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Daniel R. Fuka,1 Amy S. Collick,2† Peter J.A. Kleinman,2 Daniel A. Auerbach,3*‡

R. Daren Harmel4 and Zachary M. Easton1
1 Department of Biological Systems Engineering, Virginia Tech, Blacksburg, VA, 24061, USA

2 Pasture Systems and Watershed Management Research Unit, USDA-ARS, University Park, PA, USA
3 Department of Ecology and Evolutionary Biology, Cornell University, Ithaca, NY, 14853, USA

4 Grassland Soil and Water Research Laboratory, USDA-ARS, Temple, TX, 76502, USA
*C
Ev
E-m
†C
U

‡C
W

Co
Abstract:

Topography exerts critical controls on many hydrologic, geomorphologic and biophysical processes. However, many watershed
modelling systems use topographic data only to define basin boundaries and stream channels, neglecting opportunities to account
for topographic controls on processes such as soil genesis, soil moisture distributions and hydrological response. Here, we
demonstrate a method that uses topographic data to adjust spatial soil morphologic and hydrologic attributes: texture, depth to the
C-horizon, saturated conductivity, bulk density, porosity and the water capacities at field (33 kpa) and wilting point (1500 kpa)
tensions. As a proof of concept and initial performance test, the values of the topographically adjusted soil parameters and those
from the Soil Survey Geographic Database (SSURGO; available at 1 : 20 000 scale) were compared with measured soil pedon pit
data in the Grasslands Soil and Water Research Lab watershed in Riesel, TX. The topographically adjusted soils were better
correlated with the pit measurements than were the SSURGO values. We then incorporated the topographically adjusted soils
into an initialization of the Soil and Water Assessment Tool model for 15 Riesel research watersheds to investigate how changes
in soil properties influence modelled hydrological responses at the field scale. The results showed that the topographically
adjusted soils produced better runoff predictions in 50% of the fields, with the SSURGO soils performing better in the remainder.
In addition, the a priori adjusted soils result in fewer calibrated model parameters. These results indicate that adjusting soil
properties based on topography can result in more accurate soil characterization and, in some cases, improve model performance.
Copyright © 2016 John Wiley & Sons, Ltd.
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INTRODUCTION

Researchers, planners and government agencies often rely
on watershed models to provide insight into the conse-
quences of land management on nutrient and sediment loss
to water bodies (Gassman et al., 2007; Van Liew et al.,
2012; Bosch et al., 2013; Crossman et al., 2013; Niraula
et al., 2013). In many of these models [e.g. Soil and Water
Assessment Tool (SWAT), Generalized Watershed Load-
ing Function, Hydrological Simulation Program—Fortran],
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the representation of runoff generation and other
hydrologic processes is highly dependent upon the soil
and topographic data that are used to initialize the model.
Therefore, accurate characterization of the spatial varia-
tion in soils and topography is essential to meaningfully
initialize watershed models, and this parameterization
exhibits a strong influence on the quality of information
provided by the model.
Topography is one of the key controls of soil develop-

ment (pedogenesis), and the catena, or sequence of soils
along a topographic gradient, provides fundamental insight
into how water moves in landscapes (Jenny, 1941; Foth,
1943; Mitsch and Gosselink, 2000; Lin, 2012). Watershed
models that directly address the interaction of topography
and soils, such as TOPMODEL (Beven et al., 1995),
Distributed Hydrology Soil Vegetation Model (Wigmosta
et al., 1994) and the Soil Moisture Routing model (Zollweg
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et al., 1996; Frankenberger et al., 1999; Easton et al., 2007a,
b) have performedwell in landscapes dominated by variable
source area hydrologywhere saturation excess runoff occurs
(Dunne and Black, 1970). However, watershed models that
are structured around infiltration excess or Hortonian flow
(runoff generation as a function of soil infiltration capacity
rather than saturation state) generally incorporate topo-
graphic features only to define average slopes and to
delineate the basin area that contributes runoff to a reach.
Nevertheless, soil characteristics are critically important to
Hortonian flow-dominated systems (Horton, 1933), and
field-scale models can benefit from extending the influence
of topography on these soil characteristics. Adapting
watershed models, such as the SWAT, to better represent
spatially explicit variation in soil properties as a function of
topographic position promises to improve predictions of
where andwhen runoff occurs, thereby improving amodel’s
ability to inform landscape management decisions.
Unfortunately, direct measurement of many important

