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ABSTRACT

Soil depth and texture exert strong controls on the spatial 
distribution of water and energy fluxes and states in semiarid 
watersheds. As a result, realistic representations of the spatial soil 
characteristics within watersheds are important for the improvement 
of process-based distributed hydrologic modeling applications. In 
this study, we evaluated the effects of combinations of soil thickness 
and soil texture products with varying spatial distributions to assess 
their effects on the simulated hydrologic response in the semiarid 
Sierra Los Locos watershed in Sonora, Mexico. The main findings of 
the hydrological simulations show that soil texture exerted a strong 
control on evapotranspiration and soil moisture patterns, while 
soil thickness was directly related with the magnitude and range 
of the simulated values. Furthermore, soil texture patterns were an 
important factor controlling the spatial and temporal persistence of 
soil moisture which is highly evident during the transition from dry 
to wet conditions in the North American monsoon region. Once 
vegetation cover increases in the watershed in response to seasonal 
rainfall, the influence of soil texture decreases for determining the 
spatial distribution of the simulated hydrologic response and soil 
thickness becomes more important. Spatially-variable soil thickness 
tends to create soil depressions that store and transmit subsurface water, 
leading to large spatial variations in soil moisture, evapotranspiration 
and runoff generation. The results of this study highlight the sensitivity 
of estimated water fluxes and states with respect to the spatial 
distribution of soil depth and texture as obtained in a distributed 
hydrologic model representative of modern approaches. Finally, this 

research work offers insight into the importance of field studies and 
remote sensing approaches to better characterize these watershed 
properties. 

Key words: Distributed hydrologic modeling; soil depth; sensitivity 
analysis; arid and semiarid hydrology; spatial patterns, Sierra Los 
Locos; Sonora; Mexico. 

RESUMEN

La profundidad y textura del suelo ejercen un control fuerte sobre 
la distribución espacial de los flujos de agua y energía en cuencas 
semiáridas. Como resultado, la representación espacial realística de las 
características del suelo son de suma importancia para el mejoramiento 
de las aplicaciones de los modelos hidrológicos basados en procesos. En 
este estudio evaluamos los efectos de diferentes combinaciones de varias 
distribuciones espaciales del espesor de suelo y su textura para estimar 
sus efectos en la respuesta de simulaciones hidrológicas en la cuenca 
semiárida Sierra Los Locos en Sonora, México. Los principales resultados 
de las simulaciones hidrológicas muestran que la textura de suelo ejerce 
un fuerte control en los patrones espaciales de evapotranspiración y 
humedad de suelo mientras que el grosor del suelo está directamente 
relacionado con la magnitud y rango de los valores simulados. Además, 
los patrones de distribución de textura de suelo fueron un factor muy 
importante en el control de la persistencia temporal y espacial de 
humedad de suelo la cual es muy evidente durante la transición de 
condiciones secas a húmedas en la región del Monzón de Norteamérica. 
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Una vez que la cobertura vegetal se incrementa en la cuenca en respuesta 
a la estacionalidad de la lluvia, la influencia de la textura de suelo decrece 
en la determinación de la distribución espacial de la respuesta hidrológica 
simulada y la profundidad del suelo comienza a ser más importante. El 
espesor del suelo variable en el espacio tiende a crear depresiones por 
debajo de la superficie que almacena y trasmite agua subterránea, dando 
lugar a grandes variaciones en humedad del suelo, evapotranspiración 
y generación de escorrentía. Los resultados de este estudio ponen de 
manifiesto la sensibilidad de los estados y flujos de agua estimados con 
respecto a la distribución espacial de la profundidad y textura del suelo 
obtenido en un modelo hidrológico distribuido representativo de enfoques 
modernos. Finalmente, este trabajo de investigación ofrece una idea de 
la importancia de los estudios de campo y métodos de teledetección para 
caracterizar mejor las propiedades de las cuencas hidrográficas

Palabras clave: Modelo hidrológico distribuido; profundidad del suelo; 
análisis de sensibilidad; hidrología; zonas áridas; zonas semiáridas; 
patrones espaciales; Sierra Los Locos; Sonora; México.

INTRODUCTION

Soil depth and texture exert strong controls on water and energy 
fluxes at the ground surface affecting their spatiotemporal distributions 
in watersheds (Saxton and Rawls, 2005; English et al., 2005). It is widely 
accepted that thin soils lead to the production of saturation-excess 
overland runoff, while thicker soils have more storage capacity, thus 
controlling biotic and abiotic processes (Bertoldi et al., 2006; Tromp-
Van Meerveld and McDonnell, 2006; Gochis et al., 2010). Soil depth 
(or thickness) acts as a main reservoir for water in semiarid watersheds 
and affects plant transpiration and carbon fixation in ecosystems 
depending on the temporal and spatial availability of soil moisture. 
Similarly, soil texture (or particle size distribution) controls the sto-
rage and infiltration capacity of a soil profile leading to variations in 
soil water content and its dependent hydrologic processes. For these 
reasons, accurate spatial representations of soil depth and texture are 
important to identify the spatial patterns of hydrologic processes and 
their connectivity, as well as their persistence in time and space (e.g., 
Vivoni et al., 2008a; Pelletier and Rasmussen, 2009; Nicótina et al., 
2011). Nevertheless, these soil properties are highly variable within a 
watershed due to the complex interactions between topography, climate 
and biophysical processes. Thus, determining the spatial distribution 
of soil thickness and texture remains an open question in Geosciences. 

