 14 Sub-Orders according to moisture regimes. Among those
seven Soil Orders, the younger soils, Entisols and Inceptisols, are dominant. Entisols are the youngest soils,
followed by Inceptisols. Alfisols and Ultisols . The working unit of soil classification is the Soil Series. So
far 390 Soil Series have been identified in the country. Table 1 is a summary of the areal extent of the
different Soil Orders and the number of Soil Series within them. Table 1 clearly shows that abundance of
younger soils (Entisols and Inceptisols). This is a result of the influences of both Korea’s unique climate,
with concentrated rainfall in summer, and rugged topography as characterized by the wide occurrence of
highly-sloped mountains. This strongly suggests that, if the soil resources are to be adequately conserved,
serious attention must be paid to development of measures to minimize the soil erosion in hilly lands.
Table 1. Major soil orders/sub-orders, number of soil series occurring within them and the areal extent of soil
orders in Korea.
Soil Orders Sub orders No. of Soil Series Area-103 ha (%)
Inceptisols Aquepts
77
6,668 (69.2)
Udepts
133
Entisols
Aquents
14
1,315 (13.7)
Fluvents
13
Orthents
17
Psamments
20
Ultisols
Udults
28
398 (4.2)
Alfisols
Aqualfs
7
276 (2.9)
Udalfs
37
Andisols
Udands
39
129 (1.3)
Vitrands
1
Mollisols
Udolls
2
5 (0.1)
Histosols
Saprists
1
0.4 (0)
Hemists
1
390

Digital mapping of soil C storage and available water capacity
The first step was to estimate bulk density for estimation of both C storage and available water capacity.
Bulk density at different depths of soils was predicted by deriving a pedotransfer function model with sand
and depth. Adjustment for organic matter content was based on Adams’ model (1973). Organic C
distribution with depth was first derived by converting from mass basis C (kg/kg) to volume basis C (kg/m3).
C storage (kg/m2) was first calculated by multiplying C on the volume basis to the thickness of each soil
layer (m), and finally integrated to a depth of 1 m for each soil series. Mapping available water capacity was
more challenging as only half of the database contains measurement of water retention at -33 and -1500 kPa.
Furthermore measurement of water retention is in mass basis and based on disturbed soil samples.
Pedotransfer functions were derived for volumetric water content at field capacity (-33 kPa) and wilting
point (-1500 kPa). Further adjustments based on total soil porosity are required as the field capacity values
were derived from disturbed soil samples. Field capacity was calculated from clay content and predicted bulk
density and adjusted by taking into account porosity. Wilting point was calculated from clay content and
adjusted for any discrepancy with predicted field capacity and porosity. Available water capacity (mm) to a
depth of 1 m was estimated by multiplying the amount of water stored between field capacity and wilting
point and the thickness of the layer. The carbon storage and available water capacity from surface to a depth
of 1 m for the south part of whole Korean peninsula were mapped using the estimated parameters in a soil
series map unit (1:25,000). Total carbon storage and available water capacity were summarized by land use
type using land cover map provided by Ministry of Environment.
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Results
Figure 1 shows the distribution of soil carbon storage (kg/m2) and available water capacity (mm) of Korea.
The distribution map of the soil properties was made by calculating mean soil organic carbon values and
available water capacity to 1 meter depth for each soil series from Korean database and allotted the mean
value calculated of soil properties to each of the detailed Korean soil map (1:25,000). The mean value (to 1
m depth) of carbon density of Korea is approximately 5 kg/m2 and available water capacity is approximately
154 mm. Soil C density in grass and agricultural land were higher as 8.82 and 6.77 kg/m2, respectively, than
other land use types and available water capacity of soil was the highest as 203 mm in agricultural land as
shown in Table 2. Total carbon storage and available water capacity were summarized by land use type using
the land cover map provided by Ministry of Environment. Total soil carbon storage of agricultural land in
Korea is approximately 174 Gg.

a) Soil carbon storage
b) Available water capacity
Figure 1. Soil carbon storage and available water capacity map of Korea.
Table 2. Amount of soil carbon storage and available water capacity by land use type in Korea.
C storage
Forest Agr. Field Grass Wetland Barren
Land use (km2)
61,394
25,648
1,858
1,780
1,439
Available Water Capacity (AWC, mm) 123.6
203.1
142.9
47.8
137.7
C density (kg/m2)
4.05
6.77
8.82
1.10
4.24
Total C storage (Gg)
249
174
16
2
6