soil properties is time-consuming and difficult (Hadzick
et al., 2011; McBratney et al., 2006; Schaap et al., 2001;
Vereecken et al., 2010; Wösten et al., 1995, Wösten et al.,
2001), but pedotransfer function (PTF) models can relate
easily obtained in situ measurements of soil hydraulic
properties such as bulk density, porosity or available water
content to more difficult to characterize properties, such as
saturated hydraulic conductivity and infiltration rate
(Tseng and Jury, 1993; Levi et al., 2015). At least since
Jenny (1941) suggested that parent material, climate, biota,
relief and time were factors controlling soil formation,
PTFs have offered a means to extend limited measure-
ments of soil properties to other physical locations
according to indices of similarity (Bouma, 1989;
McBratney et al., 2003; Levi et al., 2015). This spatial
extrapolation has been accomplished through various
methods including elevation-derived topographic indices,
surface reflectance obtained from remote sensing plat-
forms or some combination of these and other data that
quantify energy inputs to the system (Moore et al., 1993;
Hengl et al., 2007; Nield et al., 2007), especially as digital
elevation models have increased in spatial resolution
through time. The spatial transfer of hydrologic properties
through the landscape is often accomplished through
statistical methods ranging from simple regression to more
complex multivariate regression kriging methods and to a
lesser extent deterministic methods, utilizing the knowl-
edge of soil scientists to develop models of soil prediction
(Minasny et al., 2008; Saadat et al., 2008; Levi et al.,
2015). While advances in PTF research allow estimates of
such properties as soil water characteristics across spatial
scales (Smettem et al., 2004; Sharma et al., 2006; Jana and
Mohanty, 2011), the applications of digital soil mapping
tools for vadose zone modelling are underutilized
(Minasny et al., 2013) and the development of spatial
Copyright © 2016 John Wiley & Sons, Ltd.
PTFs has been minimal (McBratney et al., 2003). Thus,
incorporating such approaches into watershed and field-
scale modelling initializations offers unique opportunities
to improve soil characterization and model performance
(Collick et al., 2014).
Such opportunities include improving the simulation of

runoff generation and shallow transient water tables, which
can be simulated through techniques that infer soil properties
from topographic gradients (Easton et al., 2008, 2011). For
example, Collick et al. (2014) recently demonstrated an
approach to distribute soil properties such as texture and
depth via a PTF. This work combined the spatial distribution
of hydrological characteristics of Moore et al. (1993) with
the hydrological parameter relationships of Saxton and
Rawls (2006). They showed that terrain metrics correlated
well with particle size distribution, organicmatter and depth,
as well as with soil hydraulic properties including hydraulic
conductivity (Ksat) and available water content (AWC).
These relationships are significant because available soil
databases, such as the Soil Survey Geographic Database
(SSURGO), are subject to various uncertainties including
the boundaries of landscape units (i.e. the soil-type
polygons), the extrapolation of pedon point observations
to soil-type polygons and the variable intensity of sampling.
Despite the critical need for soil surveys and the importance
of the resulting maps to natural resource management
(Simonson, 1991), available soil data often fail to provide
relevant hydrologic information for increasingly detailed
studies, often conducted at field scales but over large spatial
extents (Petersen, 1991; Moore et al., 1993).
To address this challenge, we present a new approach

to distribute soil properties according to topography
within the SWAT model. The method seamlessly
integrates the calculation of a topographic index (TI) into
SWAT initialization. The TI is then used to distribute soil
depth, texture, saturated conductivity and AWC that
influence field-level hydrology and thereby nutrient and
sediment loss. To evaluate the approach, we compared
calculated TI values to pedon data collected from soil pits
in the Grassland, Soil and Water Research Laboratory
(GSWRL) Riesel Watersheds near Riesel, Texas, and
assessed the uncalibrated model performance of the
topographically distributed initialization relative to the
current SWAT implementation that incorporates standard
SSURGO data. Further comparison to an unconstrained
calibration of a SWAT initialization for each field
illustrates the strengths and weaknesses of each approach.
MATERIALS AND METHODS