The use of topographic attributes, such as elevation, slope and 
curvature, is a promising approach for estimating the spatial distri-
bution of soil depth. A common set of methods is based on empi-
rical relations between local terrain attributes and the soil thickness 
observed at a limited number of sampling sites (e.g., Moore et al., 
1993; Gessler et al., 1995; Saulnier et al., 1997; Heimsath et al., 1999, 
Catani et al., 2010). These methods have the capacity to overcome the 
need for a large number of soil depth observations that are difficult 
and time-consuming to obtain. When soil thickness varies spatially 
within a watershed, we would expect significant spatial differences in 
soil moisture, evapotranspiration and runoff production dictated by 
the soil depth patterns. Identifying whether this is the case is possible 
through the use of a numerical watershed model that accounts for 
the hydrologic processes in semiarid regions where terrain attributes 
have a strong control on soil distributions. Only a few studies have 
focused on the importance that soil thickness exerts on hydrologic 
processes in semiarid regions with complex topography (e.g., Gochis 
et al., 2010; Cuo et al., 2011 ; Rahimy, 2012; Garambois et al., 2013). 
However, in these studies, the spatial patterns of hydrologic states and 

fluxes typically have not been investigated. Furthermore, the controls 
of soil texture and its interaction with soil depth are often ignored 
by, for example, assuming a homogeneous soil type in the watershed. 

Including the spatial distribution of soil texture is essential for de-
picting hydrologic properties, such as hydraulic conductivity, porosity 
and water holding capacity. Nevertheless, existing soil texture maps 
are often very coarse since these are based on limited soil sampling 
sites and interpolations using mapped topographic or geological units. 
Recent studies have shown that soil texture correlates with radiances 
in the visible and near infrared regions (Zhang et al., 1992; Sullivan et 
al., 2005). This characteristic allows for the use of multi-band remote 
sensing imagery to infer soil texture from satellites at high spatial 
resolutions (ranging from 15 to 90 m, depending on the satellite 
used). The role played by the spatial distribution of soil texture on the 
hydrologic response in a watershed can be quantified using a nume-
rical watershed model able to represent the spatial variations in soil 
hydrologic properties at high resolution. This spatial control is often 
ignored in modeling studies which assume a single soil texture map 
that is typically coarser in resolution than the terrain or vegetation 
properties represented in the model. 

In this study, we evaluate the effects of distributed soil depth 
and texture representations on the water and energy fluxes within a 
semiarid watershed of northwest Mexico. The study site was selected 
for its complex terrain leading to spatial variations in both soil depth 
and texture that affect hydrologic conditions during a wet summer 
season related to the North American monsoon (NAM). Thus, while 
the region is considered to be semiarid, Vivoni et al. (2010) suggest that 
the watersheds in the NAM region are ‘seasonally wet’ with sufficient 
soil moisture to induce downslope lateral transport that is impacted 
by the distribution of soil depth. The arrival of intense storms during 
the NAM (Mascaro et al., 2014) also implies that the soil textural 
controls on infiltration-excess overland flow are important within 
the watershed. We combine a diverse set of tools and datasets in this 
study, including: (1) a distributed hydrologic model tested thoroughly 
against field observations (Vivoni et al., 2010; Méndez-Barroso et 
al., 2014), (2) a set of soil depth observations including particle size 
distribution and (3) geospatial data layers from remote sensing used 
to conduct terrain analyses and soil mapping. Simulations during the 
Soil Moisture Experiment 2004 (SMEX04) were conducted for different 
combinations of soil depth and texture maps with a hydrologic model 
known as the Triangulated Irregular Network (TIN)-based Real-time 
Integrated Basin Simulator (tRIBS, Ivanov et al., 2004; Vivoni et al., 
2007b). This hydrologic model has been used effectively in prior 
studies to identify the controls related to terrain and soil conditions 
on the spatial patterns of the hydrologic response (e.g., Vivoni et al., 
2010; Mahmood and Vivoni, 2011; Robles-Morúa et al., 2012), but the 
combined sensitivity to spatial representations of soil depth and texture 
has not been investigated. 

Although we have tested only one model, the hydrological model 
tRIBS shares common features with a wide range of process-based (or 
physically-based) hydrological models. Many current process-based 
models basically share the same structure in terms of process descrip-
tion, techniques of solution and model approach (see reviews by Singh 
et al., 2002; Fatichi et al., 2016). Modern process-based hydrological 
models (such as tRIBS) represent or estimate water fluxes and states 
by incorporating the spatial variability of meteorological forcings, the 
representation of the topographic features and the heterogeneity of land 
surface characteristics. At the same time, these models can resolve the 
lateral and vertical subsurface fluxes within a representative elemental 
unit. Therefore, these models require solving partial differential equa-
tions in three spatial dimensions and time which require numerical 
methods such as finite difference or finite element techniques. Similarly, 
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tRIBS and other hydrological models are based on the integration of 
multiple process components that represents the dynamics in a wa-
tershed at a higher integrated scale. This latter is known as “bottom 
up” model approach. Furthermore, flow pathways in distributed 
process-based models, especially for shallow groundwater movement, 
typically rely on the assumption that these pathways are controlled by 
catchment topography. However, this assumption is valid for shallow 
soils underlain by impermeable bedrock. Recent modeling research has 
found that bedrock topography exerts a stronger control in downslope 
groundwater flows rather than surface topography (MacDonell et al., 
1996). Despite these recent findings, the role of bedrock topography 
on the spatial variations of groundwater fluxes and the generation of 
runoff is still poorly understood.

METHODS

Study Watershed
The study watershed is the Sierra Los Locos (SLL, 93.2 km2) basin 

located east of the small rural town of Opodepe, Sonora, and about 
150 km northeast of Hermosillo, Sonora, Mexico. Figure 1 shows the 
location of SLL watershed that is nested inside the Rio San Miguel 
(3,796 km2) with its elevation characteristics. Elevation data at 30 
m resolution from the Advance Spaceborne Thermal Emission and 
Reflection Radiometer (ASTER) was utilized to derive the topographic 
attributes (e.g., elevation, slope, curvature and topographic index) as 
well as the watershed boundary and stream network. Total relief in 
the watershed is 1,035 m, with the lower elevations dominated by 
subtropical scrubland, while oak woodlands and grasses dominate 
higher elevations (Vivoni et al., 2007a, 2010; Méndez-Barroso et al., 
2009; Méndez-Barroso and Vivoni, 2010). Local topography influences 
the mean annual rainfall, which ranges from 500 to 700 mm/yr, with 
close to 70% of the annual amounts falling during the NAM from 
July to September (Xiang et al., 2014; Mascaro et al., 2014). Several 
studies in the NAM region have shown that rainfall seasonality leads 
to large changes in vegetation greenness which affect water and energy 
fluxes (e.g., Dominguez et al., 2008; Forzieri et al., 2011, 2014; Tang 
et al., 2012; Vivoni, 2012; Méndez-Barroso et al., 2014). As a result, 

it is important to incorporate the seasonal variations in rainfall and 
vegetation properties when identifying the role of soil thickness and 
texture on the spatial distribution of hydrologic processes in the wa-
tershed during the North American monsoon. As described later, the 
hydrologic model used here has the capability to account for dynamic 
changes of vegetation properties and hydrometeorological forcings.

