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ABSTRACT

ESTIMATION OF CATCHMENT-SCALE SOIL MOISTURE PATTERNS FROM
TOPOGRAPHY AND RECONSTRUCTION OF A PRESERVED ASH-FLOW
PALEOTOPOGRAPHY

This dissertation consists of three parts, two of which examine methods for estimating spatial
soil moisture patterns while the third investigates the reconstruction of a fluvially-eroded
paleotopography. Part I of the dissertation evaluates unsupervised machine-learning techniques’
effectiveness for estimating soil moisture patterns and compares them with linear regression.
Physical processes that impact soil moisture are typically expressed as nonlinear functions, but
most previous research on the estimation of soil moisture has relied on linear techniques. In the
present work, two machine learning techniques, a spatial artificial neural network (SANN) and a
mixture model (MM), that can infer nonlinear relationships are compared with multiple linear
regression (MLR) for estimating soil moisture patterns using topographic attributes as predictor
variables. The methods are applied to time-domain reflectometry (TDR) soil moisture data
collected at three catchments with varying characteristics (Tarrawarra, Satellite Station, and
Cache la Poudre) under different wetness conditions. The methods’ performances with respect
to the number of predictor attributes, the quantity of training data, and the attributes employed
are compared using the Nash-Sutcliffe Coefficient of Efficiency (NSCE) as the performance
measure. The performances of the methods are dependent on the site studied, the average soil
moisture and the quantity of training data provided. Although the methods often perform
similarly, the best performing method overall is the SANN, which incorporates additional
predictor variables more effectively than the other methods.
ii

