
Author's Copy
Geoderma 213 (2014) 385–399

Contents lists available at ScienceDirect

Geoderma

j ourna l homepage: www.e lsev ie r .com/ locate /geoderma
Semi-automated disaggregation of conventional soil maps using
knowledge driven data mining and classification trees
Travis W. Nauman, James A. Thompson ⁎
Division of Plant and Soil Sciences, West Virginia University, United States
⁎ Corresponding author at: Division of Plant and Soil Sci
Morgantown, WV 26506-6108, United States. Tel.: +1 3
2960.

E-mail address: james.thompson@mail.wvu.edu (J.A. T

0016-7061/$ – see front matter © 2013 Elsevier B.V. All ri
http://dx.doi.org/10.1016/j.geoderma.2013.08.024
a b s t r a c t
a r t i c l e i n f o
Article history:
Received 21 February 2013
Received in revised form 31 July 2013
Accepted 16 August 2013
Available online 20 September 2013

Keywords:
Polygon disaggregation
Spatial disaggregation
Soil–landscape models
Classification trees
Uncertainty
Variable importance
Disaggregation of conventional soil surveys has been identified as a potential source for much of the next gener-
ation of model-ready digital soil spatial data. This process aims to apportion vector soil surveys into raster
(gridded) representations of the component soils that are often aggregated together in map unit designs. Most
soil surveys are published with some description of the soil–landscape relationships that distinguish component
soils within map units. We used these descriptions found in the Soil Survey Geographic (SSURGO) database of
Webster and Pocahontas Counties in West Virginia, USA, to build a set of representative training areas for all
soil components by using 1-arc second digital elevation data and derived geomorphic indices. These training
areas were then used in classification tree ensembles with a more extensive environmental database to trans-
form the original SSURGO map into a gridded soil series map. We created underlying prediction frequency
surfaces from the models that can be used for creating continuous representations of soil class and property
distributions.
Disaggregationmodels matched training sets in 71%–74% of pixels andmatched components in original SSURGO
map units in 56%–65% of the study area. We evaluated both the original SSURGO data and our models using 87
independent pedons not used in model building. Validation pedons matched components in SSURGO map
units at 39% of sites, but in map units that only included one named component (as opposed to multiple soils
that could be matched to validation pedons) only 27% of the sites matched. Disaggregation predictions matched
validation pedon classes 22–24% of the time using nearest neighbor spatial matches, and these rates increased to
39–44% for correct predictions within a 60-meter radius of the pedon. To characterize uncertainty, we compared
relative ensemble prediction frequency (probability) of final hardened model classes at validation sites. Sites
with correct predictions had generally higher prediction frequencies; which lead us to use them to create an un-
certainty model. Uncertainty was calculated by determining the rate of correct predictions at validation sites
within different intervals of prediction frequencies using nearest neighbor validation results.Wewere able to dis-
cern four uncertainty classes with values of 7%, 18%, 20% and 43%, which we called “ground truth probabilities”.
We present the methods to create these models as a specific example of how disaggregation techniques may be
used to aid in updating national soil survey inventories.

© 2013 Elsevier B.V. All rights reserved.
1. Introduction

Soil properties and soil functions influence many of the problems
facing society today. Soil is a primary storage mechanism for carbon
and nutrients that control how vegetation grows and how our climate
is changing. However, our knowledge of soils is imprecise, with esti-
mates of global soil carbon stocks in the top meter of soil that range
from 1400 to 3250 petagrams (Grunwald et al., 2011). In light of the
projected challenges of global warming and maintaining natural re-
source services such as crops and cleanwater (IPCC, 2007), high quality
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soil information is key to making sustainable decisions. Although many
soil inventories have been carried out around the world, the scope and
spatial structure of these have been criticized for having, among other
things, relatively coarse resolution and map legends that are difficult
to interpret (Burrough, 1989; Burrough et al., 1997; Grunwald, 2009;
Grunwald et al., 2011; McBratney et al., 2003). These issues are exacer-
bated as more andmore researchers use soil data in environmental, ag-
ricultural, hydrological, and engineering models. Many studies have
attempted to improve on past soil inventories using digital soil mapping
and relatedmethods (Bui andMoran, 2001; Bui et al., 1999, 2006, 2009;
Cook et al., 1996; de Bruin et al., 1999; Hansen et al., 2009; Häring et al.,
2012; Kempen et al., 2009; Kerry et al., 2012; Moran and Bui, 2002;
Nauman et al., 2012; Thompson et al., 2010; Yang et al., 2011; Zhu,
1997; Zhu et al., 1997, 2001). The GlobalSoilMap project (www.
globalsoilmap.net) is a recent effort to help produce standard functional
soil property maps for the whole world that can be used in more
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Table 1
Two multi-component map units recorded in the Webster County soil survey, West
Virginia (Delp, 1998).

Map unit (MU) name MU kind Components Parent
material

% of MU

Gilpin–Laidig association,
very steep, extremely stony

Association Gilpin Residuum 45
Laidig Colluvium 35
Included soils n/a 20

Pineville–Gilpin–Guyandotte
association, very steep,
extremely stony

Association Pineville Colluvium 35
Gilpin Residuum 25
Guyandotte Colluvium 15
Included soils n/a 25
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modern contexts (Hartemink et al., 2010; Sanchez et al., 2009). The
GlobalSoilMap consortium has recognized that methods to best utilize
old maps for production of new digital models is one of the best ways
to begin creating new and more detailed soil maps (Minasny and
McBratney, 2010).

One of the main challenges to providing appropriate data is that the
classic paradigm of soil survey is management based, and properties at-
tributed to soils are most often estimates based on sparse data at
representative locations, not quantifications based on statistics. A large
part of the goals of the original design of these maps was to determine
suitability or hazards to human activities. These interpretations provide
pragmatic initial guidance to developers, farmers, and other land
management institutions for issues like road building, septic tank
evaluations, and many other uses (Soil Survey Division Staff, 1993).
The soil survey was supposed to be a starting point in planning and
general management, but more current users have stretched far
beyond these original concepts (Bouma, 1989; Soil Survey Division
Staff, 1993).

Many studies have used soil survey spatial data with property esti-
mates as inputs into models (e.g., Bandaragoda et al., 2004; Causarano
et al., 2008; Gatzke et al., 2011; Lineback Gritzner et al., 2001; Wilson
et al., 1993; Zhang et al., 2011). In the U.S., both the U.S. General Soil
Map (STATSGO2: 1:250,000 scale) and the Soil Survey Geographic
(SSURGO: most commonly 1:24,000 scale, but varies between
1:12,000 and 1:125,000) databases often aggregatemultiple soil classes
into spatial polygon delineations used in maps (Soil Survey Division
Staff, 1993; Thompson et al., 2012). The data model for SSURGO,
which is the primary high resolution soil inventory for the US, includes
polygonal map units with generally one to four named soil series (soil
taxonomic class) per map unit, plus minor inclusions of soils or non-
soil areas, which are sometimes but not always fully documented. This
aggregation, and the inherently crisp breaks that polygon mapping im-
poses on spatial data, make spatial representation of estimated soil
properties (e.g., soil texture, organic matter, and pH) somewhat convo-
luted and predisposed to artifacts. For example, there are often distinct
changes in property values between polygons or at survey project
boundaries that do not make logical sense (Loerch, 2012; Thompson
et al., 2012). The problem that now emerges is how to use the wealth
of information in legacy soil surveys in an appropriate way. Part of the
answer might be to restructure the data to more appropriately address
current applications, and one basic step to doing that is to spatially dis-
aggregate the information into its component parts in a manner that
better represents how soils truly occur in the field. This paper illustrates
a technique to use widely available elevation, lithology, and remote
sensing data to disaggregate two existing adjacent soil surveys in
West Virginia, USA, into one continuous soil series class map using no
new soil field data. This process potentially revealsmuchmore informa-
tion about spatial soil distribution and spatially harmonizes somewhat
disjoint mapping projects that have artifacts along their boundaries
(Nauman et al., 2012; Thompson et al., 2010, 2012).