Conclusion
Soil carbon storage and available water capacity in Korea, which are important for land management, food
production and environment and ecosystem management, were predicted and mapped based on a Korean
database for soil profile description that mostly collected in the 1970s. Mean value (1 m depth) of carbon
density of Korea is approximately 5 kg/m2 and available water capacity is approximately 154 mm. Total
carbon storage and available water capacity were summarized by land use type using land cover map
provided by Ministry of Environment. Total soil carbon storage of agricultural land in Korea is
approximately 174 Gg. Further work is required to verify this amount with recent soil data.
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Abstract
The GlobalSoilMap.net project aims to produce predictions of nine key soil properties at continuous depth
intervals at a spatial resolution of 90 m for the entire world. These maps of soil properties will be produced
by a participants working under the coordination of regional node leaders with responsibility for organizing
and delivering results for eight defined geographic regions of the world. This paper identifies and discusses
the technical impediments to moving towards commencement of operational production mapping. These are:
i) agreement on specifications for all products, ii) location, digital capture and harmonization of legacy soil
data, iii) assembly of covariate databases, iv) documentation of prediction methods, v) specification of data
model(s) to use to capture, store and disseminate maps and data, vi) selection of cyber-infrastructure to
support map production and dissemination vii) end user surveys assessment and verification, and vii)
identification of methods for assessing the uncertainty and accuracy of predictions. Actions undertaken to
date to address these challenges are presented and progress is evaluated. There are no significant technical
reasons for not moving towards planning and implementing operational production mapping.
Introduction
The GlobalSoilMap.net project has an ambitious goal of producing predictions of continuous horizontal and
vertical variation for ten key soil properties at a spatial resolution of 90 m for the entire world (Sanchez et al.
2009). Production of these grid maps will be achieved through the combined efforts of diverse participants
whose contributions are being coordinated by regional node leaders for seven continent-sized geographic
regions of the world. The wide diversity of contributors, and of soils and landscapes for which predictions
will be made, results in a need to identify and address the main challenges to moving forward towards
operational production mapping of soil properties.
Eight challenges to moving forward towards operational production mapping
Eight technical challenges to moving towards rapid commencement of operational production mapping have
been identified and actions to address these have been initiated. There may well be other technical or
organizational issues that conspire to delay initiation of operational mapping, but it is felt that the challenges
identified here represent key impediments that must be addressed in order to move forward towards
operational production mapping.
Specification of output products
It is not possible to begin production mapping until the specifics of what is to be produced have been agreed
to by all project participants. Specifications spell out explicitly which soil properties will be predicted, at
what spatial resolution and depth intervals they will be predicted and in what spatial framework (coordinate
system, projection, datum) they will be stored and distributed.
An initial set of project specifications was discussed and agreed upon at a GobalSoilMap.net consortium
meeting held in Seoul, South Korea in October, 2009. These specifications call for prediction of a mean
value for each grid cell of 90 x 90 m horizontal dimensions (3 arc-seconds) for ten critical soil properties
(organic carbon, sand, silt, clay, coarse fragments, pH, depth to bedrock, effective soil depth, bulk density
and available water holding capacity) at six specified depth increments (0-5, 5-15, 15-30, 30-60, 60-100,
100-200 cm). A spline function will be fitted to the soil property values for each depth increment to permit
depiction of continuous variation in soil properties with depth (Malone et al. 2009). An estimate of the
uncertainty associated with each prediction at each depth will accompany each property value. The
predictions from diverse sources will be delivered for assembly and redistribution in geographic coordinates
(lat/long) using WGS80 datum.
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Location, capture and harmonization of legacy soil profile and map data
The GlobalSoilMap.net project has a vision to capitalize on the major investments that have been made in
collecting soils information and producing soils maps, locally and regionally, over the last 50 to 80 years.
This archive of legacy soils data has been under-used and under-appreciated, because it has not been collated
and harmonized into a uniform and easy to access or interpret whole. Using pre-existing sources of soil
information for predicting a specific set of individual soil properties at a consistent resolution aims at
coaxing a minimum level of consistency and uniformity from this diversity of legacy data. This project will
simplify the complex presentation of soils information, often associated with conventional soil maps, into a
model of continuous variation in the values of single soil properties both horizontally and with depth.
Before doing so, it must first locate and obtain the majority of existing data and then find ways to harmonize
or standardize data of different age, quality, information content and density so that outputs of consistent
content and appearance can be generated. A first objective of the GlobalSoilMap.net project is therefore to
identify, locate and obtain, or rescue, as wide a selection of existing information about soils as is feasible and
practical. This legacy data is viewed as having two main forms, namely legacy profile descriptions and
accompanying analytical data, which mostly describe point locations, and legacy map data, that describe the
horizontal variation of soil classes in space.
In the context of capturing legacy point data, procedures and data entry protocols have been developed to
facilitate the capture and storage of a consistent subset of soil profile attributes from a wide diversity of
sources of soil information. Metadata are recorded for each soil profile to enable identification of the source
of each piece of soil information and association of it with a defined analytical method or data dictionary.
This capability will be used to identify whether the values for specific soil properties reported by data from
different sources are comparable and equivalent or whether there are systematic differences that need to be
identified and resolved.
In the context of capturing legacy map data initial efforts are focussing on simply identifying, obtaining and
scanning those existing legacy maps that have not yet been captured, even as digital images. In the longer
term, the project will investigate how, or if, these maps can be used to contribute to procedures for predicting
the spatial variation in the ten selected soil properties. Ultimately, it will be necessary to devise procedures
for standardizing and harmonizing the content of existing legacy soil maps, regardless of whether they are
already topologically structured or exist only as simple scans. One option is to use existing maps to inform
the creation of uniform, country-wide or continent-wide, harmonised soil-landscape maps that are then used
as one of the main covariates in prediction of individual soil properties on a continuous basis.
Assembly and pre-processing of global and regional databases of environmental covariates
Most methods for predicting the spatial variation of soil properties analyse relationships between evidence,
in the form of point soil profile data or soil maps, and explanatory variables that represent environmental
conditions believed or expected to influence the spatial distribution of soils and soil properties.
Environmental covariates are selected to represent the scorpan factors as outlined by McBratney et al.
(2003). Many environmental covariates represent the influence of the land surface on variation in soil
properties. These are computed as derivatives of digital elevation models (DEMs) and are the key, but not
the sole, predictors used in many soil prediction models. At the time of conception of the GlobalSoilMap.net
project, the viable digital elevation model available for most of the world was the 3 arc-second (90 m) SRTM
DEM. For most portions of the world, this 90 m SRTM DEM will represent the finest resolution DEM that is
consistently available across entire continents of interest. So this SRTM DEM, and derivatives computed
from it, will provide a significant contribution to the covariates available to predict individual soil properties.
The cost benefit of trying to obtain and use derivatives computed from finer resolution 1 arc-second (30 m)
SRTM DEM data is also being evaluated.
While many key covariates will be extracted from the best available DEMs, other sources of digital data will
also be necessary to capture and represent the influence of other scorpan environmental variables, such as
climate, organisms (vegetation), parent material, age and spatial context. A task has been defined to identify
all major digital databases of environmental covariates that are currently produced and available in digital
format at global to continental extents. We wish to avoid having different partners, working in different
nodes, needing to identify and obtain these same data sets separately. The job is being be done once and the
resulting global to continental scale databases can be accessed and used by all project participants.
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In addition to simply collecting and collating existing global scale data sets of environmental covariates,
these data sets may be used to devise and apply a global stratification into ecological regions. This definition
of ecological domains or pedological provinces will be coordinated with other, existing efforts to define an
agreed-upon global framework of ecological strata.
Identification, evaluation and documentation of suitable prediction methods
One of the main questions posed to (and by) project participants has been “what prediction methods will be