Overview

Initialization of SWAT commonly proceeds via
ArcSWAT, a GIS interface that facilitates model set-up
Hydrol. Process. 30, 4633–4643 (2016)
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and parameterization from soils, land use and digital
elevation datasets (Veith et al., 2008; Nietsch et al., 2009;
Arnold et al., 2010; Winchell et al., 2013). We developed
an ArcMap toolbox for the ArcSWAT interface (ArcMap
versions 10.0 and later) that introduces topographic
attributes without disrupting the standard initialization
process (i.e. no changes to source code or other
supporting files are necessary). This TopoSWAT toolbox
(Fuka and Easton, 2015) acquires and processes the
requisite data layers needed for general SWAT model
watershed delineation, updates the SWAT databases and
creates the necessary SWAT lookup tables to link spatial
data to the databases. To permit global application, this
method uses the FAO-UNESCO Digital Soil Map of the
World (FAO, 2007) as a starting point from which to
distribute parameter values, although any digital soil map
with comparable feature data and supporting databases
could be incorporated. In addition to a standard
ArcSWAT initialization using SSURGO data, we tested
the TopoSWAT approach by comparing model parameter
values and simulation outputs to soil pit data and runoff
observations at the Riesel watersheds.
Watershed description

The Riesel experimental watersheds were established
by the USDA Soil Conservation Service (now NRCS) in
1938 to better understand hydrologic processes in
agricultural watersheds that affect soil erosion, nutrient
Figure 1. Location of the Grassland, Soil and Water Research Laborator
agricultural fields and precipitatio

Copyright © 2016 John Wiley & Sons, Ltd.
cycling, flood events and the agricultural economy
(USDA, 1942; Harmel et al., 2007). The Riesel
watersheds contains 340 ha of federally owned and
operated land in the 2372 ha Brushy Creek watershed
within the 45000km2 Texas Blackland Prairie (Figure 1).
The long-term agricultural management records and
abundance of measurements (Harmel et al., 2014) make
this site ideal for rigorous model comparison.
Surface drainage in the Riesel watersheds is moderate

to rapid after storm events. The highly expansive Houston
Black clay vertisol soils dominate the watershed, with
typical particle size distributions of 17% sand, 28% silt
and 55% clay (Harmel et al., 2007). These deep, well-
drained soils formed from weakly consolidated calcareous
clays with 1–3% slopes in upland areas. This soil has low
saturated conductivity when wet (approximate saturated
hydraulic conductivity of 1.5mm/h), although preferential
crack flow causes high infiltration rates when the soil is
dry (Allen et al., 2005; Arnold et al., 2005). Land use in
the region is divided evenly between grassland and
cropland, with the latter mostly cotton, grain sorghums,
corn, wheat, oats and hay. The grassland is mostly
improved pasture, with native range on the shallower and
steeper soils. Soil erosion is considered a major
management problem in the region (Texas Almanac,
2014). Climate in the region consists of long, hot
summers and short, mild winters (average July high
temperatures are ~35 °C; January low average ~2 °C). The
growing season extends from mid-March to mid-
y experimental watersheds near Riesel, Texas, digital elevation model,
n gauge in central Texas, USA
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November with most of the ~90 cm of annual precipita-
tion delivered during convective thunderstorms in the
summer (Harmel et al., 2006).

Soil pedon data

Data from Holtan et al. (1968) were used to identify,
digitize and geolocate eight soil pits in the Riesel
watersheds. Variables digitized from the report include
the pit ID, soil name, soil texture, depth to the C-horizon,
drainage class, saturated conductivity, bulk density,
porosity and the field capacities at 33 kpa (~field capacity)
and 1500 kpa (~wilting point) tensions.

Field runoff data

The Riesel watersheds have an extensive field-level
runoff collection network with two major monitored
catchments, which together include 10 experimental fields
and three mixed land uses currently monitored, for a total
of 15 flow gages1 (Figure 1). Approximately 1300 gage
years of daily runoff and 700 gage years of soil loss data
are available (Harmel et al., 2014). There is also an
extensive continuously monitored precipitation gauge
network. All data are available at http://www.ars.usda.
gov/spa/hydro-data. Discharge measurements are made
by continuously recording flow levels in a stilling well
located in each calibrated flume or weir structure. ISCO
6700 samplers are installed at each site to automatically
collect water quality samples in each runoff event. Data
were aggregated to daily values for use in this study.