1.1. Soil survey spatial disaggregation

The primary focus of soil survey disaggregation is to express the spa-
tial distribution of soil individuals in cases where older soil maps have
lumped them into one spatial unit (Table 1). Another way to describe
it would be the enhancement of a prior generalized soil map to produce
a more detailed map that spatially distinguishes soil properties or types
at a greater level of detail. Generally these techniques also tend to trans-
late the data from object-based polygon maps to grid-based raster for-
mats by using new point or environmental maps (e.g. DEM or satellite
imagery) as predictors to map within polygons. Disaggregation has
been identified as a conceptual approach to translate current data into
formats compatible with modern needs and with pedologic concepts
of soil formation (Bui, 2004; Bui and Moran, 2001; Bui et al., 1999; de
Bruin et al., 1999;McBratney, 1998;Wielemaker et al., 2001). Generally,
approaches use new pedon data and/or environmental covariate data
to determine how soils within polygon map units vary spatially.
Approaches tend to draw from digital soil mapping frameworks
(Grunwald, 2009; Grunwald et al., 2011; McBratney et al., 2003; Scull
et al., 2003) that employ a state-factor theory of soil formation summa-
rized by Jenny (1941).

Spatial disaggregation of multi-component soil map polygons into
individual component soil classes has been demonstrated in attempts
to universally update soil maps (Bui and Moran, 2001; Hansen et al.,
2009; Smith et al., 2012; Wei et al., 2010), and to create class distinc-
tions within the bounds of original survey map units (e.g. Bui and
Moran, 2001; Häring et al., 2012; Thompson et al., 2010). Other studies
have looked at disaggregating polygons for specific soil properties using
conventional soil survey. Goovaerts (2011) evaluated geostatistical
methods that can combine point data with choropleth data to look at
within-polygon variation in a specific variable, and Kerry et al. (2012)
applied parts of thesemethods to soil organic carbonmapping in north-
ern Ireland. Fuzzy logic has been used in disaggregation through appli-
cations like SoLIM (Qi et al., 2006; Zhu, 1997; Zhu et al., 1996, 2010) to
help organize and implement soil–landscape relationships for mapping
soils. SoLIM has been used in coordination with both expert knowledge
(Smith et al., 2010) and statistical approaches (Yang et al., 2011) to im-
plement discovered soil–landscape relationships used in updating and
disaggregating soil maps. Other fuzzy knowledge systems have lever-
aged landform element classifications to better disaggregate landscapes
into units with similar soils (MacMillan et al., 2000), and combined
landform element maps with other ecological and environmental co-
variate maps to create ecosystem maps that incorporate soil informa-
tion (MacMillan et al., 2007). Classification and regression trees have
been a prominent technique used in disaggregation. Bui and Moran
(2001) and Wei et al. (2010) both used ensembles of decision trees
and Häring et al. (2012) used random forests to refine soil and surficial
geology classes. Tree-based models have also been used extensively in
general digital soil mapping applications and seem to have the greatest
flexibility of common modeling methods (Behrens et al., 2010a,b;
Moran and Bui, 2002; Bui et al., 2009; Lemercier et al., 2011;
McKenzie and Ryan, 1999; Saunders and Boettinger, 2007; Schmidt
et al., 2008; Scull et al., 2005).

The objective of this researchwas to identify a pragmatic and repeat-
able method for systematic disaggregation of legacy soil maps. This
technique addresses the common situation where an older soil map is
available, but more detailed soil spatial data is needed, and too few
new soil observations are available to use in geostatistical approaches
or for building empirical models. We utilize soil–landscape rules that
are usually present in soil survey database map unit descriptions in
combination with a classification tree ensemble with different random-
ization schemes to universally disaggregate two adjacent soil survey
projects into one harmonized soil series map. This approach captures
both implicit and explicit expert knowledge about soil–landscape rela-
tionships in SSURGO and pairs that with available elevation, imagery,
and geology data in a classification tree ensemble model. We selected
methods and data sources based on repeatability, transparency, and
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Fig. 1. Study area inWest Virginia, USA. Points showpedon locationsused in the validation
of disaggregation results. Black outlines delineate the Pocahontas andWebster County soil
surveys used to train themodel. Resultswere extrapolated to nearby areaswith consistent
covariate data to incorporate more validation points. (Inset: Location of Pocahontas and
Webster Counties in West Virginia.).
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manageability in an effort to make them accessible to soil science pro-
fessionals in government and consulting.

2. Materials and methods

We demonstrate and evaluate disaggregation methods in two adja-
cent county soil surveys inWest Virginia. Soil–landscape ruleswere first
extracted from the SSURGO database from every component (soil) of
every map unit in the surveys. The landscape rules were then matched
to value ranges of different DEM-based topographic metrics (e.g., slope
position, landform element) to identify representative areas in each
map unit for each component. These representative areas were then
used as training sets for randomized classification tree ensembles. We
created several different randomized sampling techniques for balancing
the relative sizes of training sets of different soil classes so that the train-
ing set size distribution was not too skewed, which facilitated detection
of less extensive soil types. We evaluated three different ensemble
models using an independent set of 87 geo-referenced pedons gathered
from other local projects. Prediction frequencies from the most bal-
anced ensemble model were also evaluated for use as an empirical
proxy of prediction uncertainty.

2.1. Study area

The study area is located in the Appalachian mountains of West
Virginia, USA, and covers approximately 3877 km2 (Fig. 1). It includes
data from two separate soil surveys completed by the USDA-NRCS for
Webster (Delp, 1998) and Pocahontas (Flegel, 1998) counties. It
Table 2
Tables used from SSURGO for training set rule matching. An example of the language used to m

SSURGO table Upwards SSURGO link table Table concept

Mapunit Legend Spatial unit attribute (polygon types)

Component Map unit Soil series and other components
CoGeomorDesc Component Geomorphic description: landform
CoSurfMorphGC CoGeomorDesc Geomorphic component
CoSurfMorphSS CoGeomorDesc Surface shape
CoSurfMorphHPP CoGeomorDesc Hillslope profile position
includes parts of two U.S. Major Land Resource Areas: the Eastern
Allegheny Plateau andMountains and the Southern Appalachian Ridges
and Valleys (Flegel, 1998). The Eastern Allegheny Plateau and Moun-
tains makes up roughly the northwestern two thirds of the area, and
is a highly dissected, level-bedded sedimentary plateau that includes
the highest mountains in West Virginia. The Ridge and Valley province
are a sequence of trellis ridges and valleys that run south–southwest to
north–northeast consisting of more altered and folded sedimentary
rocks. Soils in the study area generally form in residual sedimentary
rocks and colluvial deposits along slope sequences (Delp, 1998; Flegel,
1998). The area is generally a rolling to steep terrain with only smaller
flat areas along drainages and in limited areas where ridge tops or
mountain tops are flat. There are alluvial soils along drainages, but
most alluvial valleys are less than a mile wide. Most drainages in
these areas are steep and narrow valleys that do not promote much al-
luvial deposition.