used to produce these maps?” This is a key issue for which answers need to be provided before operational
mapping can begin. A general conceptual design has been proposed which envisages using different methods
in different areas depending upon the type and amount of soil evidence data available (point and map), the
kind of landscapes and the type and strength of soil-landscape relationships, and the availability of suitable
environmental covariate data sets (Minasny and McBratney 2010). Four “proof of concept” areas have been
identified for areas in the USA and Canada, Australia, Europe and Africa. These areas range in size from
about 50 km by 100 km for the USA/Canada pilot area up to 850 km by 250 km for the entire country of
Malawi. Data for these sites have been obtained and are being used to produce digital maps of soil properties
using different methods. These specific examples illustrate general concepts of mapping using each main
combination of available data and landscape attributes. This exercise will help users in different areas
identify and select the prediction method or methods that are best suited to the conditions with which they
have to deal. The resulting documentation and accompanying data sets can be used as tutorials and training
manuals to help participants learn how to apply selected methods in their own areas
Specification of conceptual and physical data model(s) for GlobalSoilMap.net data
The GlobalSoilMap.net project offers a unique opportunity to redefine the structure and content of global
soil databases using the most recent database concepts and modelling tools. This opportunity has been seized
upon to develop a proposal to define a new global standard for the storage and exchange of soils information.
This global standard will encompass the full range of types of soil information and will not just be specific to
the grid maps of soil properties being prepared by the GlobalSoilMap.net project. It will set standards for
point profile data, area soil samples, conventional polygonal soil maps and continuous raster soil property
maps. A task group has been proposed to work under the auspices of the International Union of Soil
Sciences (IUSS) to debate and design a new global SoilML based upon UML and XML standards.
Selection and implementation of appropriate cyber-infrastructure support
Storage and on-line delivery of the large global data sets of soil properties that the project will produce
represents another challenge to be addressed. The project is building a cyber-infrastructure that can support
collaborative efforts to acquire and process data sets of legacy soil data (points and maps) and environmental
covariates of global to continental extent. This cyber-infrastructure will provide immediate support for online collaborative sharing of data, inter-active sharing of prediction methods and tools, and inter-active
discussion forums and communication amongst project participants. In the longer term, a task group has been
set up to draw on the experience of GlobalSoilMap.net partner agencies (e.g. USDA-NRCS, JRC, CIESIN,
CSIRO, ISRIC) in storing and delivering large volumes of soils data on-line. This task group will investigate
and recommend options for facilitating the storage, discovery, visualization, analysis and downloading of the
data produced by the project.
Assessment and verification of ability to meet needs of major end users
This task seeks to validate the underlying assumption that “if we build it they will come”. Essentially, the
plan is to conduct a complete and systematic identification of all of the potential users of the soil property
maps that will be prepared by the project. We then propose to identify the specific needs of each major user
for soils data and assess the degree to which these needs can and will be met by the products that the project
proposes to deliver. A task group has been formed with a mandate to systematically identify all major
potential end users, to identify the specific needs of these end users for soils data and to verify the extent to
which soil information produced by the project will meet those specific needs. The results of these
investigations should be available for reporting by the time of the meeting at which this paper is presented.
Identification and implementation of methods for assessing uncertainty and accuracy of predictions
One of the exciting and important new aspects of the project is its commitment to providing an estimate of
the uncertainty attached to each soil property prediction at each depth at each grid cell location. Awareness
of the high level of uncertainty for particular areas may stimulate the collection of new data. A method has
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been proposed for estimating the uncertainty of predictions of soil properties by depth (Malone et al. 2009)
that makes use of analysis of all geo-referenced soil property values reported for a given area. On a second
front, a task group has been set up to investigate and identify viable options for collecting independent field
samples to support computation of estimates of predictive accuracy for the soil property maps at different
levels of aggregation.
Planning of operational production mapping
Production mapping will not start unless the individual nodes agree to set specific targets for both initiating
and completing production mapping for specific areas of large extent. Node leaders are being encouraged to
consider how they can obtain the resources (human and financial) to support full scale operational production
mapping and also need to set targets for extents to be mapped within specific time frames.
Conclusions
The GlobalSoilMap.net consortium aims to move forward from initial planning and proof of concept
activities towards full scale operational production mapping. Several challenges have been identified and
actions are being undertaken by specific task groups to address them. Sufficient progress has been made to
encourage project participants to begin thinking about how they can move forward from planning and proof
of concept to operational mapping. Initial examples from some participating nodes have demonstrated that it
is indeed possible to produce predictions of soil property values by depth at 90 m for entire countries or
states. Node leaders are being encouraged to set targets and timelines for operational mapping of their nodes
and are actively seeking the funding and resources that will be required to succeed in these challenges..
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Abstract
A consortium of pedologists has formulated a global soil mapping initiative. The GlobalSoilMap.net project
currently consists of seven continental nodes that support the goal of mapping selected soil properties over
80% of the Earth’s land surface. The North American Node, lead by the Natural Resources Conservation
Service in Morgantown, WV has initiated a collaborative study to test the feasibility of this effort. Agri-Food
and Agriculture Canada (AAFC), the Natural Resources Conservation Service (NRCS) and several
universities have begun the study with specific objectives to map selected soil properties based on detailed
(1:12,000-1:40,000) and generalized (1:250,000-1:1,000,000) soil survey information using digital soil
mapping methods and environmental covariate data, and to compare soil property maps developed from
detailed and generalized soil mapping. We also seek to advance international exchange and quality
assessment of soil data and information that will improve management of agricultural and natural resources,
especially those that transcend national boundaries. The study area is located in north-central North Dakota
and southwestern Manitoba where glaciated landscapes support rain-fed small grains agriculture, oilseed and
forage crops, and grazing lands. Major environmental concerns are water quality and quantity, accelerated
soil erosion, soil salinization, aggregate stability, and organic matter and soil productivity maintenance. To
date, the team of soil scientists have assembled spatial data, developed a work plan and have implemented
appropriate DSM methods and begun to evaluate mapping outcomes for addressing local and transnational
resource management needs.
Key Words
GlobalSoilMap.net. digital soil mapping, soil survey information.
Introduction
We have adopted a case studies approach to digital soil mapping for land areas of mutual interest to
collaborating organizations. Mapping will be conducted at spatial resolutions less than 100 m cell size (<= 1
hectare) and for a set of soil properties being considered by the global soil mapping community and relevant
to our intra-continental, trans-national collaborators and users. Soil properties are being estimated and
mapped from existing soil geographic databases or from model predictions based on judicious use of
environmental covariates and pedo-transfer functions.
The objectives for this case study are:
1. Map selected soil properties based on detailed soil mapping in Canada and USA using digital soil
mapping methods and spatial data of high spatial resolution.
2. Map selected soil properties based on generalized soil mapping in Canada and USA, and compare to soil
property maps developed from spatial data of high spatial resolution.
3. Map selected soil properties based on detailed mapping using spatial data at highest spatial resolution
available (>= 30 m), and compare to soil property maps based on spatial data of lower spatial resolution
(>= 90m).
Methods
Study area
The spatial extent of our case study area occupies a rectangular land area of approximately 6,224 km2, or
622,400 hectares (~1,538,000 acres). The extent encompasses parts of the Northern Black Glaciated Plains
Major Land Resource Area (MLRA 55A) and Aspen Parkland and Southwest Manitoba Uplands Ecoregions
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in the Prairies Ecozone of Canada. The area includes portions of north central North Dakota and
southwestern Manitoba bisecting the Turtle Mountains to the east and major portions of the trans-national
Souris River watershed to the west (Figure 1). Landscapes in the case study area are described generally as
level to undulating and hummocky glacial till plains, glacio-lacustrine deposits, sandy eolian materials, kettle
holes, kames, moraines, and glacial lake plains. Soils are dominated by Mollisols with frigid soil
temperature regimes and udic or aquic soil moisture regimes (Soil Classification Working Group 1998; Soil
Survey Staff 2006) and by Chernozems and Gleysols (Canadian System of Soil Classification, 3rd edition)