SWAT description

SWAT is a watershed-scale hydrologic and non-point
source pollution water quality model that combines soil,
land use and management information with weather data
to simulate surface and subsurface hydrological processes
and the associated chemical and sediment fluxes. The
meteorological forcing data required to run the model
include precipitation, temperature, relative humidity,
wind speed and solar radiation, although SWAT has the
ability to estimate missing values using a weather
generator. The core SWAT executable is compiled from
FORTRAN and requires a number of carefully formatted
text input files.
The ArcSWAT interface (for ArcGIS 10.1) facilitates

basin delineation, the overlay of spatial data for soils, land
use, elevation and management and the subsequent
parameterization of SWAT from standard databases.
ArcSWAT lumps unique combinations of land use, soil
types and slope classes into hydrologic response units
(HRUs). All HRUs of a given soil type, land use and
1For consistency with NOAA and USGS terminology, ‘gauge’ will refer to
weather sensors, and gage will refer to flow sensors.

Copyright © 2016 John Wiley & Sons, Ltd.
slope class have identical physical representation regard-
less of physical location within a sub-basin. This
aggregation reduces computational complexity while
simultaneously reducing the influence of the underlying
spatial configuration (Easton et al., 2008).

Forcing data. Despite the availability of numerous
precipitation gauges within the research station, we
selected a single, centrally located station (RG89) to
minimize the complexity of performance biases across
sub-basins. While it seems intuitive that the closest
precipitation gauge to each catchment would best
represent the individual catchments, this has been
demonstrated to frequently not be the case both in high-
density (Auerbach et al., 2016) as well as low-density
(Fuka et al., 2014a) precipitation gauge networks. In
addition, unconstraining the study to use the best fitting
precipitation gauge for each specific catchment by
definition would increase degrees of freedom with the
effect of a net increase in total system performance, so the
intention of this study is to use a single central
precipitation gauge as a control allowing the differences
in performances between catchments to be more easily be
represented. Daily maximum and minimum temperatures
are more spatially uniform than precipitation and have less
overall influence on the daily hydrologic mass balance.
Consequently, we derived temperature values from the
closest Global Historical Climate Network (GHCN)
weather station, 15km south of the research station at
Marlin, TX (TX MARLIN 3 NE, GHCN: USC00415611).
Relative humidity, solar radiation and wind speed were
s imula ted us ing SWAT ’s wea ther genera tor
(WGEN_US_First Order).

Spatial data. Elevation data, spatial and tabular
attribute land use data and spatial and tabular soil data
are required data for model initialization. A digital
elevation model with a resolution of 1/3 arcsecond
(roughly 10m) was obtained for the watershed area from
the National Elevation Dataset from the US Geological
Survey National Map service (http://www.nationalmap.
gov). The land use layer for the models was created by
converting shapefiles of the GSWRL field runoff plots to
a raster layer at the resolution of the digital elevation
model (DEM) and then overlaying this map onto the
National Land Cover Database 2011 dataset from the US
Geological Survey National Map service. The default
ArcSWAT values were used for the management
parameters of National Land Cover Database classes. In
order to correctly represent management that occurred on
the Riesel watersheds, a SWAT-specific database was
developed that included dates and operation types for
crop planting, tillage, fertilization and harvest. These data
are available for every runoff plot represented in the study
Hydrol. Process. 30, 4633–4643 (2016)
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Table I. Differences in total HRUs from resulting change in slope
classes (no. of slope class) and soil database resolution (no. of

distinct soils)

SSURGO soils Distributed soils

No. of distinct soils 33 20
No. of slope classes 2 1
Total HRUs 918 900
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(http://www.ars.usda.gov/spa/hydro-data), with over 1000
specific management operations included in the SWAT
management tables. For the standard SWAT initialization,
SSURGO spatial layers were downloaded from the
USDA WebSoilSurvey service, and soil attributes were
obtained from the SSURGO database established for
SWAT (Sheshukov et al., 2012).