Soil profile descriptions at 87 locations classified according to U.S.
Soil Taxonomy (Soil Survey Staff, 2010) were used to independently
validate model results. Of these, 62 came from a previous study
(Roecker, 2013), and 25 came from the USDA-NRCS national pedon da-
tabase (National Cooperative Soil Survey, 2012). TheNRCS pedons come
from a variety of collection dates and projects and thus have somewhat
variable spatial accuracy (some points were digitized from old manual
topographic map notes). The pedon locations used from Roecker
(2013) were likely more accurate as they were geo-referenced with a
handheld global positioning system with submeter accuracy. However,
as samples were collected in a forest setting, accuracies are probably at
least 2 m. These observations were used solely for validation and not in
any part of the model building process.

2.2. SSURGO training areas

The SSURGO dataset consists of a polygon format vector map attrib-
uted with a map unit label and a relational database that connects the
map units to information about the soils and survey area. There is usu-
ally an associated hardcopy survey manuscript that was published for
survey project areas (usually counties). The mapping infrastructure in
SSURGO includes multiple types of map units that generally have one
to four named soil series components as well as ‘inclusions’ of other
soils or non-soil areas. Each of these component soil series can have dif-
ferent property distributions that must be generalized or aggregated
somehow if a user wants to display a soil property using SSURGO poly-
gons (e.g., Bliss et al., 1995; Thompson and Kolka, 2005).

In SSURGO, each component of every map unit has information re-
garding soil properties and environmental context attributed to it
(Tables 2, 3, and4; rule-matching examples are described below). By que-
rying the geomorphic and landform attributes in SSURGO, soil–landscape
relationship descriptionswere extracted from the database to help deter-
minewherewithin amapunit a component is expected to occur (e.g., Gil-
pin series exists on the upper third of mountain flanks). The language in
these queried descriptions was thenmatched to values in environmental
rasters that represent hillslope position (0–100 index; Hatfield, 1996),
landforms (Schmidt and Hewitt, 2004), terrace height (relative elevation
with reference to local minimum in alluvial map units; described below),
atch with digital terrain raster values is shown.

Example Rulematch

Gilpin–Dekalb complex, 15 to 35% slopes,
extremely stony

n/a

Dekalb Series, 35% of map unit
Ridges Geomorphic element

Rules: Slope Position N=95Mountaintop
Linear linear Hillslope context

Rules: slope position N=75 and a ‘Plain’Summit
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Table 3
Hillslope profile and curvature rulematches derived from the SSURGOdatabase. Slope po-
sition is a 0–100 index of how far up a slope a location is with 100 being a summit and 0
being valley floor.

SSURGO descriptions Raster rules

Slope shape
(up/down)

Slope shape
(across)

Hillslope
profile

Slope
position

Landform (Schmidt
and Hewitt, 2004)

Concave Concave Backslope Hollow foot
Concave Concave Footslope b50 Hollow foot or pit
Concave Concave Shoulder 50–95 Hollow foot or pit
Concave Concave Summit N=75 Pit
Concave Convex Backslope Spur foot
Concave Convex Footslope b50 Spur foot or saddle
Concave Convex Shoulder N=50 Spur foot or saddle
Concave Convex Summit Saddle
Concave Linear Backslope Footslope
Concave Linear Footslope b50 Footslope or channel
Concave Linear Shoulder N50 Footslope or channel
Concave Linear Summit N=75 Channel
Convex Concave Backslope Hollow shoulder
Convex Concave Footslope b 50 Hollow shoulder
Convex Convex Backslope Nose
Convex Convex Footslope b50 Nose
Convex Convex Shoulder N=50 Nose
Convex Convex Summit Peak
Convex Linear Backslope Shoulder slope
Convex Linear Footslope b 50 Shoulder slope
Convex Linear Shoulder 50–95 Shoulder slope
Convex Linear Summit Ridge
Convex Linear Toeslope b10 Ridge
Linear Concave Backslope Hollow
Linear Concave Footslope b 50 Hollow or channel
Linear Concave Summit N=75 Channel
Linear Convex Backslope Spur
Linear Linear Backslope Planar slope
Linear Linear Footslope b50 Planar slope or plain
Linear Linear Shoulder N=50 Planar slope or plain
Linear Linear Summit N=75 Plain
Linear Linear Toeslope b10 Plain
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slope gradient, slope aspect, and catchment area (Tarboton, 1997). As an
example, the descriptor ‘upper third of mountain flanks’ was associated
with a hillslope position index raster by specifying that the soil exists on
hillslope index values between 66 and 95 (Table 4). This essentially
translates soil–landscape relationship records in the database to envi-
ronmental raster values. This rule translation streamlines the approach
Thompson et al. (2010) used to create soil–landscape rulesets. All rules
identified typical landscapes for respective component soilswithin each
map unit. These areas were added to a training set that was compiled
for all soil series and other named survey components (e.g., rock out-
crops or higher taxa such as Fluvaquents) in the study area. Areas
fromallmapunits thatwere typical of a given soil serieswere combined
into one training class. All environmental rasters used in rule-matching
were derived from the 1-arc second USGS national elevation dataset
(NED) (Gesch, 2007; Gesch et al., 2002). Final maps and other raster
data used in later steps were co-registered to the NED grid in a North
American Datum of 1983 Universal Transverse Mercator projection in
Zone 17-North.

2.3. Terrace height raster construction

For the SSURGO rulesets described in Section 2.2 and Table 4, a ter-
race raster was built from the NED data for distinguishing alluvial soils
by using a combination of neighborhoods to look at the difference of
each pixel from local minimum elevations depending on slope position,
slope gradient, and Morphometric Protection Index (PI) using a 2000-
meter radius (Conrad and Wichmann, 2011; Yokoyama et al., 2002).
This approach uses differing neighborhood sizes in similar ways to
other soil mapping studies (Behrens et al., 2010a, 2010b; Hansen
et al., 2009; Moran and Bui, 2002). Different neighborhoods were used
to distinguish terraces in wider alluvial systems versus terraces in
narrow high gradient drainages (Fig. 2). The ‘terrace’ raster created is
actually a stratified relative elevation index that determines how high
a pixel is in relation to its neighbors within the context of its slope
position, slope gradient, and PI (e.g., for a headwater stream, a smaller
neighborhood radius is used for calculating relative elevation than a
widefloodplain). This terrace height rasterwas createdmainly to distin-
guish levels of terraces in alluvial areas during training area selection
for alluvial map units, but also was used for decision tree modeling be-
cause it seemed to capture variations in landforms well in non-alluvial
areas. The relative elevation calculations used to create the terrace ras-
ter served to distinguish finer scale high spots or benches in upland lo-
cations, making it useful beyond the alluvial units.