Figure 1. Study area location in southwestern Manitoba and north-central North Dakota within the northern
glaciated plains region of North America (courtesy Soil Resources Group, AAFC).

Digital and field data
Data for Canada include Canadian detailed soil survey data at 1:20,000 – 1:40,000 scale in addition to
generalized soil survey data at 1:1,000,000 scale (Soil Landscapes of Canada, SLC), numerous pedon
observations (n ~ 500), and other geo-referenced soil inspection points are available in southern Manitoba.
Data for the United States include detailed soil survey data at 1:12,000 - 1:24,000 scale (SSURGO) in
addition to generalized soil survey data at 1:250,000 scale (US GSM, or STATSGO2), pedon descriptions
and laboratory data, and field transects. Numbers and locations of pedon descriptions and field transects in
the study area are being compiled. Shuttle Radar Topographic Mission (SRTM) digital elevation models
(DEM) at 90 m spatial resolution are the only elevation data available for the entire proposed study area.
DEM data at finer spatial resolution (<= 30 m) are available in North Dakota. In addition, SRTM data are not
available for land areas more northerly than 60o N latitude. This excludes all of northern Canada and nearly
all of the State of Alaska in the North American continent.
Estimating and mapping soil properties
We propose and prioritize the following minimum set of soil properties which follows the
GlobalSoilMap.net consortium specifications (McMillan et al. 2009) for estimated properties for the case
study area using digital soil mapping methods:
1. Organic Carbon (g/kg)
2. Clay (%)
3. Bulk Density (kg/m3)
From these attributes, the following two properties can also be predicted using pedo-transfer functions:
4. Carbon Density (computed from Carbon % and Bulk Density; given in kg/m3)
5. Available Water Capacity (given in mm/m)
The project has also identified the following “secondary” variables that are considered to be desirable and
feasible to predict but which are still considered optional for delivery by nodes.
6. pH (specify method, H20, CaCl2, KCl)
7. CEC (Cations plus exchangeable acidity cmols/kg)
8. EC (Electrical conductivity dS/m)
© 2010 19th World Congress of Soil Science, Soil Solutions for a Changing World
1 – 6 August 2010, Brisbane, Australia. Published on DVD.

14

For each soil property, we will determine values both horizontally across the landscape as well as vertically
through the soil profile to a soil depth of at least one meter, or soil depth to restrictive layer, by taxonomic
horizon. In some cases, vertical variation can be integrated with horizontal variation for some soil functions
(e.g., Root Zone Available Water Holding Capacity). In other cases, modeling soil property variation at
multiple depth increments, or layers, may be more appropriate (e.g., particle size distribution, pH). Digital
soil mapping will be based upon detailed soil surveys in Canada and detailed soil surveys (SSURGO) in the
USA for Objectives 1 and 3. Soil Landscapes of Canada (at 1:1,000,000 scale) and STATSGO2 (at
1:250,000 scale) soil geographic databases will be used for DSM applications under Objective 2.
Inference models
In general, the DSM methodology for the case study within the North American continental node will be
related explicitly to, and incorporate to the degree possible, legacy soil survey data within each survey area
including their description, location and extent, quality and relevance to soil properties being mapped. Other
modeling approaches for this particular case study will follow standards as documented and recently applied
by others in the digital soil mapping consortium and community (e.g., Bui et al. 1996). We will also build
upon and complement methodologies implemented by the North American Soil Characteristics Database for
Hydrological and Meteorological Modeling (NOAM-Soil) project building on the work of Miller and White
(1998) and Padbury et al. (2002).
Results
The following are expected results from this project:
• Literature review of selected soil properties and appropriate DSM methods to meet land management
needs in case study region.
• Development of a collaborative, intra-continental, trans-national approach to digital soil mapping over a
range of spatial scales.
• An approach for predicting and mapping relevant soil properties for the region using advanced digital
soil mapping (DSM) methodologies..
• Trans-national geo-spatial database development, application, and assessment for mapping selected soil
properties using soil, climate, land cover, and terrain variables.
• Development of predictive soil property maps, prioritized by user application need.
• Recommendations on future trans-national collaboration for North America GSM node.
Collaborators note that both coarse (90 m) and fine (30 m) spatial resolution DEM are unlikely to
adequately resolve subtle soil landscape patterns and processes in our study area (see figure 2). To meet the
90 m resolution digital soil property map standard as proposed by the GlobalSoilMap.net consortium, we
plan to employ DSM methods that are less reliant on terrain model derivatives for similar landscapes
throughout the North American continent. In the final analysis for this case study, however, soil property
maps will be produced at 90 m resolution, which will result in very fine scale soil variation mapped at finer
spatial resolutions being aggregated, or integrated, over the range of the coarser resolution data.