Soil thickness and soil texture sampling
Two soil sampling activities were carried out in August 2007 in the 

SLL watershed (Vivoni et al., 2010), consisting of: (1) the estimation of 
soil depth from six soil pits and (2) the sampling of surface soils (0 to 5 
cm depth) at forty-two locations distributed from the basin headwaters 
to the outlet. Because of limitations in site accessibility, we focused 
the sampling activities close to the main unpaved road traversing the 
watershed along an elevation transect. Figure 1b shows the location 
of soil pits (dark squares) and surface soil samples (triangles). Soil 
pit records, containing soil thickness and texture, were obtained at 
representative locations with varying characteristics such as elevation, 
slope and vegetation cover. The soil thickness was determined when 
an impermeable soil horizon was found. Soil samples were analyzed 
in the laboratory to determine particle size distribution (texture) and 
bulk density. Bulk density was estimated by the clod method (Blake, 
1965), while the relative masses of sand, silt and clay were obtained 
through the “Pipette” method (Gee and Bauder, 1986). The soil textural 
class was found using the USDA triangle method based on the results 
from the particle size analysis. 

Estimation of the spatial distribution of soil thickness
We used several empirical models to estimate soil thickness based 

on the topographic features obtained from the 30 m ASTER elevation 
map. First, we applied the approach of Saulnier et al. (1997) that assu-
mes a linear decrease between soil thickness and elevation (referred 
to here as the S-Z-97 method). In this approach, the soil depth (hi) 
for pixel i is:

  (1)

where zi is the pixel elevation, zmin and zmax are the minimum and maxi-

h h
z z

z z
h hmax minmax

max min

min

i

i= - -
- -

Figure 1. (a) Location of the Sierra Los Locos (SLL) watershed in the Rio San Miguel, Sonora, Mexico. (b) SLL elevation with the watershed boundary, stream 
network, field sites (soil pits and surface soil sampling sites) and the spatial extent of NLDAS-2 forcing fields. 
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mum elevations in the watershed and hmin and hmax are the minimum 
and maximum observed soil depths. Elevation values were extracted 
at the location of the soil pits from the 30 m ASTER digital elevation 
model while hi was computed with ArcGIS 10.1 raster calculator. 
Saulnier et al. (1997) also developed an alternative method for soil 
depth estimation assuming a linear relation between soil thickness and 
terrain slope (referred to here as the S-S-97 method) as:

(2)

where tan θi is the local calculated slope in degrees and tan θmin and 
tan θmax are the minimum and maximum slopes in the watershed. 
Terrain slope was calculated using ArcGIS 10.1 (Spatial Analyst) using 
the ASTER digital elevation model as input data, while soil depth 
(hi) was estimated using the ArcGIS 10.1 raster calculator. Third, we 
implemented the approach of Gessler et al. (1995) to estimate the 
spatial distribution of soil thickness based on a multi-linear regression 
between curvature of the surface using the approach of Moore et al. 
(1993) , topographic index and soil depth (referred to here as the G-95 
method). The topographic index (TI) in the watershed was obtained 
following the approach of Beven and Kirby (1979) as:

	 (3)

where CA is the upslope contributing area obtained following Jenson 
and Domingue (1988) and θ is the local slope angle. The topographic 
index, contributing area and the surface curvature were computed in 
ArcGIS 10.1. The multi-linear regression was performed to estimate 
soil depth by using 30 m pixel values of curvature (CU, defined as the 
combination of plan and profile curvature) and TI at the soil pit loca-
tions as independent variables. Finally, we evaluated a soil thickness 
estimation approach relying on the curvature distribution, regarded 
as a preferred way to infer soil depth from terrain attributes (e.g., 
Heimsath et al., 1999; Dietrich et al., 2003). The method of Heimsath 
et al. (1999, referred to here as the H-99 method) is based on a linear 
regression between surface curvature obtained using a fourth-order po-
lynomial (Moore et al., 1993) at the soil pit locations and the measured 
soil thickness. Estimated soil thickness distributions were smoothed 
and resampled to a resolution of 120 m using a bilinear interpolation 
method to reduce differences between adjacent pixels and avoid un-
realistic soil depth gradients. Terrain analyses and processing steps 
were carried out using ArcGIS 10.1. 

Estimation of the spatial distribution of soil texture
We used several methods to obtain the spatial distribution of 

soil texture within the SLL basin. First, the soil texture map from 
the Instituto Nacional de Estadística y Geografía (referred to here as 
the INEGI method) provided a coarse representation of the major 
variations in soil properties within the watershed. While this product 
cannot capture high-resolution variations in soil texture, it serves as 
a benchmark that is considered as a standard in Mexico. Second, we 
employed the soil map derived by Vivoni et al. (2010) that is based on 
a combination of the INEGI map and a classification of terrain slope 
with some limited verification with the soil sampling conducted in 
the watershed. While this map exhibits a marked improvement in the 
soil texture distribution, it assumes an empirical distribution between 
particle size distribution and surface slope (referred to here as the 
Slope-based method). Finally, we employed an ASTER image obtained 
during the dry season (May 15, 2008) to determine surface soil texture 
based on the L1B registered radiance values (referred to here as the 
ASTER-based method) using methods described by Apan et al. (2002) 
and Liao et al. (2014). Digital numbers (DN) for different bands were 

converted to radiances through the use of a unit conversion coefficient. 
Bands represent the visible to near infrared region (bands 1 to 7 at 15 
m resolution) and the thermal infrared (band 10 to 14 at 30 to 90 m 
resolution) region. The image acquisition in the dry season allowed 
for maximum exposure of the surface soils and minimized the effects 
of vegetation. We grouped radiance values into the four texture classes 
found in the SLL watershed: sandy clay loam, sandy loam, loamy sand 
and sand. The mean and standard deviation of the radiance values of 
each band were calculated for each soil class. The bands that showed 
significant differences in radiance values among textural classes were 
then selected for a subsequent image classification based on cluster 
analysis and a maximum likelihood unsupervised approach imple-
mented in ArcGIS 10.1.