2.4. Rule matching for training area identification

Four main tables in the SSURGO database were queried to develop
geomorphic and hillslope profile descriptors. These were used to create
two logic strings per geomorphic description for rule creation (Tables 2,
3, and 4). Table 2 shows an example of how these descriptors are
queried from these tables using joins for the Dekalb soil series in the
Gilpin–Dekalb complex map unit. In this case the geomorphic descrip-
tors from the cogeomorphdesc and cosurfmorphgc tables indicate that
mountain tops on ridges are typical locations for Dekalb. The curvature
and hillslope descriptors from the cosurfmorphss and cosurfmorphhpp
similarly indicate that Dekalb is found on summits with linear curva-
tures. All unique combinations of records from the cogeomorphdesc
and cosurfmorphgc tables were linked together to create general land-
form element descriptions that were used for all mapped components
(Table 4). Tables on cosurphmorphss and cosurfmorphhpp were also
linked in unique combinations to create hillslope position and curvature
descriptions (Table 3). One logic string of environmental raster value
ranges was created for each of these two descriptions. Value ranges
for all rasters that pertained to each description were strung together
in an ‘AND’ statement that required any grid cell to meet all the rules
for each raster to become a training cell. Then the logic statements
from each description were linked together in an ‘OR’ logic string
allowing inclusion of pixels that met either of the ‘AND’ strings. Many
soil series had more than one ruleset for both the general landform
and/or hillslope position and curvature descriptions either due to the
presence of the soil as a component in multiple map units or because
a component of that soil type hadmore than one set of landform or hill-
slope descriptions linked in the database. The logic strings that cameout
of these descriptions within linked records were combined with a logi-
cal ‘OR’ so that a cell couldmeet one set of rules (e.g., general landform)
or the other (e.g., hillslope position and curvature) to become a poten-
tial training cell for the component linked to those descriptions in the
database. The multiple strings of logic were put into single statements
by soil series (same component name) by constraining each ‘AND’ state-
ment to the original map unit of the respective component and then
stringing common soil series rules together by logical ‘OR’ connectors.
The translation of these rules to raster values was done by creating a
list of unique instances of the descriptions that occurred for all the com-
ponents through the study area. Fifty eight unique rules were created
for geomorphic landforms (Table 4) and thirty two from the hillslope
profile and curvature (Table 3) logic sets.

Once a list of rules was created for all the components in the survey
area, training areas were created for all uniquely named components.
Training areas were created for 50 soil series, 4 higher taxa classes,
and two non-soil areas (water and rock outcrops) for Pocahontas and
Webster counties in West Virginia, USA. There were three soils (Sees,
Lodi, and Medihemists) that were mapped as single component
map units in limited areas that did not produce enough training pixels
to be detectable in preliminary single tree models. For these cases, the
full extent of all of the map unit delineations for each of these soils
was used for training. Because each soil series training set was built
independently of the others, much of the training areas in multi-
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Table 4
Component general landform descriptions from SSURGO and the interpreted environmental raster value rules for the landform descriptions. All unique combinations of the SSURGO geo-
morphic description queries are shown with on the left along with the translated rules for the terrain rasters used to select training areas.

SSURGO descriptions Raster rules

Feature name Feature modifier Geomorphic component Hillslope
position

Slope
gradient
(%)

Slope aspect
(deg)

Contrib.
area
(m2)

Terrace
(m)

Landformt

Mountains Hills Terraces

Reclaimed lands V. steep; mostly coal
& high-carbon shale

Mountain flank 10 b =x b =95

Alluvial fans mouth of hollows Tread 1 b =x b =5 N1 101, 111, 100,
120, or 10

Coves Upper third of
mountain flank

66 b =x b =95 21 or 1 or 11

Coves Lower elevations Center third of
mountain flank

33 b =x b =66 21, 1, or 11

Coves Lower elevations Lower third of
mountain flank

10 b =x b =33 21, 1, or 11

Coves Northern facing Mountain base 1 b =x b =10 270 b =y b =360
or 0 b =y b =90

21, 1, 11, 101

Coves Northern facing Mountain flank 10 b =x b =95 21, 1, or 11
Depressions Upland depressions on

mountains
Mountaintop N95 111 or 121

Drainageways Along drainageways and
on head slopes

Mountaintop N95 N75,000 101

Drainageways Along drainageways and
on head slopes

Upper third of
mountain flank

66 b =x b =95 N100,000 101

Flats Mountaintop N95 100
Flood plains Tread b5 100 or 101
Flood plains High bottom land Tread 0 b =x b =5 N2 100 or 101
Flood plains Nearly level Tread b5 b3 100 or 101
Flood plains Nearly level & poorly

drained
Tread b5 b3 100 or 101

Flood plains Nearly level & well
drained

Tread b5 b3 N0.5 100 or 101

Hillslopes Side
slope

10 b =x b =95 22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Lower third of
mountainflank

10 b =x b =33 22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Mountainflank 10 b =x b =95 22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Upper third of
mountain flank

66 b =x b =95

Mountain slopes Benches Center third of
mountain flank

33 b =x b =66 b25

Mountain slopes Benches Mountainflank 10 b =x b =95 b25
mountain slopes Benches Upper third of

mountainflank
66 b =x b =95 b25

Mountain slopes Benches on low elevation
mountains and hills

Center third of
mountain flank

33 b =x b =66 b25

Mountain slopes Benches on low elevation
mountains and hills

Upper third of
mountain flank

66 b =x b =95 b25

Mountain slopes Benches; N3400 ft.
elevation

Upper third of
mountainflank

66 b =x b =95 b25

Mountain slopes Concave sideslopes of
uplands

Mountain flank 10 b =x b =95 21, 1, 11, 10, 12

Mountain slopes Disected uplands—convex Mountain flank 10 b =x b =95 20, 22, 2, 12,
120, 122

Mountain slopes Disected uplands—convex
and benches

Mountain flank 10 b =x b =95 20, 22, 2, 12,
100, 120, 122

Mountain slopes Disected uplands—convex;
& benches

Mountain flank 10 b =x b =95 20, 22, 2, 12,
100, 120, 122

Mountain slopes Drainageways & footslopes Mountainbase 1 b =x b =10 N350,000 101, 10, 11
Mountain slopes Drainageways & footslopes Mountain flank 10 b =x b =95 N150,000 10, 11, 101
Mountain slopes Elevations N 3400 ft. Upper third of

mountain flank
66 b =x b =95 22, 20, 21, 2, 0,

1, 12, 10, or 11
Mountain slopes Lower sideslopes &

footslopes
Center third of
mountain flank

33 b =x b =66 22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Lower sideslopes &
footslopes

Lower third of
mountain flank

10 b =x b =33 22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Northern facing Mountainbase 1 b =x b =10 270 b =y b =360
or 0 b =y b =90

22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Northern facing Mountain flank 10 b =x b =95 270 b =y b =360
or 0 b =y b =90

22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Side slopes & footslopes Mountain flank 10 b =x b =95 2, 0, 1, 11, 10,
or 12

Mountain slopes Steep & very steep slopes
and benches; very stony

Mountain flank 10 b =x b =95

(continued on next page)
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Table 4 (continued)

SSURGO descriptions Raster rules

Feature name Feature modifier Geomorphic component Hillslope
position

Slope
gradient
(%)

Slope aspect
(deg)

Contrib.
area
(m2)

Terrace
(m)

Landformt

Mountains Hills Terraces

Mountain slopes Steep and very steep
slopes and benches

Mountain flank 10 b =x b =95

Mountain slopes Upper Center third of
mountain flank

33 b =x b =66 22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Upper Mountain flank 33 b =x b =95 22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Upper Upper third of
mountain flank

66 b =x b =95 22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Upper; N3400 ft. elevation Mountain flank 33 b =x b =95 22, 20, 21, 2, 0,
1, 12, 10, or 11

Mountain slopes Very steep uplands;
extremely stony

Mountain flank 10 b =x b =95

Ridges Mountaintop N95
Ridges Broad; N3400 ft. elevation Mountaintop N95 100
Ridges Broad Mountaintop N95 100
Ridges Broad; N3400 ft elevation Mountaintop N95 100
Ridges Broad; N3400 ft. elevations Mountaintop N95 100
Ridges Narrow—low elevation

mountains and hills
Mountaintop N80 120 or 122 or 121

Ridges Narrow ridgetops on low
elevation mountains
and hills

Mountaintop N80 120 or 122 or 121

Ridges Narrow; low elevation
mountains & hills

Mountaintop N80 120 or 122 or 121

Sinkholes Lower third of
mountain flank

10 b =x b =33 111

Stream terraces Tread 0 b =x b =50 1 b =z b =5 100 or 101
Streams Headwaters of Lower third of

mountain flank
10 b =x b =33 N150,000 101 or 1 or 11

Streams Headwaters of Mountainbase 1 b =x b =10 N350,000 101 or 1 or 11
Terraces Low stream Tread 0 b =x b =10 N1 100 or 101

† Landformkey: 0=backslope, 1=hollow, 2= spur, 10= footslope, 11=hollow foot, 12= spur foot, 20= shoulder, 21=hollow shoulder, 22=nose, 100=plain, 101=channel, 111
= pit, 120 = ridge, 121 = saddle, 122 = peak (Schmidt and Hewitt, 2004).