Figure 2. Comparison of SRTM-derived hillshade maps for Manitoba at 90 m resolution (top) and for North
Dakota at 30 m resolution (bottom) for a portion of the northern glaciated plains study area (courtesy Soil
Resource Group, AAFC).
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Conclusion
The outcomes anticipated from this case study will include a set of mapped soil properties of continental
rather than regional importance and those that relate to the soil properties (and soil functions) defined by the
global soil map consortium (i.e., carbon density, infiltration, permeability, drainage, nutrient supplying
capacity, and plant available water capacity). In addition, we need to focus on land degradation and land
management needs relevant to our case study area and operational work plans and policies of associated
collaborating institutions
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Abstract
Current regional and national estimates of soil properties for the USA, such as organic carbon (SOC) storage
or root zone available water capacity (AWC), are based on analysis of soil maps developed at a small scale
and using methods that have considerable uncertainty. Recent improvements in the availability of detailed
digital soils data, as well as computing capacity to handle large spatial data sets and statistical approaches to
incorporate existing data in various formats, provide an opportunity to develop more detailed and accurate
estimates of soil properties. Our objective is to improve the accuracy and precision of regional and national
soil property estimates using spatial disaggregation techniques that combine detailed soil class maps with
spatial data on environmental covariates such as topography and geology to discern the spatial distribution,
variability, and extent of component soils--and the associated soil properties--within soil map units. A
regional approach is employed based on recognized major land resource areas (MLRA), which are expected
to have relatively consistent soil-landscape relationships. Two map units of large extent in the southern
portion of the Eastern Allegheny Plateau and Mountains (MLRA 127) provide an illustration of the
disaggregation approach to produce raster-based, landscape-scale maps of SOC. The disaggregated data
identifies locations of component soils within soil class map units, depicting the spatial distribution of soils
with higher and lower SOC stocks instead of using an average SOC value for the entire extent of a soil map
unit. For this example, the disaggregated data predicted 6% higher average SOC content compared to the
published soil class map data.
Key Words
GlobalSoilMap.net. digital soil mapping, soil organic carbon, soil survey, SSURGO.
Introduction
The GlobalSoilMap.net project seeks to produce continental-scale maps of soil properties using a raster
format. The anticipated soil property data layers are soil organic carbon (SOC) content, clay content, and
bulk density, with additional properties such as carbon density and available water capacity (AWC) predicted
using pedotransfer functions. These data are of interest to soil scientists and to other environmental scientists,
modelers, and policy-makers.
In the United States, current regional and national estimates of soil properties, such as SOC storage or root
zone AWC, are based on analysis of the USDA–NRCS State Soil Geographic Database (STATSGO2; Soil
Survey Staff 2006) (e.g., Bliss et al. 1995). However, STATSGO2 was developed at a small scale and the
methods used to create STATSGO have considerable uncertainty. The impending completion of the initial
soil survey of private lands in the USA will allow the more detailed Soil Survey Geographic Database
(SSURGO) to be used to estimate soil properties. Because of its larger scale and finer detail, SSURGO based
estimates of soil properties will be more precise especially when coupled with land use data and estimates of
management induced differences in soil properties. Yet using SSURGO data to develop estimates of SOC,
AWC, and other soil properties presents its own challenges. For example, artificial boundaries in the data
associated with geopolitical boundaries lead to discontinuities in map unit composition and soil property
data. Within SSURGO map units, unnamed components (e.g., components designated as “Other soils”) are
not included in the determination of soil properties, but may represent a significant proportion of map unit
composition. Even when all components are named, the individual components can vary greatly in soil
properties but the location of these components within the larger map unit delineation is not represented.
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The goal of this project is to improve the accuracy and precision of regional and national soil property
estimates by developing models based upon SSURGO polygon data and data from USDA-NRCS and other
databases. Our objective is to combine the SSURGO data with spatial data on environmental covariates such
as topography and geology, to discern the spatial distribution, variability, and extent of the individual
components within SSURGO map units. Digital soil mapping techniques will provide added value soil
survey data to meet the needs of a wider user community. These products will include disaggregated polygon
maps (soil component maps) and soil property maps at a variety of resolutions. This approach will provide
for more reliable data on soil properties, and give modelers, policy-makers, and planners better data sets to
develop assessments and form public policy.
Methods
Digital soil mapping technology allows for the production of raster-based, landscape-scale predictions of soil
classes or continuous soil properties at a variety of resolutions, and SOC density is a soil property that is of
great interest to modelers, policy-makers, and planners. The methods and results presented here focus on
SOC, but are applicable to the estimation and mapping of other soil properties.
The SOC stock calculated for a given SSURGO map unit represents an average SOC value based on all of
the component soils identified in the map unit. However, each component, while not mapped spatially, often
occurs in specific landscape positions. For example, a map unit may consist of two components, with the
first is found predominantly on north-facing slopes and the second on south-facing slopes. In this case, slope
aspect could be used to predict the distribution of these soils within the map unit. It has been shown that soil
map units can be disaggregated into individual components based on soil-landscape relationships
documented in existing soil surveys (Bui et al. 1999; Bui and Moran 2001).
Regional approach
Major land resource areas (MLRA) are “geographically associated land resource units” (USDA-NRCS 2006)
that have been established to aid in state, regional, and national planning. MLRA regions delineate areas with
similar physiography, geology, climate, soils, and hydrology relative to agricultural productivity. For the US
National Cooperative Soil Survey (NCSS), MLRA regions are the basis for all future soil survey updates and
management. It is also expected that within MLRA, soil-landscape relationships and environmental
covariates are mostly homogeneous, making MLRA regions useful subdivisions for development of spatial
disaggregation rules and soil-landscape models based on relationships between soils and environmental
variables. MLRA 127 (Eastern Allegheny Plateau and Mountains) was selected for this case study. MLRA
127 is located in the northeastern USA, including eastern West Virginia and central Pennsylvania, as well as
parts of western Virginia, western Maryland, and southern New York. It covers 50,370 km2, with a range in
mean annual precipitation of 840 to 1,725 mm and a range in mean annual air temperature of 6 to 12°C. The
steep slopes of this highly dissected plateau expose the level-bedded sandstone, shale, coal, and limestone
strata that underlie this landscape (USDA-NRCS 2006). The dominant soils across MLRA 127 are Ultisols
and Inceptisols.
Environmental variables
Terrain attributes were derived from digital elevation model (DEM) data acquired from US Geologic Survey
National Elevation Dataset with a resolution of 30 m. Terrain attributes calculated from these DEM included
slope gradient, slope aspect, profile (down slope) curvature, contour (cross-slope) curvature, total curvature,
tangential curvature, and relative slope position. Hillslope elements, which are defined based on differences
in slope steepness and slope curvature, were derived using the methods of Schmidt and Hewitt (2004).
SOC estimation
Initial SOC estimates were calculated using the methods of Bliss et al. (1995) using published SSURGO
data. The SSURGO databases report a high, a low, and a representative value of soil organic matter for each
soil horizon. These values are converted to SOC values by dividing by 1.724 (Soil Survey Laboratory Staff
1996). The SOC content of each horizon (to a depth of 20 cm or 100 cm) was calculated using SOC content,
bulk density, thickness, and rock fragment content data of each horizon. The SOC content of each horizon
was summed over the prescribed depth to determine the SOC content of each soil in the survey area. The
SOC content of each map unit was then calculated as the weighted average of all the component soils
represented in each map unit.
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Spatial disaggregation of SSURGO
Spatial disaggregation provides a process for separating soil map units into individual components. Our
approach focused on the conversion of soil information encoded as unmapped entities (inclusions and minor
components) within a map unit polygon to a sequence of component soils across the landscape. Soillandscape patterns and relationships that are embedded in the soil map unit descriptions in soil survey reports
or stored as a series of values within the USDA-NRCS National Soil Information System (NASIS) database
were used to develop spatial disaggregation rules. These rules were applied to the SSURGO data and the
ancillary digital data that are used to represent key landscape characteristics (e.g., slope gradient, slope
aspect, landform elements) to map the spatial extent of individual components. Disaggregated component
soils were assigned SOC values derived from SSURGO database for the same named components. These
raster maps were produced with a horizontal resolution of 30 m.
Results
Two map units of large extent in the southern portion of MLRA 127 (Figure 1a) provide an illustration of the
disaggregation approach. The Gilpin-Laidig association is mapped across 40,530 ha in MLRA 127.
According to the Soil Survey of Webster County, WV (Delp 1998), this map unit consists of about 45%
Gilpin soils, 35% Laidig soils, and 20% other soils. The Gilpin soils are typically found on upper backslopes,
while the Laidig soils are found on the lower backslopes. The other soils included in this map unit are the
Cateache and Dekalb soils on ridges and shoulders, the Guyandotte soils in north-facing hollows and
footslopes, the Meckesville soils on lower backslopes, Pineville and Shouns soils in south-facing hollows
and footslopes, and Craigsville soils in drainageways. The Pineville-Gilpin-Guyandotte association is
mapped across 18,098 ha in MLRA 127. According to the Soil Survey of Webster County, WV (Delp 1998),
this map unit consists of 35% Pineville soils, 25% Gilpin soils, 15% Guyandotte soils, and 25% other soils.
The Pineville soils are typically found on lower backslopes and south-facing hollows, the Gilpin soils are
found on upper backslopes, and the Guyandotte soils on north-facing upper backslopes and north-facing
hollows. The other soils included in this map unit are the Dekalb soils on ridges and shoulders, the Laidig
soils on footslopes, and Craigsville soils in drainageways. These descriptions were used to develop the
spatial disaggregation rules to be applied to the SSURGO data (Figure 1a) and the various DEM derivatives
to develop disaggregated component soil maps (Figure 1b). For example, if an area is mapped as PinevilleGilpin-Guyandotte association and the DEM-derived hillslope element is a north-facing lower backslope,
then that grid cell is designated as Guyandotte. However, if an area is mapped as Pineville-GilpinGuyandotte association and the DEM-derived hillslope element is shoulder, then that grid cell is designated
as Dekalb.
(a)

(b)

Figure 1. An example of (a) the published SSURGO data for a portion of southern MLRA 127 showing the large
extent of the two survey map units and (b) the disaggregated component soils for this same area.