Evaluation of performance of spatially-distributed soil texture 
and depth maps

Performance of soil thickness model was evaluated with two diffe-
rent approaches. The first approach includes the estimation of mean 
absolute error (MAE) defined as:

		  (4)

where n is the number of observations, Oi is the observed soil thickness 
and Ii is the estimated soil thickness. The second approach included 
the computation of the Akaike Information Criterion (AIC) which is 
an analysis that allows selecting the best model among several ones 
based on the strength of evidence for each one. The model with the 
smallest AIC is regarded as the optimal one of all the proposed models. 
AIC is defined as: 

(5)

where k is the number of estimated parameters in the model plus one 
and σ2 is an estimate of the variance of residuals and is given by: 

	 	 (6)

Furthermore, the delta AIC (∆i) is defined as the difference between 
the AIC of certain model (AICi) with the minimum AIC (AICmin). This 
is a measure of each model relative to the best model, where the larger 
the AIC difference of a model, the less plausible it is to be the best one. 
Finally, the Akaike weights (wi) represent the ratio of ∆i values for each 
model relative to the whole set of R candidate models: 

	 		  (7)

The interpretation of Akaike weights is straightforward, they in-
dicate the probability that the model is the best among the whole set 
of candidate models. The accuracy of soil texture maps was evaluated 
by the use of an error matrix that consists of extracting the soil texture 
category in the estimated map at the location of the 42 surface samples. 
Once extracted, the texture category of the map is compared with the 
observed texture in the field. The accuracy of the map is reported as 
the ratio of correct classified pixels to total number of extracted pixels 
(n = 42).

Hydrologic model description, meteorological forcing and 
parameterization

Numerical simulations of hydrologic conditions were carried 
out in the SLL watershed using the tRIBS model. The Triangulated 
Irregular Network (TIN) that represents the watershed terrain consists 
of elevation, stream network and boundary nodes with a reduced 
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number of model elements as compared to the original 30 m elevation 
field from ASTER (e.g., Vivoni et al., 2004). In the SLL watershed, 
the model is based on 49,390 Voronoi polygons that are the nearest 
neighborhood of each TIN node and used as a finite volume domain 
for water and energy calculations (Ivanov et al., 2004). For each Voronoi 
polygon, the model accounts for a range of hydrologic processes in 
response to meteorological forcing, including: (1) canopy interception; 
(2) evapotranspiration from bare soil and vegetated surfaces; (3) 
infiltration and soil moisture redistribution; (4) shallow subsurface 
flow; and (5) overland and channel flow. In previous studies, tRIBS 
has shown good performance with respect to soil moisture, surface 
temperature and evapotranspiration data in the SLL watershed (Vivoni 
et al., 2010; Mascaro and Vivoni, 2012; Méndez-Barroso et al., 2014; 
Xiang et al., 2014). Model simulations for the 2004 summer season 
(May 1 to September 30) were carried out using the parallel computing 
capabilities described by Vivoni et al. (2011) on 15 processors. The 
first month of simulation consisted of a dry period with no rainfall 
used as a model spin-up to deplete the initial soil moisture. The spin-
up period was excluded from the model comparisons performed. 
During the simulation period, the meteorological forcing was based on 
ground-corrected grids obtained from the North American Land Data 
Assimilation System, version 2 (NLDAS-2), as described by Xiang et al. 
(2014). As shown in Figure 1b, the spatial resolution of the NLDAS-2 
forcing fields (atmospheric pressure, relative humidity, incoming 
shortwave radiation, air temperature, wind speed and precipitation) 
was 12 km, leading to a few pixels over the SLL watershed (5 in total). 
In addition to the time-varying meteorological forcing, the simulations 
also accounted for the temporal variation of the vegetation conditions 
due to the rapid greenup occurring in the SLL watershed during the 
summer. This was achieved by developing empirical relations between 
remotely-sensed variables from the MODerate Resolution Imaging 
Spectrometer (MODIS) and vegetation parameters, as discussed 
in Méndez-Barroso et al. (2014). Albedo, Normalized Difference 

Vegetation Index (NDVI), Leaf Area Index (LAI) and the Fraction of 
Photosynthetically Active Radiation (FPAR), available at resolutions of 
250 m to 1 km and repeat intervals of 8 to 16 days, were used to derive 
vegetation fields (vegetation fraction, stomatal resistance, maximum 
canopy storage, free throughfall coefficient, optical transmission 
coefficient and albedo) for the model. 