Fig. 2. The ruleset used to create the terrace raster from relative elevation layers of various
neighborhoods. This was used for training area selection and in decision tree models.
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component map units overlapped, and this was addressed with the
sampling design used for the decision tree ensemble method in the
modeling stage of the project.
2.5. Model implementation

Series training areas were randomly sampled with replacement to
train 100 decision tree models to produce an ensemble model. To ad-
dress a range of training class sizes and overlap in some of the training
areas between soil series, it was deemednecessary to adjust the number
of pixels selected from the training set for tree building for each soil se-
ries or class to be proportional to the original relative area of each series
computed from the SSURGO component percentages, similar to Moran
and Bui (2002). We sampled at 1% of the SSURGO derived proportional
areas for tree building. Class sample sizes averaged 24,595 pixels with a
large standard deviation of 50,372 due to a wide range of soil class area
extents.

Based on experimental trials with data and the use of plurality in de-
cision tree algorithms (Breiman, 1984),we suspected that proportional-
ity would influence detectability of classes. For this reason we tested
three different sampling schemes to determine how scaling the relative
training area proportions of the classes to be predicted would affect re-
sults.We transformed the original SSURGO area estimations of soil class
extents to a square root (SqRt: average class size = 21,454 pixels;
standard deviation = 21,638) and base-ten logarithm (Log10: average
class size = 20,079 pixels; standard deviation = 2027) to allocate pro-
portions of training class sizes to create two more ensemble models to
compare results with the ensemble using original class proportions
(Orig). The SqRt and Log10 transformed proportions were multiplied
into the total study area size and then divided by 100 to produce a
new sample size for each class.

image of Fig.�2
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A more exhaustive set of environmental rasters was used for the
classification (Table 5). The imagery chosen for use, Landsat Geocover,
is a mosaic Landsat product offered by the USGS for 1990 (MDA,
2004b) and 2000 (MDA, 2004a) with Band 7 (mid-infrared), Band 4
(near-infrared), and Band 2 (visible green) spectra. These mosaics
were summarized using principal components analysis in Erdas Imag-
ine (Erdas, 2010) into two components per image that represented
almost all of the variance in each scene. All terrain-based rasters were
derived from the 1-arc second USGS NED (Gesch, 2007; Gesch et al.,
2002).

2.5.1. Decision tree classification
Tree-basedmachine learning techniques have shown great potential

in the modeling of ecology and soil systems (Behrens et al., 2010b; Bui
and Moran, 2001; Bui et al., 2006; Hansen et al., 2009; Henderson
et al., 2005; Minasny and McBratney, 2007; Moran and Bui, 2002;
Schmidt et al., 2008). Generally, these algorithms recursively split a
dataset by picking breaks in covariate data that help to purify or increase
the information content of themodel nodes (branches) (Breiman, 1984;
Pedregosa et al., 2011). The Scikit Machine Learning Tree module
was used in Python for decision tree implementation and follows a
CART implementation (Pedregosa et al., 2011). The algorithm as we
implemented in the Tree module uses Gini impurity to measure the
quality of splits for tree building. Gini impurity is a measure of the het-
erogeneity of classes at a node and isminimized in the tree buildingpro-
cess to try and create leaf nodes with just one class, or a Gini impurity
value of zero (Breiman, 1984). We conducted an informal sensitivity
analysiswith the parameters controllingmaximum tree depth andmin-
imum node split sample size to try and balance model agreement with
training data without over-fitting the tree (with too many branches).
With consideration for the large number of training classes and a com-
plicated and geologically stratified study area, amaximum tree depth of
20, a minimum number of samples to attempt a split of 20, and a mini-
mum leaf size of 5 were chosen for tree building.

2.6. Model performance and validation

Evaluation of the model was done with (i) training set agreement,
user's accuracies, and producer's accuracies (Congalton, 1991) of indi-
vidual trees, (ii) overall comparison of predictions to SSURGO, and
(iii) an independent validation dataset of spatially referenced soil
pedon data. Our predictions and SSURGOwere both compared to the in-
dependent pedons to gauge accuracy. Simple point sampling (nearest
neighbor) and 60-meter radius neighborhood spatial supports were
used in comparisons to allow for some error in the spatial referencing
of covariates, SSURGO, and pedons.

Validation in these spatial supports also included determining if pre-
dictionswere ofmorphologically similar soils. A similar soil was defined
Table 5
List of environmental variables used for classification tree ensembles.

Layer name Description

Slope position 0 to 100 index of hillslope position
Slope gradient Slope gradient of pixel in percent
Southness North/south aspect; −1 is north; 1 is
Eastness East/west aspect: −1 is west; 1 is eas
Planar curvature Curvature parallel to contour line
Profile curvature Curvature parallel to slope fall-line
log10(catchment area) Upstream catchment area log10 trans
Elevation Elevation in meters
Terrace/relative height Stratified relative elevation index
1990 Landsat Geocover PC1 1990 Landsat scene principal compon
1990 Landsat Geocover PC2 1990 Landsat scene principal compon
2000 Landsat Geocover PC1 2000 Landsat scene principal compon
2000 Landsat Geocover PC2 2000 Landsat scene principal compon
Bedrock formations Different bedrock lithology formation
by the following criteria: same parent material type (i.e., alluvium, col-
luvium, residuum, ormine fill), same soil depth class (or within 10 cm),
same texture class in control section or within 15% for all fractions
(including rock fragments), same or similar drainage class (within one
class), and similar horizonation. All criteria were based on U.S. Soil
Taxonomy definitions (Soil Survey Staff, 2010).

Predictions of the individual grid cell co-registeredwith each valida-
tion pedonwere evaluated for agreement and also for confidence based
on the number of trees (out of 100) that predicted themajority class re-
ported for final classification. The agreement between validation pedon
series and the final ensemble predicted series is a strict evaluation of
overall classification accuracy. Evaluating the number of correct under-
lying tree predictions was used to try to estimate uncertainty. We
expected prediction counts, referred to henceforth as prediction fre-
quencies, to be higher for correctly predicted validation site pixels. We
tested to see if correct ensemble predictions had higher prediction fre-
quencies, a scenario we thought would support using the counts to cre-
ate ground truth probabilities that represent confidence or uncertainty
in each grid cell ensemble prediction. This use of prediction frequencies
essentially amounted to creating an empirical uncertainty model.
3. Results

3.1. Training set agreement

Overall tree model agreements with training data averaged 74% for
the original (Orig) sampling design, 71% for the square root (SqRt) sam-
pling design, and 72% for the base-ten logarithm (Log10) sampling de-
sign. These represent the average overall training accuracy for all 100
trees in each design. These agreements were consistent among trees
in each ensemble, with all three having standard deviations of the
agreements under 0.1%. These consistent accuracies indicate that the
approach taken was able to distinguish a considerable amount of
pattern in the covariates from the training areas. User's accuracies
([# correctly predicted class x] / [total # predicted of class x])were con-
sistently high than the producer's accuracies ([#correctly predicted
class x] / [total # actual instances of class x]), which tended to have a
few lower classes (Fig. 3). The transformed designs tended to predict
more of the classes well, although those schemes did not increase over-
all accuracy. We thought that the ability to predict more of the classes
well at similar accuracy made the SqRt and Log10 models more useful.
Upon visual analysis of output maps, SqRt was chosen over Log10 as
the optimal model due to the occurrence of inflated areal extent of
minor soils not thought to exist in such extents (Fig. 4).