Each of the soils in the SSURGO map units have different amounts of SOC. When estimating SOC stocks
from the SSURGO data the lack of spatial representation of component soils leads to a lack of spatial detail
in the representation of SOC stock by the SSURGO data (Figure 2a) because an average value for the entire
map unit must be used. Using the disaggregated soils map, it is possible to depict the locations of areas of
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soils with higher (e.g., Guyandotte) and lower (e.g., Gilpin) SOC stocks. As a result, the disaggregated data
predicted a different amount of SOC for the area covered by the disaggregated map units. For example, for
the Pineville-Gilpin-Guyandotte association, the disaggregated data predicted a 6% higher average SOC
content compared to the published SSURGO data for the area.
(a)

(b)

Figure 2. Calculated SOC stock in the upper 100 cm of soil as determined from (a) the published SSURGO data
for a portion of southern MLRA 127 and (b) the disaggregated component soils for this same area.

Conclusion
Spatial disaggregation provides a methodology for representing the spatial distribution of component soils
that are known to occur within a SSURGO map unit, including both the dominant soils and the included
minor soils. Furthermore, the disaggregated soil map units can be used to represent the spatial distribution of
soil properties that are associated with the component soils, such as SOC stock or root zone AWC. This
spatial disaggregation approach will require an MLRA-wide examination of map unit composition and
component landscape properties spanning the numerous soil survey areas within the MLRA. As a result, it
will be necessary to harmonize information on soil map units, component soils, and component soil
properties, including (i) correlating soil map units between existing soil survey area legends, (ii) updating
geomorphic properties associated with each component soil, (iii) reconciling soil property values associated
with component soils, and (iv) rectifying positional displacement of SSURGO map unit delineations
compared to DEM-derived landform elements.
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Abstract
This paper presents a new approach to predict soil properties and quantify uncertainty in the derived soil
property maps over large areas using sparse and ad-hoc samples. According to the soil-landscape model,
each soil sample contains corresponding relationships between soil and environment conditions. Under the
assumption that the more similar the environment conditions between two locations the more similar the soil
property values, each sample can be considered as a representative (individual representativeness) over areas
of similar environmental conditions. The level of representativeness of an individual sample to an unsampled
location can be approximated by the similarity in environmental conditions between the two locations. Based
on this “individual representativeness” concept and with the use of Case-based Reasoning (CBR) idea, which
solves new problems by referring to similar cases, soil property values at unsampled locations can be
predicted based on their environmental similarity to the individual samples. Furthermore, the uncertainty
associated with each prediction is related to the similarity and can thus be quantified. A case study located in
Illy Region, Xinjiang, Northwest China, has demonstrated that the predicted map of soil organic matter of
top layer is of good quality and the quantified uncertainty is positively correlated with prediction residual.
This suggests that the approach can be an effective alternative for predicting soil property and reporting
uncertainty in the resulting soil map over large areas with sparse and ad-hoc samples.
Key Words
Individual representativeness, soil-landscape model, case-based reasoning, digital soil mapping, uncertainty,
SoLIM.
Introduction
Information on spatial variation of soil properties over large areas is a critical piece of input data for
environmental modeling at the regional to continental scales (Abramopoulos et al. 1988; Bonan 1996; Dai
and Zeng 1996; Chen and Dudhia 2001, Zhu and Mackay 2001). Yet, quality information on soil spatial
variation over large areas is rather difficult to obtain due to the large number of field samples needed and the
requirement of sound global representativeness imposed by the existing mapping techniques (Journel and
Huijbregts 1978; Isaaks and Srivastava 1989; Cressie and Noel 1993; Goovaerts 1999; Mitas and Mitasova
1999; Schloeder et al. 2001; McBratney et al. 2003; Zhu et al. 2008). Due to the constraints of field
conditions and project budget and the complexity of spatial variation of soil properties, field sampling can
rarely meet these requirements (both the number of samples and the sound global representativeness). As a
result, the collected samples are often sparse and ad-hoc (poor global representativeness) in nature. The soil
property maps derived based on these samples using the existing mapping techniques are not only at low
quality but also lack the information on the uncertainty introduced by samples’ poor global
representativeness. The lack of uncertainty information in the derived soil property maps also prevents
proper uncertainty assessment of model outputs when the derived soil information is used as one of the
inputs.