TopoSWAT. The TopoSWAT initialization replaces the
SSURGO soil layer with soil parameters that are
dynamically distributed from a spatial combination of
the FAO-UNESCO Digital Soil Map of the World (FAO,
2007) and TI classes based on the base digital elevation
data (Fuka and Easton, 2015: Available at: 10.6084/m9.
figshare.1342823). The TI [Equation 1] represents the
propensity of a landscape unit to soil saturation and
subsequent runoff generation by combining two impor-
tant controls on these processes: the upslope contributing
area (α) that drains through any given point and the local
slope gradient (tan β) (Beven and Kirkby, 1979; Easton
et al., 2008).

TI ¼ In α=tanβð Þ (1)

Our approach requires that two or more TI classes be
defined for the smallest SWAT sub-basin area in the
initialization. For this study, a raster of TI values was
resampled to create a TI class layer by division into 10
equal area classes, ranging from TI class 1 (the 10% of
the watershed with the highest TI) to a TI class 10 (the
10% of the watershed with the lowest TI). The method
could accommodate other numbers and modes of class
division, but the 10 equal area increments addressed
upslope, midslope and downslope differences and
allowed alignment with the smallest area on which
management could be performed. The default
TopoSWAT protocol used for this study varied each soil
parameter by ±15% of the mean relative to 10 TI classes.
Users familiar with the watershed of interest could adjust
these percentages across a wider or narrower range
(although we are performing this study as if the basin was
ungaged and no expert knowledge of the basin is
available). Field capacity, wilting point soil moisture
capacity and AWC were calculated using the soil water
characteristic relationships from Saxton and Rawls (2006)
and applied to the TI-based soils in the model. In order to
examine the potential benefits of the methodology for
modelling ungaged basins and data-scarce areas, soil
parameters were not further adjusted to fit pedon
measurements in the watershed.
A single slope class is used during HRU delineation

to avoid accounting for slope twice within the
TopoSWAT initialization [note slope is explicit in
Equation 1]. Two slope classes were used for the
Copyright © 2016 John Wiley & Sons, Ltd.
SSURGO-based initialization, given the relatively flat
topography and to ensure consistency with the
TopoSWAT-distributed soil initialization. This yielded
similar number of HRUS (Table I, n=918 and n=900
for the SSURGO-based and TopoSWAT respectively),
making the new method computationally similar to the
traditional initialization methods.

Analysis

We first compared the topographically distributed soil
data and SSURGO-derived soil data to the measured pit
data at eight locations in the Riesel watersheds that were
well distributed across the TI classes.
Within SWAT, model performance, measured as

goodness of fit to observed runoff, was employed to
evaluate the SSURGO-based and distributed TopoSWAT
initializations without calibration. Uncalibrated perfor-
mance provided an indication of how these approaches
might perform in ungaged locations and prevented inter-
parameter compensation (e.g. storage contributions from
adjusting AWC may be compensated by for by soil
depth), which often occurs during calibration in multipa-
rameter watershed models and complicates inferences
regarding model results. In addition, we assessed the
default (uncalibrated) performance of these initializations
against simple SWAT model initializations (three sub-
basins, 3 HRUs per sub-basin) that were individually
calibrated to each runoff station. Calibration of each
runoff station was performed using the Differential
Evolution Optimization package (Ardia and Mullen,
2009) coupled to the SWATmodel package (Fuka et al.,
2014b) in R (R Core Team, 2013). The calibration was
performed for years 2000–2008 with a 2-year warm-up
period. Calibrated parameters are shown in Table II.
RESULTS

Relationships between TI classes and measured soil
properties

TI classes and soil pedon data exhibited significant
correlations, as predicted by Moore et al. (1993). This
result fit with the expectation that downslope soil
Hydrol. Process. 30, 4633–4643 (2016)
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Table II. Calibrated parameters used for Differential Evolution
Optimization, within an initial range published in the literature