For all three models, the classes with the highest combined user's
and producer's accuracies were residual soils, which tended to have
accuracies near 90%, although there were some residual classes that
were predicted with less success (Fig. 3). However, there were some
Reference

Hatfield (1996)
ESRI (2011)

south cosine(aspect−180); ESRI (2011)
t cosine(aspect−90); ESRI (2011)

ESRI (2011)
ESRI (2011)

formed Tarboton (1997)
Gesch (2007), Gesch et al. (2002)
Fig. 2; Section 2.3

ent 1 MDA (2004b), Erdas (2010)
ent 2 MDA (2004b), Erdas (2010)
ent 1 MDA (2004a), Erdas (2010)
ent 2 MDA (2004a), Erdas (2010)
s West Virginia Geologic and Economic Survey (1968)
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Fig. 3.User's versus producer's accuracy summaryfigures. Values are expressed in fractions. Note the generally lower values of producer's accuracy that require a larger x-axis scale inplots.
Each class is represented by its parent material type as indicated in the legend.
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groupings in accuracy based on sample size and parentmaterial (Fig. 4).
Residual soils with a larger training area tend to have the most consis-
tently high user's and producer's accuracy. A training area size disparity
in the producer's accuracies is primarily seen in the Orig model. The
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Fig. 4. Bivariate plots comparing training accuracies versus the size of class training samples f
smaller classes show a much larger range of producer's accuracies in
thismodel;whereas larger classes all have producer's accuracies around
80% (Fig. 4, top right). This pattern is somewhat lost in the SqRt model
and almost reverses in the Log10 model, but in all cases residual classes
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seem to perform the best in general. Colluvial and mine spoil classes
were predicted the next best, and alluvial classes seemed to have con-
sistently lower accuracy than the other parent materials. The three
models also show some visual differences with more heterogeneity of
classes in the Log10 and SqRtmodels, whereas the Origmodel appeared
more dominated by a few larger classes (Fig. 5).
3.2. SSURGO versus disaggregation

Visual comparison of SSURGO and disaggregation results shows that
disaggregation predictions follow SSURGO lines much of the time, but
Fig. 5.Maps created from the models created from original proportions, square root, and
base-ten logarithm sampling ensembles. Soil types are symbolized by unique colors and
are consistent across all three maps.
also show some differences from delineations, likely map unit inclu-
sions, and county line harmonization (Fig. 6). This is illustrated for a
small portion of the study area (Fig. 7) where two multi-component
map units, Pineville–Gilpin–Guyandotte association (PLF) and Gilpin–
Dekalb complex (GdE), were mapped dominantly. Within these map
units the disaggregated map highlights all the named components and
also shows inclusions, such as areas of Dekalb, Laidig, and Craigsville
in PLF. Although these are not listed in the SSURGO database to be
present in PLF, they are listed in the hardcopy manuscript as inclusions
(Delp, 1998). In SSURGO, thesewould fall into “Other soils” components
andwould not be referenced. This result demonstrates that the decision
tree ensemble detected these subtle inclusion areas based on the actual
soil–landscape properties of these soils in other areas of the survey
without having specific information on included soils in the SSURGO
database.

When we compared SSURGO and disaggregation maps directly we
recorded agreements of 65.1% for the Orig model, 61.9% for the SqRt
model, and 56.4% for the Log10 model. Conceptually, these values are
probably low estimates because all map units contain 10%–25% “other
soils,” or inclusions, to whichwe cannotmatch predictions unless all in-
clusions from all map units are added to the database from old soil sur-
veymanuscripts that varywith age in format and content. Therefore, we
saw these as quite high amounts of correspondence between the origi-
nal survey and the disaggregated soil–landscape patterns. We also
noted that the disaggregated map is much more harmonized across
the county line because it is actually mapping soil series, the common
unit to both surveys, as opposed to map units (Fig. 6). This consistency
within the study area is an advantage of training a model across both
surveys.

3.3. Validation using independent pedons

Model predictions agreedwith independent validation pedons 22%–
24% of the time when compared using nearest neighbor spatial sam-
pling. Model predictions agreed with validation 39%–44% of the time
when compared using a 60-meter radius sampling to check for matches
(Table 6). The SqRt and Log10models tended to have slightly higher ac-
curacies than the Orig model through most of the measures. Validation
pedons matched any of the named components in SSURGO map units
39% of the time for the nearest neighbor sampling and 41% of the time
for the 60-meter radius sampling (Table 6). However, if we constrain
validation of SSURGO to just map units with one named component to
make it more conceptually comparable to disaggregation predictions,
the agreement rate drops to 27%, much closer to that of the nearest
neighbor validation of disaggregation models (22–24%).

From these results (Table 6), it appears that the ensemble match
rates nearly double when we expand from a nearest neighbor match
to a 60-meter radius match, whereas the SSURGO matching rates
were relatively unaffected by the matching approach. Although we
expected slightly higher agreement rates by expanding the search radi-
us, this large increase for the prediction models seems to indicate that
there might have been spatial mismatches in the georeferencing of val-
idation pedons to that of themodel spatial data. Thus, the predictions on
the covariate data likely represent the validation soil, but did not always
line up exactly with validation sites due to spatial error. In general, the
60-meter validations were very similar between original SSURGO and
the disaggregation models with even a slight improvement in the
Log10 model performance. Even for the nearest neighbor evaluation
(Table 6), we see that underlying tree models (any tree or 5+ tree)
are detecting the correct soil with similar accuracy to that of SSURGO
just not consistently enough for it to make the plurality required to be
represented in the final hardened ensemble.

Again, it should be noted that 54% of the SSURGOmatches to the val-
idation pedons occurred in multi-component map units where the val-
idation pedon could match any one of the multiple components and be
counted as a match. If the validation pedons are evaluated just for the
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Fig. 6. Maps comparing the SqRt model and the original soil survey map units for Webster and Pocahontas County Soil surveys. Soil types (SqRt model) and map units (surveys) are
symbolized by unique colors.
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sites located in single componentmap units where there is only one soil
to match, the accuracy for SSURGO falls to 27% using the nearest neigh-
bor sampling. This is much more comparable to the disaggregation re-
sults. The validation pedons must also be used with caution because
many of them were classified to taxadjunct or family equivalent level
by NRCS staff. Only 37 of the 87 pedons were fully matched to a soil se-
ries, the rest were used as the closest soil series if they fit the general
concepts for that soil.