Sensitivity analysis of soil thickness and soil texture distributions
To evaluate the effects of soil thickness and texture on the hy-

drologic conditions in the SLL watershed, we conducted simulations 
for identical model setups (e.g., domain, initial state, meteorological 
forcing, vegetation variations), except for the specification of the soil 
property distributions. The simulation of Xiang et al. (2014) served 
as a benchmark case, where the Slope-based method for soil texture 
was used along with a uniform soil depth of 1.5 m. Given the excellent 
performance of the benchmark (B) case with respect to surface soil 
moisture, soil temperature and evapotranspiration measurements; 
it represents closely the hydrological conditions during the North 
American monsoon as reported in Xiang et al. (2014). Hence, the 
variation of the soil thickness and texture patterns performed here 
should be considered as a sensitivity analysis. We evaluated different 
combinations of soil depth and soil texture scenarios, as described in 
Table 1, for four spatially-variable soil depth maps (S-S-97, S-Z-97, 
G-95, H-99) and three spatially-variable soil texture maps (INEGI, 
Slope-based, ASTER-based), as well as two basin-wide uniform soil 
depths (1.0 and 1.5 m) and four basin-wide uniform textural classes 
(sand, sandy loam, sandy clay loam and loamy sand, with uniform soil 
depth of 1.5 m). As a result, a total of twenty-two different combina-
tions of soil depth and texture were performed. In each simulation, 
the soil hydraulic properties for each soil texture class were kept iden-
tical, following Xiang et al. (2014), in such a way that the sensitivity 
analysis focused on the combined effects of the spatial patterns of 
soil thickness and texture. Xiang et al. (2014) obtained the initial soil 

Simulation 
number

Soil thickness 
approach

Mean ± standard deviation of 
soil thickness (m9

Soil texture approach Simulation ID

1 Uniform 1.5 Slope-based B
2 Uniform 1.5 ASTER-based UB+A
3 Uniform 1.5 INEGI UB+I
4 Uniform 1.5 Sandy loam UB+Sal
5 Uniform 1.5 Sand UB+Sa
6 Uniform 1.5 Loamy sand UB+lSa
7 Uniform 1.5 Sandy clay loam UB+Sacl
8 G-95 0.80±0.46 Slope-based G+S
9 H-99 0.83±0.50 Slope-based H+S
10 S-S-97 1.53±0.28 Slope-based S+S
11 S-Z-97 1.19±0.42 Slope-based Z+S
12 G-95 0.80±0.46 ASTER-based G+A
13 H-99 0.83±0.50 ASTER-based H+A
14 S-S-97 1.53±0.28 ASTER-based S+A
15 S-Z-97 1.19±0.42 ASTER-based Z+A
16 G-95 0.80±0.46 INEGI G+I
17 H-99 0.83±0.50 INEGI H+I
18 S-S-97 1.53±0.28 INEGI S+I
19 S-Z-97 1.19±0.42 INEGI Z+I
20 Uniform 1.0±0.34 Slope-based U+S
21 Uniform 1.0±0.34 ASTER-based U+A
22 Uniform 1.0±0.34 INEGI U+I

Table 1. Combinations of distributed soil depth and soil texture used in model simulations.
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the resulting basin-averaged soil depth (h) and its spatial standard 
deviation (σh), while Table 3 presents the absolute errors (cm) at the 
soil pit locations. Lower absolute errors and lower basin-averaged 
depths are apparent for the G-95 (0.80±0.46 m) and H-99 (0.83±0.53 
m) methods that were tailored to the study watershed through local 
regressions using the soil pit observations. The G-95 method re-
sulted in

 
hi = 37.12+3.31TIi-242.19CUi+598TIiCUi (cm), where CUi 

is the curvature of pixel i at 30 m resolution (1/100 m), yielding a 
relation with an R2 =0.77 (p < 0.01) and an absolute error of 11.6 cm. 
Similarly, the H-99 method resulted in a relationship of the form 
hi =-198.82CUi+79.9 (cm), with an R2 =0.71 (p < 0.01) and an absolute 
error of 15.5 cm. In contrast, the S-Z-97 (1.19±0.42 m) and the S-S-97 
(1.53±0.28 m) methods resulted in higher basin-averaged soil depths 
and larger errors as compared to the field observations (Table 3). The 

parameters from soil pedotransfer functions based on particle size 
fraction and bulk density (Van Genuchten, 1980; Rawls et al., 1983; 
Rawls and Brakensiek, 1989) followed by manual calibration. Table 2 
presents the soil parameter values for the tRIBS model used for each 
of the texture classes. 

RESULTS AND DISCUSSION 

Evaluation of distributed soil thickness and soil texture approaches
prior to discussing the effects of soil thickness and texture on the 

hydrologic response of the SLL watershed, we evaluate each approach 
with respect to the field observations. Figure 2 compares the spatial 
distribution of soil thickness derived from each method along with 

Parameter Variable (unit) Rock Sand Loamy sand Sandy loam Sandy clay loam

Saturated hydraulic conductivity Ks (mm/h) 25 1,662 598 241 98
Saturated soil moisture content θs (-) 0.285 0.317 0.301 0.310 0.230
Residual soil moisture content θr (-) 0.009 0.010 0.005 0.015 0.058
Pore size distribution index m (-) 0.17 0.60 0.45 1.50 0.32
Air entry bubbling pressure ψb (mm) 0 0 0 0 0
Conductivity decay parameter f (mm-1) 0.01 0.01 0.025 0.001 0.001
Conductivity anisotropy ratio As (-) 600 600 600 600 600
Soil porosity n (-) 0.385 0.437 0.437 0.453 0.398
Dry soil heat conductivity ks (J/msK) 1.2 1.2 1.2 1.2 1.2
Wet soil heat conductivity 1.3 1.3 1.3 1.3 1.3
Dry soil heat capacity Cs (J/m3K) 6x105 6x105 6x105 6x105 6x105

Wet soil heat capacity 1.3x106 1.3x106 1.3x106 1.3x106 1.3x106

Table 2. Model parameters for soil classes in SLL watershed simulations (Xiang et al., 2014).

Figure 2. Comparison of soil thickness distributions for (a) S-Z-97, (b) S-S-97, (c) G-95 and (d) H-99 methods. The basin-averaged soil depth and the spatial 
standard deviations are shown.
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spatial distributions reveal a smoother variation in the S-Z-97 and 
S-S-97 methods that closely mimic the elevation or slope variations in 
the SLL watershed, while the G-95 and H-99 approaches exhibit more 
dramatic differences associated with the curvature (G-95 and H-99) 
and topographic index (G-95) distributions, which tend to be more 
complex (Vivoni et al., 2004). From a geomorphologic perspective, 
the methods that account for terrain curvature (G-95 and H-99) are 
more appealing since these capture the shallow soils observed near 
mountain ridges and the deeper soils in valley bottoms where material 
is accumulated from depositional processes. 