Variable Definition Range

GW_DELAY Groundwater delay (days) 1–180 days
ALPHA_BF Baseflow alpha factor (1/days) 0–1
SURLAG Surface runoff lag time (days) 1–180 days
GWQMN Threshold depth of water in the

shallow aquifer (m)
1–200mm

CNII Average SCS CN II value 40–85
RCHRG_DP Deep aquifer percolation fraction 0–1.0
REVAPMN Depth of water in the aquifer

for revap (mm)
0–500mm

GW_REVAP Groundwater revap coefficient 0–0.2
ESCO (HRU) Soil evaporation compensation

factor
0.2–0.99

EPCO (HRU) Plant uptake compensation factor 0.2–0.99
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movement into areas with higher TI classes generates
deeper soils with higher clay content and lower saturated
conductivity than lower TI classes (Figure 2a–f). The
strongest correlations with TI class were evident for field
capacity at 33 kpa, porosity and AWC (Figure 2c, d, f,
respectively). Soil depth, saturated conductivity (Ksat)
and bulk density were also correlated although not as
strongly (Figure 2a, b, d, respectively).

Soil parameter values at initialization

Parameter values in the standard SSURGO-based
initialization poorly represented the measured soil
Figure 2. Relationship between TI class and measured soil depth (a), Ksat (
pedons at the Rie

Copyright © 2016 John Wiley & Sons, Ltd.
features at the locations corresponding to sampled
pedons (Figure 3). The SSURGO data show an
unrealistically deep maximum soil depth value across
the landscape (red ‘+’ in Figure 3a) and consequently
over-predicted AWC (Figure 3c). In contrast, the
dynamically distributed soil initialization via TopoSWAT
produced parameter values for soil depth and AWC that
more accurately reflected measurements and the varied
soil depths of this region (Figure 3).
Neither initialization estimated Ksat accurately, but

variability inKsatwas better captured by the topographically
distributed soils. An outlier Ksat value (measured at
>60mm/h) was significantly higher than the characteristic
regional values and especially poorly estimated.
Clear differences in the accuracy of initial estimates

were apparent for AWC values, with the SSURGO
initialization substantially over-predicting measurements
(especially at low values). The TopoSWAT values fell
much closer to the 1 : 1 line, with the tendency to over-
predict low AWC and under-predict high measurements.

Hydrologic model performance comparison

Both SWAT model initializations resulted in similar
uncalibrated performance, measured in terms of daily
NSE for field runoff. The topographically distributed soils
outperformed SSURGO in 7 of 15 fields, while SSURGO
was superior in the remaining 8 (Figure 4; Table III).
Performance differences were small, however, with the
maximum absolute difference =0.07 (Figure 4f). Model
b), field capacity (c), bulk density (d), porosity (e) and AWC (f) for soil
sel watersheds

Hydrol. Process. 30, 4633–4643 (2016)



Figure 3. Comparison of soil pedon values at the Riesel watersheds
against the default parameter initializations from ArcSWAT using the
standard SSURGO initialization (red +s) and the default TI-
distributed soils (black dots). Deviation from the 1 : 1 line of
estimated (y-axis) versus measured (x-axis) reflects the accuracy of
the initialized values. The regression line and Pearson’s R2 correlation
coefficient for the dynamically distributed soils are shown in panels
for (a) soil depth (ZMX), (b) Ksat and (c) AWC. The outlier in Ksat,
which is uncharacteristic of regional soils, was excluded from the

regression in (b)
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performance was modestly better in fields with larger
catchment area (Figure 4 and Table III), but dynamically
distributed soils performed better than SSURGO in the
smaller catchment areas (Figure 4f; Table III).
After calibrating the models, the mean performance

improvement in each basin was an NSE increase of 0.12
(Table III). However, the magnitude of increased NSE
varied across basins (standard deviation/range, Table III).
Field Y14, a poorly performing field in both initializa-
tions, had an NSE increase of 0.28 with calibration (from
NSE of 0.41 to 0.69). Furthermore, the uniformly poor
performance of the smallest fields (P1–P4, four runoff
plots aggregated as field PS) demonstrated the influence
of modelling and or input data limitations rather than the
initialization or calibration approach (Table III).
DISCUSSION