3.4. Uncertainty in predictions

An advantage to the randomized sampling in the 100-tree ensemble
models is that the prediction frequencies, or number of trees that
Fig. 7. Map with SSURGO map units overlaying disaggregation prediction
predict a given grid cell outcome can be used as an estimator of confi-
dence in that prediction. So, to see if these frequencies might reflect
the likelihood of a correct prediction we compared their values at cor-
rectly predicted validation sites to those at sites that were incorrectly
classified to see if higher prediction frequencies were associated with
correct predictions. We evaluated the SqRt prediction model, which
we deemed most the consistent performer over all evaluation metrics
(Table 6), for the nearest neighborhood spatial validation. We found
that correctly predicted sites did indeed have higher prediction fre-
quencies in general (Wilcoxon rank sum test, W = 883, p-value =
0.016, one-sided, Fig. 8). The estimated shift in prediction frequencies
from incorrect to correctly predicted validation sites was computed
as 10.99 from sample estimates (95% C.I.: 2.0 to infinity) (R Core
s for the SqRt (square rootsampled) model for part of the study area.
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Table 6
Validation agreement rates for different spatial neighborhoods matching criteria. ‘Series’
matches indicate exact class matches in the final ensemble prediction, ‘series or like’
means the percent of predictions that either matched the validation series or were a
similar soil as defined in Section 2.4, ‘any tree’ refers to at least one of the trees in the
ensemble predicting the correct series, and both the 5+ and 33+ refer to at least that
many trees predicting the correct series. SSURGO matches compared validation pedons
to the original SSURGOmap units. If the validation pedonmatched any of the named com-
ponents in a map unit, it was deemed a match.

Data model

Original Square root Log10 SSURGO

Nearest neighbor Series 22% 24% 24% 39%
Series or like 38% 36% 32% 52%
Any tree 47% 51% 49% –

5+ trees 33% 39% 37% –

33+ trees 24% 25% 24% –

60-meter radius Series 39% 41% 44% 41%
Series or like 61% 64% 62% 56%
Any tree 59% 56% 56% –

5+ trees 44% 51% 51% –

33+ trees 38% 41% 44% –
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Development Team, 2008). This 11% probability shift is not of a large
magnitude, but it does provide evidence that you can be less uncertain
of predictions with higher prediction frequencies.

In further examination, 12 of 67 missed predictions had frequencies
between 90 and 100, while a much higher proportioned 9 of 20 correct
predictions had frequencies between 90 and 100. Reshuffled, 9 of 21
sites with prediction frequencies between 90 and 100 were correctly
predicted, which translates into a ground truth probability of 43% for
making a correct prediction at sites in that interval (Fig. 8d). This
same approachwas applied to the rest of the data in prediction frequen-
cy ranges of 0–0.5, 0.5–0.7, 0.7–0.9 and 0.9–1.0 to create a ground truth
probability step function to represent uncertainty (Fig. 8). If more vali-
dation data were available this could be modeled more continuously
with an empirical function. However, our simple function enabled
mapping of estimated ground truth probabilities because the prediction
frequencies are available for every grid cell.

Although the ground truth probabilities we calculated are rather
coarse, it can still give us an idea of where we are making better predic-
tionswithout needing complicated calculations. Such amap of uncertain-
ty is illustrated for a small portion of the study area (Fig. 9). For context,
the PLF is a sideslopemap unit, the GdE andDrF are summit and ridgetop
map units, and the LdE is a footslope and small drainagewaymap unit. In
Fig. 8.Distributions of prediction frequencies for pixels that correctly predicted (matches) soil s
root disaggregation model: (a) boxplots of all data; (b) distribution of prediction frequencies
points; (d) plot of ground truth probabilities for different ranges of prediction frequencies.
this uncertaintymap, we see that concave higher positions of PLF tend to
have higher uncertainty (lower probabilities), while the more linear to
convex and lower positions of PLF tend to have less uncertainty in predic-
tions (higher probabilities) (Fig. 9).

3.5. Environmental covariate influence on decision tree models

Variable importance values help to determine the most influential
environmental covariates used in the models, thus providing insight
into the original soil survey paradigm. Bedrock geology and elevation
were consistently the most used variables in decision tree breaks
(Table 7). The importance of geology and elevation were expected as
the study area has strong topographic gradients (Fig. 1) and a variety
of contrasting geologic strata (West Virginia Geologic and Economic
Survey, 1968). In initial research, local soil scientists stressed the impor-
tance of lithology and how thewide range of local parentmaterial grain
size and base cation content tended to produce distinctly different
groupings of soil types. This area also includes a large range in elevation
(254 to 1466 m). Slope gradient and slope position were consistently
the third and fourth most used variables, whereas the rest of the vari-
ables had slightly greater differences among relative order of impor-
tance between models. In the less used variables, the 2000 Geocover
PC1 and profile curvature showed themost difference in usage between
models suggesting that the effects of training class sample sizes affected
how these co-varied with soil classes.

Standard deviations of importance values in the ensembles were all
generally low,with amaximumof 1.35%. This indicates that the individ-
ual trees within ensembles were relatively similar and stable. However,
when comparing the different ensemble sampling approaches, the Orig
model shows markedly higher deviation in some variables than the
SqRt and Log10models. These higher deviations are seen almost entire-
ly in the top four most important variables (lithology, elevation, slope
gradient, and slope position). So, even with the overall stability in all
the ensemble models, the Orig model showed less stability than the
others. This instabilitymight have been due to themuch larger disparity
between the sizes of training classes, making patterns in covariates
harder to detect.

4. Discussion

The disaggregation approach presented in this study integrates the
conceptual themes of legacy soil survey into a coherent method to
quantitatively refine documented pedologic patterns. This is done
eries andmisclassified (misses) soil series for the nearest neighbor validation of the square
for misclassified points; (c) distribution of prediction frequencies for correctly classified
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Fig. 9.Maps showing translation of prediction frequencies to ground truth probabilities using the step function from Fig. 8. This extent covers someof the samedata (SqRtmodel) extent as
Fig. 7.
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while maintaining a similar accuracy to the original product, but doing
sowith increased spatial and thematic resolution, and in amore contin-
uous and field-oriented raster format. Our goal was to do this in a
repeatable fashion with data and software that is widely available; a
goal we felt was met. The disaggregation maps we produced may
serve as a first step in soil survey update or distributed as an additional
digital soil map product that could be useful in projects like
GlobalSoilMap. The underlying prediction frequencies can be used in
cell-by-cell weighted averaging of soil class properties to create fuzzy
soil property maps similar to other recent studies (Nauman et al.,
2012; Zhu et al., 2010). The underlying tree ensembles used also help
us understand where predictions are better and where new data may
be needed in efforts to create more accurate maps.
Table 7
Importance values showing how often all covariates were used in each disaggregation model
variation there was within the 100 tree ensembles. Variables are ordered from highest (top) to

Original model Square root m

Variables Importance St. dev Importance

Lithology 30.70% 1.35% 25.27%
Elevation 23.41% 1.13% 20.03%
Slope position 12.91% 0.42% 14.64%
Slope gradient 6.57% 0.18% 8.32%
2000 Geocover PC2 2.79% 0.04% 7.68%
log(catchment area) 4.74% 0.34% 5.11%
Profile curvature 6.15% 0.03% 2.50%
1990 Geocover PC2 2.56% 0.04% 3.03%
2000 Geocover PC1 1.81% 0.03% 2.83%
Planar curvature 2.57% 0.05% 2.56%
Terrace 1.57% 0.06% 2.56%
Eastness 1.76% 0.03% 2.26%
Southness 1.49% 0.03% 2.03%
1990 Geocover PC1 0.97% 0.02% 1.16%
We attempted to leverage prior mappingwork by directly matching
environmental rasters (slope position, slope gradient, and other geo-
morphic metrics) to published descriptions of soil–landscape relation-
ships. By propagating the expert knowledge contained in the original
mapping through to new updated digital mapping products, we can
test this expert knowledge and attempt to model it with modern com-
puting methods. The rule-matching process also provides a direct and
understandableway for soil scientists to help revise thesemodels by re-
fining training areas. Consequently, the quality of the resultant disag-
gregation maps is dependent upon (i) the specificity of the soil–
landscape information contained in the legacy data, (ii) the adequacy
with which the environmental rasters represent the geomorphic char-
acteristics described by this soil–landscape information, and (iii) the
. All models are averaged in right column. Standard deviation values indicate how much
lowest by the averaged column (right).