Next, Part II of the dissertation presents the development and testing of a new conceptuallybased model for estimating soil moisture patterns and describes the investigation of the climatic,
vegetation and soil characteristics that affect pattern organization and temporal stability with the
model. Soil moisture is a key hydrologic state variable for the Earth’s surface affecting both
energy and precipitation partitioning. Additionally, the nonlinear dependence of hydrologic
processes on soil moisture means that not only is the average moisture condition important for
many applications, but the spatial patterns of soil moisture are also important. At the catchment
scale, soil moisture patterns have been observed to exhibit different types of dependence on
topography. Some catchments have their wettest locations in the valley bottoms, while others
have their wettest locations on hillslopes that are oriented away from the sun. Additionally,
some catchments have moisture patterns that maintain a similar organization at all times (time
stability), while other catchments have soil moisture patterns that change through time (time
instability). Although these tendencies are well known, the reasons for their occurrence at a
particular catchment are not well understood. In this paper, we investigate the conditions under
which the different types of topographic dependence and different degrees of time instability
occur through the use of a new conceptual model. The type of topographic dependence and the
degree of instability are quantified by two metrics that are also introduced in the paper, and the
effects of soil, vegetation, and climatic parameters on these metrics are then evaluated. The
evaluations indicate that saturated horizontal hydraulic conductivity, pore disconnectedness,
vegetation evapotranspiration efficiency, and an exponent relating the horizontal hydraulic
gradient to the topographic slope have the strongest effects on the organization and instability of
the soil moisture patterns. In contrast, annual potential evapotranspiration alone does not
strongly impact the organization or its stability.
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Finally, Part III of the dissertation describes the modification of a previously-developed
interpolation scheme for fluvial topography and the reconstruction of a paleotopography that
may be potentially important to groundwater movement by the modified method. Many
applications in geology require estimation of the depth and thickness of lithologic layers based
on limited observations. The boundaries of such layers are typically estimated using Kriging or
other estimation methods that produce smooth surfaces. In some cases, however, smooth
surfaces may be inappropriate. A boundary that is formed by a preserved hillslope and valley
paleotopography, in particular, is expected to exhibit drainage characteristics and inherent
roughness that are not consistent with standard estimation methods. This paper discusses the
generalization of a technique originally designed to interpolate fluvially-eroded topography. The
method incorporates a simple river basin evolution model to generate realistic topography and
adjusts an erodability parameter in space to match observed elevations. The method is
generalized to allow flow to enter from outside the interpolation region, which is a likely
scenario when reconstructing paleotopography. The method is then applied to the lower
boundary of the Tshirege Member of the Bandelier Tuff, which underlies Los Alamos National
Laboratory and Bandelier National Monument in north-central New Mexico. The method
produces surfaces with major valleys that are consistent with previous observations. The method
is also applied in a framework that estimates the likelihood that any particular point within the
interpolation region drains through a specified boundary. Although the surfaces vary between
simulations, most portions of the interpolation domain drain through consistent boundaries.
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General Introduction
This dissertation is the result of studies of methods to estimate spatial soil moisture patterns and
to interpolate topography formed by fluvial processes. The dissertation is divided into three
parts: Part I is an evaluation of nonlinear techniques for estimating spatial patterns of soil
moisture; Part II describes the development and evaluation of a new model for estimating spatial
soil moisture patterns; and Part III describes the modification of a method that uses a landscape
evolution model to interpolate topography and the application of the modified method to
reconstruct a preserved paleotopography potentially important to groundwater transport.
The soil water content (soil moisture state) of terrestrial surfaces is an important state variable
for the hydrologic cycle at multiple scales. Incoming radiation and heat are partitioned at the
earth’s surface into either latent heat in the vapor phase from evaporation of surface water
(including soil moisture) or into sensible heat due to temperature changes. The resulting
partition and its effects on surface and air temperatures have important ramifications for weather
patterns such as the persistence of droughts. Furthermore, the soil moisture state affects the
partitioning of precipitation falling onto terrestrial surfaces into infiltration and runoff and,
therefore, downstream hydrographs. In addition to hydrologic processes, the soil moisture also
influences other earth surface processes, including vegetation patterns, weathering, erosion and
soil production.
Not only is the overall soil moisture content important to hydrologic processes but spatial
patterns of moisture influence them as well. For example, one mechanism for runoff generation
occurs when precipitation falls on surfaces already saturated with water. In this case, the
presence of a hydraulically-connected pattern of saturated areas can lead to greater runoff than if
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the saturated areas were in the form of multiple isolated subareas. As a result, knowledge of the
spatial distribution of soil moisture is important for hydrologic applications.
Unfortunately, it is currently difficult, if not impossible, to measure surface (top 5 to 30 cm) soil
moisture values with both extents and resolutions (spatial and temporal) appropriate for many
applications. Soil moisture at approximately 1 km resolutions can currently be inferred from
remote-sensing techniques; however, soil moisture content may vary substantially within the
grid-cell resolution of those methods. Alternatively, manual measurement techniques may be
employed to obtain point values of moisture, but the resources necessary to measure values
representing useful spatial extents for meaningful durations can be prohibitive. Therefore,
accurate estimation of soil moisture patterns over useful extents with adequate resolution is
highly desirable for hydrologic uses and is the objective of the first two parts of this dissertation.
Because many hydrologic processes affecting soil moisture are conceived as nonlinearly-related
to the moisture state and because the great majority of previous research has focused on linear
estimation methods, Part I of this work focuses on evaluating nonlinear techniques for estimating
soil moisture patterns. Two nonlinear methods and multiple linear regression are tested and their
performance compared using soil moisture datasets from three topographically and climatically
diverse catchments. In Part II, a conceptual model for estimating soil moisture from topography
and the average spatial soil moisture content is developed and tested. The model in Part II was
developed partially due to the nonlinear techniques’ marginal improvement in pattern estimation
relative to linear estimation techniques. The model is applied to the same three catchment
datasets as used in Part I and its performance is comparable to that of the other methods;
however, the model is somewhat simpler to apply than the nonlinear techniques in Part I and is
more flexible in its data requirements.
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Part III of the dissertation modifies a method previously developed to interpolate fluviallyeroded topography [Niemann, 2000]. The method was modified to allow for incoming flow
across area boundaries, which permits the modified method to be used for areas that do not
represent entire watersheds. The interpolation method is based on a landscape evolution model,
which ties Part III to the first two parts of the dissertation, albeit loosely, because as mentioned
previously soil moisture states affect landscape development processes such as erosion and soil
development. The modified model is applied to provide feasible reconstructions of a
paleotopography that indicates evidence of fluvial erosion and is preserved between two volcanic
ash-flow geologic layers. Fluvial drainages within the paleotopographic layer have been thought
to be potentially important hydraulic conduits for groundwater and as such their spatial
characteristics would be valuable for modeling purposes.