Methods
The approach is based on the concept of soil-landscape model (Jenney 1941; McBratney et al. 2000;
McBrateney et al. 2003) which states that each sample contains certain corresponding relationship between
soil and associated environmental conditions in parameter space. With the assumption that the more similar
the environment conditions between two locations the more similar the soil property values, each sample can
be considered as a representative over locations (not necessarily contiguous) with similar environmental
conditions, that is, each sample owns “individual representativeness”. The level of representativeness of an
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individual sample for an unsampled location can be approximated by the similarity in environmental
conditions between the two locations. Based on this “individual representativeness” concept and with the use
of Case-based Reasoning (CBR) idea, which solves new problems just by identifying existing similar cases
while not requiring the presence of a global model for the entire problem domain (Aamodt and Plaza 1994;
Watson and Abdullah 1994; Leake 1996; Watson 1998), soil property values at unsampled locations can be
predicted based on the environmental similarities to the individual samples. Moreover, the uncertainty
associated with each prediction is related to the similarity. For example, if a location is not similar or at a low
degree of similarity to the current set of individual samples, the uncertainty associated with the predicted
value for that location is high because none of the existing samples is a good representative of this location.
Then, the uncertainty associated with the prediction at each location can be quantified by analyzing the
nature of the similarity values to the individual samples (Zhu 1997).
The new approach consists of three major components: 1) The selection of environment variables
(covariates) and characterization of associated environment conditions using these variables; 2) Calculation
of similarity in environmental conditions; 3) Estimation of soil property value and quantify uncertainty based
on the environmental similarity.
For environment characterization, the selected environment variables should be responsible for soil
formation or co-varying with soil closely so that they can be used to indicate spatial variation of soil
effectively. The approach uses a raster data model for spatial representation. For soil mapping over large
areas the grid size is often large. The characterization of environmental conditions over large grid size
depends on the variable. For variables (climate and geology) which do not vary rapidly over the area of a
pixel, we use one value to represent the environmental conditions at each pixel. For variables (such as
topographic variables and vegetation variables) that vary rapidly over a pixel area we use the probability
density function estimated using the Kernal Density Estimation (KDE) method to characterize the
environmental conditions at each pixel.
Similarity estimation was conducted at two levels: the individual environment variable level and the case
(sample) level which integrates all similarities from the individual variable level. The methods for the first
level depend on the data type and the characterization method of each variable. We adopted Gower distance
for measuring similarity in climate variables, Boolean function for parent materials, and a consistent
Measure (CM) for topographic variables and vegetation variables which are characterized using probability
density functions (Zhu 1999). The methods for the second level depend on the perception of interaction of
environment variables. With the knowledge that over large area climate conditions would control the general
spatial distribution pattern of soil, parent material would then differentiate soils in the same climate zone,
while specific topographic conditions would influence the local variation in the same parent material area,
we adopted a hierarchy approach in this research to integrate the similarities from individual variables.
For uncertainty quantification and soil property prediction, similarities at each location to individual samples
would form a similarity-vector characterizing the representativeness of sample cases at that location. By
analyzing this similarity vector, uncertainty associated with the prediction related to samples’
representativeness was quantified (Zhu 1997). Soil property value at an unsampled location was predicted
using a similarity weighted average method which integrates similarities with sample attributes. The result
from this approach contains two parts: a soil property map and the associated uncertainty map.
Results
A case study located in Illy Region, Xinjiang, Northwest China, has been conducted to examine the validity
of this approach. The study area is about 50,000 km2 in size. The variables used are: average annual
precipitation, average annual temperature, average annual relative humidity, maximum and minimum
monthly precipitation, maximum and minimum monthly temperature, and maximum and minimum monthly
relative humidity, parent materials; elevation, slope gradient, profile curvature, surface area ratio and land
position index. A cross validation method with 73 field observation points was used to evaluate the
performance of the method. The RMSE between the predicted and the observed values is 0.32 which is much
smaller than 3.16, the standard deviation of these 73 field points. The correlation coefficient between the
values of uncertainty and the prediction residuals at these points is 0.537 which is significant at the 0.05
level.
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Conclusions
This paper presented a new approach to predict soil property over large area based on “individual
representativeness” of sparse ad-hoc samples. This approach does not require the global representativeness of
the whole sample set and is able to quantify prediction uncertainty introduced by the poor global
representativeness of the sparse and ad-hoc samples. The results suggest that this approach is an effective
and accurate way to map soil properties over large areas and is capable of providing uncertainty associated
with the derived property map. The uncertainty information is a valuable piece of information for evaluating
the credibility of prediction at each location. We conclude that this approach can serve as an effective
alternative for predicting soil property and reporting prediction uncertainty over large areas with sparse and
ad-hoc samples.
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Abstract
One of the key challenges in establishing the Africa Soil Information Service (AfSIS) is how to measure soil
functional properties on tens of thousands of georeferenced soil samples in a consistent way. To solve this
problem, AfSIS uses spectral diagnostics – low cost, high throughput analytical techniques based on
reflectance of electromagnetic radiation. This paper describes use of infrared spectroscopy (IR), total x-ray
fluorescence spectroscopy (TXRF), x-ray diffraction (XRD), and laser diffraction particle size analysis
(LDPSA) techniques. The data generated by these high-throughput techniques can all be treated as spectra
and used as input to pedotransfer functions for prediction of soil functional properties that are expensive or
time-consuming to measure. In addition, comparative LDPSA data for different dispersion treatments can
provide functional indicators of soil stability. Further research should establish the added value or
redundancy in pedotransfer functions when IR is complemented with TXRF, XRD and LDPSA data.
Key Words
Spectral diagnostics, infrared spectroscopy, x-ray fluorescence, laser diffraction, Africa soils, pedotransfer
functions
Introduction
The Africa Soil Information Service (www.africasoils.net) is being established to provide accurate, up-todate and spatially referenced soil information to support agricultural development and scientific
advancement in Africa. This need coincides with advances in technologies that allow for accurate collection
and prediction of soil properties (Sanchez et al. 2009). The project will develop a practical, timely, costeffective, soil health surveillance service to map soil conditions, set a baseline for monitoring changes and to
provide options for improved soil management. Soil testing under AfSIS is designed to meet the diverse
needs of different users: diagnosis of soil constraints for agriculture, monitoring of trends in soil health, land
capability for agriculture, soil testing for engineering and stabilisation purposes, ecological and human health
risk assessment; and prognostic testing to inform investment decisions (e.g. fertilizer rates, soil conditioners,
soil drainage, soil conservation). Over the next four years the project will collect over 30,000 georeferenced
soil samples from sub-Saharan Africa and characterize them. This paper describes how low cost highthroughput spectroscopy methods are being used both as a front line screening technique for development of
pedo-transfer functions and for the direct development of indicators of soil functional properties.
Methods
Soil processing
All soil samples are initially air-dried and 2-mm sieved. A 20 g sub-sample of soil is obtained by coning and
quartering and hand-ground using an agate pestle and mortar to pass a 75 µm sieve. These finely ground
samples can be shipped at low cost and are adequate for analysis by mid-infrared diffuse reflectance
spectroscopy (MIR), TXRF, XRD, LDPSA, and total CNS analysis by combustion.
Infrared spectroscopy
Diffuse reflectance infrared spectroscopy (IR) is an established technology for rapid, non-destructive
characterization of the composition of materials based on the interaction of electromagnetic energy with
matter. Both the visible near infrared (VNIR, 0.35-2.5 µm) and mid infrared (MIR, 2.5-25 µm) wavelength
regions have been investigated for non-destructive analyses of soils and can potentially be usefully applied to
predict a number of important soil properties. including: soil colour, mineral composition, organic matter and
water content (hydration, hygroscopic, and free pore water), iron form and amount, carbonates, soluble
salts, and aggregate and particle size distribution (Shepherd and Walsh, 2004; 2007). In AFSIS, IR is used as
a frontline screening tool in regional laboratories using 2-mm sieved air-dried soil samples. The regional
laboratories are equipped with fourier-transform NIR spectrometers with in-built gold reference and
instrument validation routines to ensure reproducibility of results over time and among laboratories. All other
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measurements are centralized at the World Agroforestry Centre’s Soil-Plant Spectral Diagnostics
Laboratory, except for conventional extraction soil tests, which are done using ICP mass spectroscopy in an
external certified laboratory. Fine ground samples are analysed with MIR using a robotic high-throughput
system employing micro-titre plates (Shepherd and Walsh, 2007).
Total x-ray fluorescence spectroscopy
TXRF (KlocKenKämper 1997) provides for rapid simultaneous analysis of all elements from Na to U
(except Mo) with minimal sample preparation time. The main principle of X-ray Fluorescence Spectroscopy
is that atoms, when irradiated with X-rays, emit secondary X-rays – the fluorescence radiation. On this basis
XRF analysis is possible because (i) the wavelength and energy of the fluorescence radiation is specific for
each element, and (ii) the concentration of each element can be calculated using the intensity of the
fluorescence radiation. Compared with conventional XRF, TXRF also has the advantages of greatly reduced
background noise, and consequently much higher sensitivities, and a significant reduction of matrix effects.
Standardisation is internal and only requires addition of an element that is not present in the sample for
quantification purposes, and no external standardization is required in most cases. In AfSIS, TXRF is used to
analyse total elements in soil (samples are suspended in detergent, pipetted onto carriers, and dried) and in
soil water extracts after centrifuging the same sample. Lower detection limits are in the parts per million
concentration range for suspended soil and parts per billion levels in soil water. The total element
concentration profiles (essentially spectra) are used to fingerprint soils, to capture key mineralogical
differences, and as an input to pedotransfer functions.
X-ray diffraction
Despite the critical importance of soil mineralogy in the determination of soil functional properties and as a
soil forming factor, there has been relatively little work to move beyond largely descriptive studies (Dixon
and Schulze, 2002) to the quantitative linking of soil function to soil mineralogy (Cornu et al. 2009). New
instrumentation developments in benchtop high-throughput X-ray powder diffraction (XRD) and steady
improvements in mineral identification databases and software have opened up new opportunities for
quantitative determination of mineral phases on large sample numbers. AfSIS extends the infrared
spectroscopy profiling approach (Shepherd and Walsh 2007) to include X-ray diffraction.
Finely ground (<50 µm) samples are loaded into sample holders and analysed using a X-ray diffractometer
equipped with a compound silicon strip, 1-dimensional detector with Theta / Theta geometry. The angular
range measured is 0 to 80° 2Theta with an accuracy of ± 0.02° throughout the measuring range. The raw
XRD spectra (counts versus angle) can be used directly as input to pedotransfer functions, in the same way
infrared spectra are used. Phase search, identification and semi-quantitative analysis are done using the
International Centre for Diffraction libraries and fully quantitative phase analysis is proposed on subsets of
samples using the Rietveld method. TXRF soil element information can also used to focus mineralogy
searches.
Laser diffraction particle size analysis
Soil particle size distribution is a fundamental soil property that affects many soil functional properties, but
its determination using conventional hydrometer or pipette methods suffers problems of poor repeatability
and reproducibility and variable dispersion in many tropical soils, due to cementing actions of iron and
aluminium hydroxides. There is uncertainty on what methods best reflect functional aspects of soil particle
size distribution (e.g. dispersing aggregates using dispersion agents may not reflect functional effects in the
field). In fact soil particle size is usually not interpreted directly to provide information on soil functions but
is rather a covariate used in predicting or conditioning soil functional properties, such as nutrient retention,
tillage properties, and hydraulic properties. Therefore emphasis should be on rapid and repeatable measures
rather than accurate measures of particle size distribution.
Dry aggregate size distribution and dispersed and non-dispersed particle size distribution have been proposed
as indicators of soil erodibility, even though erodibility may be affected by a number of variables. Various
measures of dispersion have also been used to classify soil susceptibility to structural faults and piping in
subsoil’s (e.g. dam walls) and surface soil structural problems (e.g. hardsetting). Response of particle size
distribution to different levels of ultrasonic energy can be used to derive an absolute measure of soil stability.
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In AfSIS, laser diffraction particle size analysis is used to estimate particle size distribution and soil stability.
The analysis can be done using small quantities of soil (<5 g). A representative cloud or ‘ensemble’ of
particles passes through a broadened beam of laser light which scatters the incident light onto a Fourier lens.
This lens focuses the scattered light onto a detector array and, using an inversion algorithm, a particle size
distribution is inferred from the collected diffracted light data. Mie theory is used to provide a volume-based
continuous distribution of particle sizes based on the correlation between the intensity and the angle of light
scattered from particles.
AfSIS samples are analysed using a detectable size range of 0.01-3000 µm. The instrument allows
continuous flow of a soil sample suspended in (i) a dry air stream or (ii) a water stream, to which different
sonification cycles can be applied using an in-built ultrasonic probe. The protocol begins with measurement
of particle size distribution of dry soil suspended in the air stream to provide a measure of micro-aggregation
without wetting. Particle size distribution is then measured in water, followed by a second reading one
minute later, and finally after full dispersion using Calgon and sonification. The shift in particle size
distribution with these treatments is used to provide comparative indices of stability (Muggler et al. 1996).
Destruction of organic matter and removal of soluble, salts, gypsum, carbonates, and iron and aluminium
oxides is not done with this method, as comparisons of ‘functional’ particle size distribution are of primary
interest, as opposed to accurate measurement of ‘absolute’ particle size distribution of primary particles. A
subset of soils is also analysed using the conventional hydrometer method to provide correlations with the
laser diffraction measurements.
Results
Total element concentration spectra for three contrasting soil types from Kenya are illustration in Figure 1.
There is large variation in concentrations among soils in the range from element number 13 (Aluminium) to
40 (Zirconium), especially in levels of P, K, Ca, Mn, and Fe, indicating mineralogical differences. A key
area of current research is how much redundancy there is in IR, TXRF, XRD and LDPSA data in prediction
of functional properties such as soil water holding capacity and nutrient supply capacity.