odel Log10 model All

St. dev. Importance St. dev. Average

0.08% 21.47% 0.09% 25.81%
0.07% 25.07% 0.09% 22.84%
0.10% 15.27% 0.05% 14.28%
0.13% 8.40% 0.12% 7.76%
0.03% 4.45% 0.05% 4.98%
0.04% 4.80% 0.06% 4.88%
0.04% 2.54% 0.06% 3.73%
0.04% 3.20% 0.05% 2.93%
0.04% 3.27% 0.05% 2.64%
0.03% 2.37% 0.04% 2.50%
0.06% 3.35% 0.09% 2.49%
0.03% 2.42% 0.04% 2.15%
0.03% 2.18% 0.04% 1.90%
0.03% 1.21% 0.03% 1.11%
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degree to which the rules intelligibly link the environmental rasters to
the soil–landscape information. There can be some ambiguity in
interpreting the descriptive language used in the SSURGO geomorphic
description and surface morphometry tables, such that it may require
the input of a local soil scientist to properly capture the concepts
contained within the mapping. Consequently, more specific and more
standardized landform descriptions in SSURGO would allow for more
targeted selection and application of environmental covariates and
rule development. With more customized terrain and landform DEM
metrics we anticipate that our approach would yield more representa-
tive training areas. Despite these limitations, decision trees performed
well in interpreting these rules, supporting theories describing a
hierarchal nature of many spatial-environmental soil patterns (Bui
andMoran, 2001; de Bruin et al., 1999;Wielemaker et al., 2001).Within
the mountainous landscapes of southern West Virginia, lithology
and simple DEM-derived terrain attributes (elevation, slope position,
and slope gradient) (Table 7) were adequate for developing and
implementing the disaggregation rules. It is likely that in other settings
there would be other environmental covariates (e.g., compound terrain
attributes, gamma radiometrics, or transformed spectral data) that
would be equally if not better suited for representing soil–landscape
relationships.

In a similar result to that of Moran and Bui (2002), we also observed
that adjusting the proportionality of soil class sampling for model train-
ing can influence how consistently individual classes are predicted.
With a highly skewed distribution of class sizes, smaller classes are
predicted poorly, or not detected at all. Using the original sample
proportions (Orig model), there were three orders of magnitude of
difference between the large and small class sizes, which allowed
the larger, more generalized soils to dominate classifications. However,
the transformed classifications tended to promote better predictions of
smaller classes, and the square root sampling (SqRtmodel) in particular
seemed to maintain the dominance of soils that were mapped exten-
sively while still including less dominant soils. Validation results
seemed to confirm that the SqRt and Log10models showed slightly bet-
ter accuracies across most of the metrics, although these results only
showed slight and not entirely conclusive differences.

4.1. Uncertainty

Uncertainty and validation of digital soil maps have been addressed
by various researchers (e.g., Bishop et al., 2001, 2006; Brus et al., 2011;
Lark and Bolam, 1997; Malone et al., 2011), and have been identified
as a critical evaluation tool to provide for soil map end-users by the
GlobalSoilMap consortium (GlobalSoilMap, 2012; Hartemink et al.,
2010; Minasny and McBratney, 2010). Fully characterizing the error
and uncertainty in predictive models is challenging because there are
many potential sources of error. Any comprehensive assessment of pre-
dictive models must have some independent data to test against that is
properly sampled (Brus et al., 2011), some way to keep track of how
error of input variables propagates through a model (e.g., Bishop et al.,
2006; Hengl et al., 2004; Lagacherie and Holmes, 1997), and some
way to put the errors together into an uncertainty representation
(e.g., Malone et al., 2011). This process is quite tedious, and our simple
uncertainty result lacks a truly representative sampling scheme and
does not comprehensively address all potential errors in the covariates
used. However, it is an informative and understandable approach to
help determine where predictions worked better or worse.

Our findings relating model prediction frequencies to ground truth
accuracies showed the power of randomized ensemble sampling in es-
timating uncertainty in predictions. We looked only at the nearest
neighbor based validation agreements in our uncertainty calculations
(see Table 6), which had lower validation match rates than using a
local neighborhood around validation sites to look for matches (which
acknowledges that there is spatial error in all data being used). Incorpo-
rating the neighborhood validation data to create a ground truth might
result in overall higher ground truth probabilities of onefinding the pre-
dicted soil within a given neighborhood radius of a prediction. This will
be an object of future research as it requires more detailed calculations
and assumptions beyond the scope of this investigation. The situation of
having limited validation sites and modeling data with varying degrees
of spatial resolution and error is a common problem (e.g., Smith et al.,
2012; Yang et al., 2011) and difficult to address in a manner that fully
integrates error at all steps of modeling. This is especially true with
the large number of spatial referencing and raster calculation steps
done in GIS when preparing covariates.

4.2. Future soil survey applications

From a practical perspective, if we can successfully disaggregate leg-
acy soil maps to field scale continuous representations, then they can be
better used for management and understanding ecological processes
and associated dynamics. Disaggregation also offers a way to help aid
in the process of harmonizing the large number of soil survey projects
into more contiguous and consistent products. Having more consistent
soil series distribution maps across the U.S. with a disaggregated
SSURGO product would aid in better understanding and interpretation
of soils in the environment. The current SSURGO product represents
soil variability with aggregated polygon map units with one to four
named soil series components as well as ‘inclusions’ of other soils or
non-soil areas, such that it does not represent the underlying spatially
distribution of soil series (see Fig. 6). The disaggregation methods dem-
onstrated here are a means to use the expert knowledge of underlying
soil–landscape relationships contained within the published SSURGO
database to more explicitly represent our geographic understanding of
soil populations. Disaggregated SSURGO maps can also be translated
into updated soil property maps which can be better used in integrated
modeling in other disciplines.

5. Conclusions

This work demonstrates a method that combines soil–landscape
knowledge, data mining, and machine learning to disaggregate legacy
soil surveys into soil component level maps. Although the technique
uses the original survey spatial data to help determine typical areas
for each soil to use in the training, the original mapping polygon lines
are not used for the final modeling. This technique also does not require
any new field data to create the disaggregated model. However, sparse
field data available for validation was used to help determine perfor-
mance and attempt to determine uncertainty in a spatial representation
from classification tree ensemble probabilities.

The geomorphic inputs that help determine training areas represent
a direct use of the original expert knowledge used to produce soil sur-
veys. Thus, if those geomorphic rule inputs are updated, this offers a
route to be able to iteratively refine the disaggregation product. Other
modeling techniques (e.g., random forest, boosted classification trees)
could also be tested on these training sets. In the surveys used for this
study, we noticed that the rules in the SSURGO database tend to be
less specific than those published in the original hard copy manuscript
as was used by Thompson et al. (2010). This is especially important as
countries like the U.S. try to harmonize and update soil surveys
(Loerch, 2012; Thompson et al., 2012) because new refinements can
then be rerun into updated disaggregation products using the approach
presented.

Our results also offer some insight into the true accuracy of legacy
soil data. Both disaggregation results and original survey data showed
approximately 40% agreement with an independent validation when
some spatial error is allowed inmatching validation sites to predictions.
These results were from a spatially limited validation set from multiple
sources and dates, and as such must be interpreted with caution.
However, these results leave much to be desired, and give us insight
into the future work required to update soil data to standards deemed
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acceptable for modern applications. The uncertainty maps produced
from these efforts are likely to be valuable in helping establish targeted
field collection of new samples to help increase accuracies in the next
generation of digital soil maps that might use disaggregation results as
inputs into new models.
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