3

Part I: An evaluation of nonlinear methods for estimating catchment-scale
soil moisture patterns based on topographic attributes

4

Introduction
Soil moisture is an important hydrologic state variable owing to its influence on a variety of
surface hydrologic processes and land surface-atmospheric interactions. For example, soil
moisture affects both the partitioning of radiation into sensible and latent heat [Entekhabi et al.,
1996] and the partitioning of rainfall into infiltration and runoff [Dunne and Black, 1970].
Additionally, soil moisture influences vegetation patterns [Eagleson, 1978], land surface erosion
processes [Moore et al., 1988], and soil development [Hillel, 1998]. Spatial patterns of soil
moisture and their characteristics, such as connectivity of wet areas, are also important for
hydrologic considerations [Dunne and Black, 1970; Dunne et al., 1975; Hewlett and Hibbert,
1967; Western et al., 2001]. Soil moisture is typically observed using remote-sensing techniques
or manual techniques, such as time-domain reflectometry (TDR). Unfortunately, neither
approach is practical for observing soil moisture patterns within catchments at suitable
resolutions [Robinson et al., 2003; Vereecken et al., 2008]. The desire for accurate
characterization of moisture patterns coupled with the difficulties in observing the patterns has
led to many efforts to estimate moisture patterns [Bardossy and Lehmann, 1998; Nyberg, 1996;
Sulebak et al., 2000; Western et al., 1999a; Yates and Warrick, 1987].
Significant research has been devoted to investigating the correlations between soil moisture and
topographic attributes and the effectiveness of multiple linear regression (MLR) for estimating
soil moisture using topographic attributes as predictive data. Topographic attributes have been
used because organized patterns of soil moisture resemble patterns of topography and because
surface elevation data are readily available for nearly all parts of the world. Zaslavsky and Sinai
[1981] explained 81% of soil water variation two weeks after rainfall by curvature in an
agricultural field near Beer-Sheba, Israel. Moore et al. [1988] found that 33% of the soil
moisture variation on a transect of a 7.5 ha catchment in Australia could be explained by the
5