The second approach to measure the selection of the “best model” 
with the application of the Akaike Information Criterion (AIC) is 
shown in Table 4 and provides consistent results to the prior analyses. 
The H-99 method resulted in the best model for soil depth estimation 
in the SLL basin, leading to the smallest AIC among the evaluated 
models (16.36), while the Akaike weight (wi) indicated a probability 
of 63% of being the best model. The G-95 method also exhibited a 
good performance, due to its relatively low AIC and ∆i. However, a 
relatively low value of wi (37% of being the best model) indicates this 
model is not as good as the H-99 method at this site. Thus, the two 
approaches used to assess the best method for soil depth estimation 
yielded consistent outcomes. Nevertheless, the main goal of this study 
is to evaluate the effect of different soil depth and texture distributions 
on controlling basin water fluxes and states. 

Figure 3 presents the comparison of the soil texture distributions 
for the three different methods, while Table 3 indicates the percentages 
of correctly classified pixels as compared to the surface soil samples 
(extracted pixels on the location of the 42 surface samples collected 
in the basin). The official soil map from INEGI has three soil classes 
with a clear pattern of finer soils at higher elevations (sandy loam) and 
coarser soils at lower elevations (sand), with 53% of pixels at sampling 
sites correctly classified. Accounting for surface slope, as performed 
by Vivoni et al. (2010), improved the classification accuracy to 56%, 

while also adding rock outcrops at the highest slope sites and sandy clay 
loam areas near the floodplain zones. The use of the ASTER visible and 
thermal bands showed clear spatial differences in radiances that were 
associated to surface soil features. For example, for bands 1 (green), 2 
(red) and 3 (near infrared), a clear distinction was achieved between 
areas with sand and sandy loam soils, while thermal bands (12 and 
13) helped to distinguish loamy sand and sand regions. As a result, 
the ASTER-based map shows some of the general characteristics of the 
other approaches with respect to the variation with elevation, but more 
clearly distinguishes the soil texture classes, including rock outcrops. 
From a geological perspective, the soil texture variations appear more 
realistic and achieve an improved accuracy of 68% as compared to the 
surface soil sampling sites. 

Comparisons of basin-averaged water balance components to 
data for benchmark case 

Given the importance of establishing confidence in the model 
simulations, we next present a comparison to the available field ob-
servations during SMEX04 (Vivoni et al., 2007a, 2008b; Ryu et al., 
2010). Figure 4 shows the basin-averaged water balance components 
for the benchmark (B) simulation using a uniform soil thickness of 
1.5 m and the Slope-based texture map, as in Xiang et al. (2014). The 
rainfall amounts and their distribution in time dictate the hydrologic 
responses in terms of soil moisture (SM), evapotranspiration (ET), 
streamflow (Q) and the change in the depth to the groundwater table 
(Nwt). With sufficient rainfall during the summer season, vegetation 
communities in the SLL watershed increase in greenness (NDVI) 
through leaf production (Vivoni, 2012). The temporal evolution of sur-
face soil moisture (5 cm depth average SM) and root zone soil moisture 
(1 m depth average SM) illustrate well how the dry conditions prior to 
the NAM substantially change upon the arrival of rainfall events. In 
addition, the benchmark simulation captures a soil moisture recession 
period in August that is present in ground data (Vivoni et al., 2008b) 
and within a remotely-sensed product (2D-STAR, Ryu et al., 2010), 
providing confidence in the simulated surface soil moisture dynamics. 

As the NAM season begins in late June, basin-averaged conditions 
moisten considerably, as shown by higher SM in the surface soil and 
root zones, a shallower Nwt, a higher ET and the production of runoff 
that is observed as Q at the basin outlet. Initially, the hydrologic 
response is of a pulsed nature due to the dry conditions prior to the 
NAM and the short duration of the first rainfall events. Nevertheless, 
the long sequence of consecutive storms in July lead to a system that 
is seasonally-wet with steady amounts of SM, ET and Q. This behavior 
is interrupted by a long dry period in August with a decrease in SM, 
a stabilization of Nwt, a sharp reduction of Q and a small decrease in 
ET. These dry-down conditions due to the absence of rainfall events 
were also reflected in the vegetation response within the basin where 
the basin-averaged NDVI slightly decreased and stabilized (Vivoni, 
2012). Continuous water losses to evapotranspiration in the watershed 
eventually lead to drier conditions in the surface soils and root zone. As 
this hydrologic process is taking place, the lateral redistribution of water 
through hillslopes results in a downstream shift of soil moisture towards 
valley bottoms (Vivoni et al., 2007a). Overall, we would expect that the 
spatial distribution of hydrologic states and fluxes during the wetting 
and drying cycles should depend on the patterns of soil thickness 
and texture as these have a control on the ability of a soil to store and 
transmit water to evapotranspiration and lateral redistribution. 

Sensitivity of basin-averaged ET and runoff to soil thickness and 
texture

We evaluated the twenty-two simulations representing different soil 
thickness and texture distributions (Table 1) with respect to the major 

Soil thickness approach Absolute error (cm)

S-Z-97 38.4
S-S-97 92.4
G-95 11.6
H-99 15.5

Soil texture approach Correct pixels (%)

INEGI 53
Slope-based 56

ASTER-based 68

Table 3. Accuracy of soil thickness and texture approaches at soil pit and surface 
sampling sites. The absolute error is the mean at the saoil pit locations.