In the context of known relationships between TI and soil
characteristics in saturation excess-dominated soils
(Ciolkosz and Waltham, 2000; Buchanan et al., 2014),
these results support the use of topographic data and
analyses to create spatially distributed soil maps for
hydrological modelling purposes in infiltration excess-
dominated soils, especially where high-resolution soil data
are not available. Soil scientists have historically focused
on the vertical relationships of soil horizons and soil-
forming processes (Buol et al., 1989), rather than the
horizontal relationships that are important in describing
water movement across and through a landscape (Easton
et al., 2008; Collick et al., 2014). Spatial soil patterns are
typically represented as choropleth maps with discrete
lines representing the boundaries between map units
(Moore et al., 1993). Nevertheless, these divisions may
reflect political, land cover or some other arbitrary
boundary and may poorly capture the heterogeneity of
vadose zone properties and processes. Moreover, the
sampled pedon, which forms basis for map unit values,
may be many kilometres from a point of interest, and the
range of values for attributes describing hydraulic
properties can vary by an order of magnitude or more as
shown in Figure 3. Thus, the use of topographic data to
infer spatial variability in soil properties can help to meet
the demand for increasingly high-resolution modelling
when resources are unavailable for conventional sampling.
Furthermore, this approach allows hydrologic modellers to
take full advantage of the steadily increasing resolution of
DEMs to enhance soil characterization via the best
available datasets (e.g. with Light Detection and Ranging
and drone imagery rather than satellite sensing).
The model performance without calibration elucidates

the benefits of the topographically distributed soil
parameters, as calibration risks decoupling parameter
Hydrol. Process. 30, 4633–4643 (2016)



(a) (b)

(c) (d)

(e) (f)

Figure 4. Performance for each runoff station ArcSWAT initialization using SSURGO (a), ArcSWAT initialization using dynamically distributed soils
(b), for individually optimally calibrated 9HRU SWAT initializations (c), the difference in performance between the dynamically distributed soils
initializations and optimal individual station calibration (e) and the difference in performance between the dynamically distributed soils and SSURGO

soils initializations (f). A map of station names (d) is included for cross reference with the results in Table III
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values from the inferred hydrologic processes. For
example, the parameters AWC, soil depth and saturated
conductivity can compensate for each other in influencing
basin outflow, despite their unique effects on soil chemistry
and hydraulics. While it is possible to numerically coerce
models of both soil representations to match the outlet
runoff, the act of calibration permits inter-parameter
compensation and can reduce the mechanistic meaning
of the model. This can result in non-repeatable and
unrealistic parameter sets (Vitek and Kalibera, 2012) and
may hinder evaluation of potential management scenarios
that are modelled using parameter adjustments.
Copyright © 2016 John Wiley & Sons, Ltd.
The default parameter set from the dynamically
distributed soil initialization therefore represents the
combination of independent physical data regarding soil
attributes with the known variation in hydrologic processes
that are a result of topography, a detail that the current best
available soil maps often miss. This can permit a better
understanding of the allocation of model uncertainty
among structural, data and observation components. For
example, both implementations tended to misrepresent the
storage but did so in different manners. The SSURGO-
based initialization captured baseflow fairly poorly,
sometimes under-predicting and sometimes over-
Hydrol. Process. 30, 4633–4643 (2016)



Table III. Performance for each runoff station for an optimal calibration at the runoff station, an uncalibrated ArcSWAT initialization
using SSURGO data, an uncalibrated ArcSWAT initialization using dynamically distributed soils and the difference in performance

between the dynamically distributed soils and SSURGO soil initializations

NSEs

Runoff station Area (ha) Calibrated single basin/field SSURGO TopoSWAT TopoSWAT-SSURGO
Y 125x.0 0.77 0.61 (�0.16) 0.60 (�0.17) �0.02
W1 71.2 0.79 0.64 (�0.15) 0.64 (�0.15) 0.00
Y2 53.4 0.82 0.73 (�0.09) 0.69 (�0.13) �0.04
W6 17.1 0.83 0.71 (�0.12) 0.69 (�0.14) �0.02
Y10 8.5 0.84 0.71 (�0.12) 0.73 (�0.11) 0.01
Y6 8.5 0.83 0.72 (�0.11) 0.67 (�0.16) �0.05
Y8 8.4 0.87 0.74 (�0.13) 0.68 (�0.19) �0.06
W10 8.0 0.54 0.33 (�0.21) 0.36 (�0.18) 0.03
Y13 4.6 0.80 0.68 (�0.13) 0.68 (�0.12) 0.00
W13 4.6 0.82 0.62 (�0.20) 0.68 (�0.13) 0.07
W12 4.0 0.82 0.65 (�0.16) 0.68 (�0.14) 0.03
Y14 2.3 0.69 0.41 (�0.28) 0.41 (�0.29) �0.01
SW17 1.2 0.68 0.65 (�0.03) 0.59 (�0.08) �0.05
SW12 1.2 0.60 0.53 (�0.07) 0.55 (�0.05) 0.02
PSa 0.4 0.23 0.29 (0.06) 0.22 (�0.01) �0.07