wetness index, which is defined as the ratio of the specific contributing area and the local slope,
and that 41% of the variation could be explained by using both the wetness index and the
topographic aspect. Nyberg [1996] explained between 15% and 42% of soil moisture variation
by correlations with elevation, slope, wetness index, and the logarithm of the contributing area.
Western et al. [1999a] were able to explain up to 61% of spatial soil moisture variation under
relatively wet conditions but only 22% in drier conditions by a combination of potential solar
radiation index (PSRI), which is the ratio of the potential insolation of a surface with a particular
slope and aspect to a hypothetical horizontal surface at the same location, and either the wetness
index or the logarithm of the contributing area. Sulebak et al. [2000] found the combination of
slope, aspect, and profile curvature could explain 70% of moisture variation at two locations in
Sweden. Green and Erskine [2004] found the highest correlations between soil moisture and
topographic attributes for agricultural fields in Colorado on the wettest date considered and the
strongest correlation with slope even though that attribute only explains approximately 20% of
the variance. Despite some instances where MLR is effective, a conceptual inconsistency exists
in linearly regressing soil moisture on topographic attributes because those attributes are
generally associated with physical processes that relate nonlinearly to soil moisture [RodriguezIturbe, 2000]. Such nonlinearities might produce nonlinearity in the relationships between soil
moisture and topographic attributes. For example, Western et al. [1999a] noted that
scattergraphs indicate a possible nonlinear relationship between the wetness index and soil
moisture data from organized patterns in their dataset.
Geostatistical techniques [Chiles and Delfiner, 1999; Journel and Huijbregts, 1978; Kitanidis,
1993] have also been applied to the tasks of soil moisture characterization and estimation. Yates
and Warrick [1987] used cokriging with bare soil temperature and percent sand content as
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ancillary variables to estimate soil moisture in Arizona. They found that if the ancillary variable
is well correlated with soil moisture then the cokriging estimates are better than estimates from
ordinary kriging. Bardossy and Lehmann [1998] estimated soil moisture patterns from a 630 ha
catchment in Germany with several geostatistical techniques. They found that Bayes-Markov
Updating (BMU), a simplified form of Bayes-Markov Kriging [Zhu and Journel, 1993], has the
lowest errors of all the tested methods for the conditions analyzed. BMU can incorporate
ancillary data in a nonlinear manner and its performance with either the wetness index or land
use as ancillary data is better than both ordinary kriging and external drift kriging. The method
performs slightly better with the wetness index than with land use for that dataset. A common
assumption made in geostatistical analyses is that of a stationary random field, but previous
research has indicated that soil moisture patterns are not random but exhibit spatial organization
[Dunne et al., 1975; Rodriguez-Iturbe et al., 1995; Western et al., 1999a].
In addition to those standard methods, other methods have also been developed and/or employed
for estimating soil moisture patterns. Western et al. [1999] applied LOWESS regression [Hirsch
et al., 1993] to estimate soil moisture based on topographic attributes and found that it does not
substantially improve the amount of variance explained compared with linear regression.
However, the extent of their LOWESS analyses in that work is not clear. Wilson et al. [2005]
developed a linear estimation method with coefficients that vary nonlinearly with the spatial
average soil moisture and applied the method to data from the Maharungi catchment in New
Zealand. They found that the use of terrain attributes alone does not estimate realistic spatial
moisture patterns but that the inclusion of a spatially stable residual pattern improves the
estimates and concluded that factors other than topography are also important to soil moisture
patterns. Finally, Perry and Niemann [2007; 2008] used empirical orthogonal functions (EOFs)
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to decompose a time series of spatial moisture patterns into patterns of covariation that are
present to some extent on every date and interpolated those stable patterns with linear regressions
against topographic attributes.
Our objectives are to evaluate the abilities of selected nonlinear estimation techniques for
estimating soil moisture from sparse soil moisture observations and to compare the results of
those techniques to the results of MLR. We hypothesize that the nonlinear techniques will avoid
some of the previously mentioned shortcomings of other methods and improve estimation of
spatial soil moisture patterns. The nonlinear estimation methods used in this research are a
spatial artificial neural network (SANN) [Shin and Salas, 2000a] and mixture modeling (MM)
with multivariate Gaussian distribution functions [McLachlan and Peel, 2000]. These methods
were selected because they are unsupervised machine learning techniques that do not assume a
priori any specific form of relationship between soil moisture and the predictor data. In addition,
the SANN and MM are both kernel density estimation methods, which attempt to estimate the
joint probability density function between soil moisture and the predictor variables. Finally,
Green et al. (2007) applied the SANN to crop yields, which are closely related to soil moisture,
and found good performance. Most previous applications of machine learning techniques in
hydrology have focused on time-series data [Lin et al., 2006; Liu et al., 2008; Wang et al., 2009],
including those focused specifically on soil moisture [Ahmad et al., 2010; Elshorbagy and ElBaroudy, 2009; Gill et al., 2006]. Here, the SANN and MM are applied to three study areas
representing diverse climates and landscape characteristics to test their predictive abilities when
different processes may dominate the moisture pattern formation.

8

Methods
Multiple linear regression (MLR)
MLR is used as a baseline estimation method due to its simplicity and common use. The general

model for linear regression can be written in matrix form as:
θ = Xβ + ε

(1.1)

where θ is an n by 1 vector of observed responses (soil moisture in this analysis), n is the number
of observations, X is an n by d+1 matrix, d is the number of predictor variables (topographic
attributes), β is a d+1 by 1 vector of unknown coefficients, and ε is an n by 1 vector of residuals,
or errors. Use of the ordinary least squares (OLS) criterion for estimating the coefficient vector
leads to the following equation for the coefficient estimates:
−1
βˆ = ( X T X ) X T θ

(1.2)