Model AIC ∆i Exp(-∆i/2) wi

H-99 16.36 0.00 1.0000 0.63
G-95 17.45 1.09 0.5809 0.37
S-Z-97 28.97 12.61 0.0018 0.00
S-S-97 32.01 15.65 0.0004 0.00

Table 4b  Results of the Akaike Information Criterion (AIC) for the models 
used to estimate spatially-distributed soil depth. In addition to the AIC, the 
difference to smallest AIC (∆i), and the Akaike weight (wi) were estimated.
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water losses in the SLL watershed, specifically the basin-averaged ET 
and runoff. Figure 5 presents the cumulative water losses (mm) during 
the 2004 summer season (June 1 to September 30) for seventeen of the 
cases, selected to represent the full range of simulated conditions. Two 
cases with uniform soil texture (UB+Sa, UB+lSa) and three cases with 
shallow, uniform soil thickness (U+I, U+S, U+A) were excluded due 
to similarities to other results. Basin-averaged ET (Figure 5a) showed 
a range of ~100 mm among the cases when accumulated over the 
study period with the uniform soil texture simulations defining the 
upper (UB+Sacl, sandy clay loam) and lower bounds (UB+Sal, sandy 
loam). This indicates that soil texture exhibited a stronger control 
than soil thickness on the basin-averaged ET magnitudes, as expected 
from the effects of particle size on infiltration and water retention 
in soils (e.g., Noy-Meir, 1973; Sala et al., 1988; Rodriguez-Iturbe et 
al., 1999; English et al., 2005). Soils with finer fractions (sandy clay 
loam) have more water availability, which enhances ET as compared 
to coarser soils (sandy loam). In a similar fashion, the soil thickness 
distributions that promoted higher water availability associated with 
spatial gradients in terrain curvature (CU) and in topographic index 
(TI), such as H+S and G+S, also had greater ET accumulations over 
the season. Different combinations of soil thickness and texture maps 
could yield either seasonal ET amounts that exceeded or were less than 
the benchmark (B) case. 

Figure 6 shows this through a subset of simulations where either 
the soil thickness (Z+S, S+S, H+S, G+S) or the soil texture was varied 
(UB+Sal, UB+Sacl, UB+Sa, UB+lSa, UB+I, UB+A), while the other 
factor was kept constant. The bias (or percent difference) of the 
basin-averaged ET between each simulation and the benchmark is 
shown. Basin-averaged ET was consistently larger in the soil thickness 
simulations as compared to the benchmark case with a uniform 1.5 m 
soil depth, indicating that spatially variable soil depths lead to higher 

wetness. We also found that the differences between the soil thickness 
cases and the benchmark were statistically significant (t-test analysis) 
for the basin-averaged ET for three of the four cases (Table 5). In con-
trast, the soil texture simulations might have higher or lower ET than 
the benchmark case, depending on the dominance of coarse (sand) or 
fine (sandy clay loam) texture. 

Runoff losses shown in Figure 5 are separated into surface runoff 
(infiltration-excess and saturation-excess runoff, Figure 5b) and 
groundwater runoff (perched return flow and groundwater exfiltration, 
Figure 5c) mechanisms (Ivanov et al., 2004; Vivoni et al., 2007b). The 
specification of soil texture and thickness distributions has a marked 
impact on cumulative runoff, in particular for the groundwater 
component. In most simulations, the benchmark case exhibited 
lower cumulative surface and groundwater runoff, indicating that 
both soil texture and thickness play an important role. For the 
soil thickness distributions that involved spatial gradients in CU 
and TI (e.g., G+I, H+I), the sharp changes in the soil depth caused 
significant increases in groundwater runoff. This is consistent with 
work on the role played by the soil-bedrock interface on lateral soil 
water redistribution and subsurface runoff production (e.g., Tromp-
Van Meerveld and McDonnell, 2006; Weiler and McDonnell, 2006; 
Lanni et al., 2013). In particular, depressions in the soil-bedrock 
interface, observed here as thicker soils, can sustain wetter soil 
conditions through a temporarily perched groundwater table and act 
as impedance for downslope drainage (Lanni et al., 2013). This was 
corroborated by differences between the soil thickness distributions and 
the benchmark case (Table 5), where the three approaches with large 
spatial variability (S-S-97, G-95, H-99) resulted in highly statistically 
significant differences of streamflow at the basin outlet, whereas the 
smoothly-varying case (S-Z-97) was indistinguishable from a uniform 
soil depth.

Figure 3. Comparison of soil texture distributions from (a) INEGI, (b) Slope-based method and (c) ASTER-based method with the corresponding textural classes 
described in Table 2.
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Figure 4. Basin-averaged water balance components during study period (after 1 month spin-up, June 1 to September 30, 2004). (a) Volumetric soil moisture 
(SM, m3/m3) for 5-cm and 1-m depth averages as compared to remotely-sensed 2D-STAR product and ground observations. (b) Evapotranspiration (ET, mm/hr). 
(c) Depth to the groundwater table (Nwt, mm). (d) Streamflow at the basin outlet (Q, m3/s). Basin-averaged NDVI and rainfall (mm/hr) are shown in all panels.

Spatial patterns of surface soil moisture and evapotranspiration 
Next, we evaluated the role of spatially-variable soil thickness and 

soil texture on the spatial patterns of surface soil moisture (top 5 cm, 
SM) and evapotranspiration. Three soil thickness and two soil texture 
distributions were selected for comparison to the benchmark simula-
tion: (1) the soil thickness cases had contrasting spatial distributions 
(G-95, S-Z-97, uniform at 1.5 m) and (2) the soil texture maps repre-
sented the more realistic cases (Slope-based, ASTER-based). Figure 
7 presents spatial maps of surface SM, expressed in dimensionless 
units as degree of saturation (volumetric SM divided by soil porosi-
ty), for the benchmark, G+S, Z+S and UB+A cases. Simulations that 
shared the same soil texture map (Slope-based in benchmark, G+S, 
Z+S) exhibited similar patterns of time-averaged surface SM. Wetter 
conditions were found in sandy clay loam soils in floodplain areas, 
moderately wet conditions matched sandy loam locations, and sand 
and loamy sand soils were drier sites in the watershed. Nevertheless, 
the range of soil moisture varied considerably among these cases due 
to the effect of the soil thickness distributions. For example, the G+S 

simulation exhibited high relative SM values due to the effect of the 
varying soil depth on soil water accumulation within depressions at 
the soil-bedrock interface. In contrast, the simulation with a different 
soil texture map based on ASTER (UB+A) exhibited surface SM pat-
terns that varied widely from the other cases. Here, the low amounts 
of areas with sandy clay loam limit the occurrence of wet soils and the 
spatial differences closely follow the soil texture map. For a uniform soil 
depth, comparison of the benchmark and UB+A cases demonstrates 
the strong overriding control of surface soil texture on the relative SM 
within shallow soil layers.