Figure 1. Total element concentration against element number for three soils from Kenya determined using total
x-ray fluorescence spectroscopy. Missing data points indicate an element was not detectable in the sample.

The use of laser diffraction particle size analysis to assess soil stability on dispersion in water is illustrated in
Figure 2. In the dry state, the unstable soil (a Fluvisol derived form lake sediments) actually had a higher
proportion of aggregates >1 mm (51%) than the stable (Nitisol) soil (10%). On wetting, the stable soil
showed little decrease in particle size distribution over the succession of wet treatments, whereas the
unstable soil showed a successive decrease in particle sizes with the sequence of treatments. For the wet
reading after one minute, the proportion of particles smaller than 10 µm was 56% in the unstable soil but
only 14% in the stable soil. After the full dispersion treatment, the unstable soil had 83% of particles less
than 10 µm, compared with 18% in the stable soil.
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Figure 2. Frequency distribution of particle sizes in a stable soil (Nitisol) and unstable soil (Fluvisol) from Kenya
measured in (i) a dry air stream, (ii) immediately on addition to water, (iii) one minute later, and (iv) after full
dispersion with calgon and sonification.

Conclusion
Although infrared spectral measurements of soils can predict several soil properties (such as organic carbon,
exchangeable calcium, pH, and total P) calibrations need to be adjusted for different soil types. High
throughput TXRF, XRD and LDPSA measurements could supplement IR as an input to pedotransfer
functions and help stabilize IR calibrations across soil types with widely different mineralogy. Further
research should also test whether TXRF and XRD could be useful supplements to improve prediction of
properties not predicted well from IR, such as soluble or extractable nutrients. Laser diffraction particle size
analysis under different dispersion treatments can serve as a rapid, functional indicator of soil stability for
environmental and engineering purposes.
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