Runoff stations are listed in order of size of contributing area.
a Fields P1–P4 were aggregated into one area for model simulation, called PS.
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predicting, in part because of the single, unduly large soil
depth value and the higher than measured AWC. This
artificially high soil storage resulted in an increase in base
flow as an absorbed moisture front in the soils seeping into
the storage below the soil profile.
While this study was performed to clarify the confidence

with which this methodology could be applied to ungaged
basins and data-scarce areas, the relationship between TI
class and pedon measurements suggests that additional
pedon data could help to establish a better characterization
of soil parameters in a basin by refining the TI divisions.
The age and limited number of pedons in this area hindered
a cross-validation study (i.e. leave-one-out replicates) to
further examine how the quantity of available measure-
ments might affect the soil parameter distribution.
Model computational time, as well as the computational

input and output requirements, for a simulation increases
linearly with the number of HRUs that are used in a SWAT
model, and it is common that the bulk of the computational
time for a SWATmodelling project is used in the calibration
of the model. An additional benefit to the distributed soil
method is that a better representation of the soil parameters
decreases the need to calibrate several of the most sensitive
soil parameters (Van Griensven et al., 2006), which can
significantly reduce the amount of calibration required; a
portion of this increase is compensated for by the removal of
the requirement to add slope classes, traditionally starting at
3, as well as the ability to decrease the number of base soil
types when using lower resolution soils maps like FAO.
Initial perception for this methodology could consider

the resulting parameterizations more complex, but the
method for initialization is in fact simpler. The more
Copyright © 2016 John Wiley & Sons, Ltd.
complex parameterization comes from lower density soil
classification data that is currently distributed with the
TopoSWAT initialization system for the entire globe, and
parameters distributed with TI that is calculated from the
DEM, already required. The traditional watershed param-
eterization requires a user to locate and download an
additional soil map and download, add to the project
database and perform quality checks on additional
corresponding soil reference tables, steps not required
for the methodology presented here.
In this study, the ArcSWAT initialization using

dynamically distributed soils consistently produced
greater flows relative to the SSURGO-based soils. This
suggests the applied relevance of the proposed approach,
whereby inaccuracy because of spatial homogeneity of
soil parameters risks inaccurate evaluation of manage-
ment alternatives dependent on these soil parameters.
Underestimating high flow events could lead to less
conservative predictions regarding nutrient, sediment and
pesticide transport in a management planning context.
CONCLUSION

Ultimately, the goal of this research is to identify the source
areas of nutrient and sediment loss more accurately and
precisely, although in this article, we focus onways to better
represent the soil system within the model. Refining the soil
properties for SWAT model initialization can elucidate
where high runoff potential and high nutrient availability
intersect, thereby better informing spatially targeted
agricultural and water resource management decisions.
Hydrol. Process. 30, 4633–4643 (2016)
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While this method only improved the model perfor-
mance in 7 out of 15 basins, better representation of the
parameters controlling the processes within the field is
important, even if the benefit may not be fully realized at the
outlet. The net effect of the method has the added benefit of
reducing the calibration needs of the model, as removing
soil depth, Ksat field capacity, bulk density, porosity and
AWC from the calibration process decreases the number of
iterations the calibration process will require before
optimum performance will be achieved. In addition,
decreasing the number of calibrated parameters increases
the probability that a parsimonious model will result.
This study demonstrated that in an ungaged location, a

generalized soil distribution may not represent the soil
system as well as is possible, and indeed, further
knowledge can be used to better develop a relationship
describing soil genesis and ultimately water quality
impacts. Topographically distributed soils can better
represent the spatial heterogeneity of soil properties, and
further work should explore how the increasing avail-
ability of high-resolution elevation data can be best
coupled with existing soil datasets.
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