Figure 8 compares the spatial patterns of seasonal ET (mm) ac-
cumulated during the study period for the benchmark, G+S, Z+S and 
UB+A cases. A detailed comparison between the benchmark, G+S and 
Z+S cases (similar Slope-based method for soil texture, different soil 
thickness distributions) reveals that soil thickness has a very distinct 
impact on ET. High seasonal ET values are observed in locations with 
thinner soils which coincide with high elevations for the Z+S approach 
and with ridges for the G+S approach. Soil texture distributions also 
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Figure 5. Basin-averaged cumulative water losses for a subset of the simulations which include: UB+Sal (1.5 m soil thickness + uniform sandy loam soil), UB+Sacl 
(1.5 m soil thickness + uniform sandy clay loam), G+A (variable soil thickness G-95 + ASTER-based texture), G+I (variable soil thickness G-95 + INEGI-based 
texture), S+S (variable soil thickness SS-97 + slope-based texture), model benchmark (Xiang et al., 2014), S+A (variable soil thickness SS-97 + ASTER-based texture), 
Z+A (variable soil thickness SZ-97 + ASTER-based texture), and S+I (variable soil thickness SS-97 + INEGI-based texture). (a) Evapotranspiration (ET, mm). (b) 
Surface runoff (mm). (c) Groundwater runoff (mm). 

Figure 6. Bias (%) between each simulation and benchmark for basin-averaged evapotranspiration. (a) Simulations with different soil thickness and same soil 
texture. (b) Simulations with different soil texture and same soil thickness. Table 1 defines the simulation IDs. 
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matter as there is a substantial difference in seasonal ET between the 
two uniform soil thickness cases (benchmark, UB+A), with a lower 
amount of ET for the case with coarser soils (UB+A). Clearly, there is 
a complex interplay at work between the soil thickness and soil texture 
distributions that lead to a wide range of spatial patterns within the 
SLL basin on seasonal surface soil moisture and evapotranspiration.

SUMMARY AND CONCLUSIONS

Assessing the spatial controls on the hydrologic response of semia-
rid watersheds is important for determining the level of detail required 
in the representations of terrain, vegetation and soil conditions used in 
process-based hydrologic models. While it is well known that specifying 
accurate soil depth and texture maps in distributed hydrologic models 
are important, these are some of the highest sources of uncertainty cu-
rrently present in the hydrologic modeling process. Thus, advances in 
digital soil mapping through either terrain analyses or remotely-sensed 

indices are an important avenue of research activities. In this study, 
we derived a range of soil thickness and texture distributions using 
local terrain attributes, remotely-sensed radiance values and ground-
based observations to obtain a set of plausible modeling scenarios for 
evaluating the sensitivity of the watershed response. We selected the 
Sierra Los Locos (SLL) watershed in northwest Mexico due to our prior 
efforts with the tRIBS distributed hydrologic model in this basin and 
the field observations that suggested a strong spatial variability in soil 
thickness and soil texture associated with terrain conditions. 

The sensitivity analysis conducted with the various combinations 
of soil thickness and texture patterns revealed a strong sensitivity of 
the surface soil moisture, evapotranspiration and runoff in terms of 
their seasonal magnitudes and spatial distributions. Based on the 
evaluations with respect to the field samples (e.g., soil pits and surface 
soil samples), we determined that the remotely-sensed soil texture 
map (ASTER-based) and the soil depth patterns using curvature and/
or topographic index (G-95, H-99) were superior to other methods. 
Thus, a focus was placed on comparing different combinations that 
accounted for these improved products in light of the demonstrated 
model performance for the benchmark case. We found that the role 
played by soil thickness was related to the creation of spatial gradients 
(e.g., depressions at the soil-bedrock interface) that affected the 
accumulation of soil water, its consumption by evapotranspiration 
and the generation of subsurface runoff. The filling and spilling of soil 
depressions was particularly important when the downstream locations 
had shallow soils. The role of soil texture was to set the baseline 
conditions for soil moisture patterns which impacted the generation 
of surface and groundwater runoff and the evapotranspiration 
process. In this seasonally wet system, we also identified that the 
influence of soil texture decreases in time, while the spatial control 
of soil thickness becomes more important in determining the spatial 
variations of soil moisture and evapotranspiration. Other semiarid 
watersheds in northwest Mexico are thus expected to be more sensitive 
to the spatial distribution of soil texture prior to the NAM and to the 
terrain-mediated patterns of soil depth during the progression of the 
monsoon season. 

Soil thickness 
approach

ET Q
p Significance p Significance

S-Z-97 0.01 ** 0.254 NS

S-S-97 0.41 NS < 0.001 ****

G-95 < 0.001 **** < 0.001 ****

H-99 < 0.001 **** < 0.001 ****

Table 5. Results of t-test evaluating the statistical significance of the 
differences between evapotranspiration (ET) and streamflow (Q) 
simulated by varying the soil thickness and the ET and Q simulated 
by the benchmark case. p-values are reported along with the statistical 
significance indicated as highly significant (****), significant (**) and 
not significant (-).

Figure 7. Comparison of selected simulations of relative surface soil moisture (SM, dimensionless, top 5-cm) for the benchmark (a), G+S (b), Z+S (c) and UB+A 
(d) cases. The maps represent the time-averaged soil moisture during the study period (June 1 to September 30, 2004). 
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Figure 8. Comparison of selected simulations of evapotranspiration (ET, mm) for the benchmark (a), G+S (b), Z+S (c) and UB+A (d) cases. The maps represent 
the accumulated seasonal evapotranspiration during the study period (June 1 to September 30, 2004).
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