Ordinary least-squares provides the minimum-variance unbiased coefficient estimates regardless
of the distribution properties of the errors [Draper and Smith, 1981]. The main drawback of
linear regression for this application is that it cannot account for possible nonlinear relationships
between the topographic attributes and soil moisture.
Spatial artificial neural network (SANN)
The SANN method was developed by Shin and Salas [2000a] and can be viewed as a specific

implementation of the Nadaraya-Watson model, or kernel regression [Bishop, 2006; Nadaraya,
1964; Watson, 1964]. The SANN has been used previously for regional drought analysis [Shin
and Salas, 2000b] and to estimate crop yields from topographic attributes [Green et al., 2007].
Martinez et al. [2004] investigated the sensitivity of the SANN to its internal parameters using
grain yield data and found optimal parameter values, which were subsequently used by Green et
al. [2007].
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The SANN is similar to kernel density estimation using multivariate Gaussian kernels. We can
represent soil moisture, θ, at some location in space as a random variable in a d-dimensional
domain by θ ( x ) , where x = [x1, x2, ..., xd] is a vector of topographic attributes associated with
the same spatial location. The optimal estimator of the soil moisture value is then the conditional
expectation given by [Bishop, 1995]:
∞

∫ θ ( x ) p ( x,θ ) dθ

E θ ( x ) | x  =

−∞
∞

(1.3)

∫ p ( x , θ ) dθ
−∞

where p(x,θ) is the joint probability density function of x and θ. The probability density function
is estimated using multivariate Gaussian kernel density estimation [Specht, 1991]. If we observe
the soil moisture θ ( x ) and a vector of topographic attributes x at N locations given by
[xn|n=1,…,N], then the Gaussian kernel density estimator at any point x in the domain is given
by:
p ( x, θ ) =

1 N
∑ G ( x | µn , Σ n ) G (θ | µθ , σ θ )
N n =1

(1.4)

where
G ( x | µn , Σ n ) =

1

( 2π )

d

2

Σn

1

2

T
 1

exp  − ( x − µn ) Σ n−1 ( x − µn ) 
 2


(1.5)

with µn andΣn the mean and covariance, respectively, of the Gaussian kernel associated with the
nth observation. For simplicity, the variance of each kernel function is taken as equal in all
dimensions of the predictor variable subspace so that all diagonal entries of Σn are equal. Also,
the covariances (off-diagonal entries) are assumed to be zero. The diagonal entries of Σn are then
denoted σn2. Also,
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 (θ − µθ )2 
G(θ | µθ , σ θ ) =
exp −

1
2
( 2π ) 2 σθ  2σ θ 
1

(1.6)

where µθ andσθ are the mean and standard deviation, respectively, of the soil moisture. After
substituting Equation (1.4) into Equation (1.3) and simplifying, the result is:
N

θɵ ( x ) =

∑ θ ( x )G ( x | µ , Σ
n

n

n

)

n =1

(1.7)

N

∑ G( x | µ , Σ
n

n

)

n =1

which may be used as a point estimator for θ. Note that in the simplification the numerator terms
involving G (θ | µθ , σ θ ) become the θ ( xn ) terms inside the summation in Equation (1.7) while in

the denominator each term involving G (θ | µθ , σ θ ) integrates to a value of 1.
In order to use Equation (1.7) to estimate soil moisture, the widths of the kernel functions need to
be specified. The width of the kernel function centered on observation n is denoted σn and is
calculated by:

σ n = RMSDn F

(1.8)

where RMSDn is the root mean-squared Euclidean distance (measured in the attribute domain)
between data point n and its nearest P neighbors. The number of neighbors P and the factor F
are the two parameters of the SANN. Both parameters help determine the spatial scale of the
kernel function and their values must be specified prior to the SANN training. The parameter P
relates directly to the kernel widths, and the effects of P on the individual kernel widths depend
on the data configuration and density. The F parameter is related inversely to the kernel widths
and affects all kernels to the same degree. We tested the effects of adjusting each parameter and
found that comparable results were achieved through manipulation of either parameter.
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Therefore, in the present implementation, the value of F was fixed at 2.5, which is the value
recommended by Martinez et al. [2004] for large datasets, but P was considered a free parameter
and various values were tested (see below). One potential drawback of the SANN is that it
requires all the observations to be stored in order to make future estimates, which can make
evaluation slow if the quantity of data is large.
Mixture model (MM)
The MM method, like the SANN, is capable of capturing nonlinear relationships between the

topographic attributes and soil moisture. Operationally, it is also similar to the SANN in that
estimates are made by conditioning a multivariate density function with the values of the
predictor variables. However, the number of kernel functions employed by MM to form the
model is less than the number of observations, and the method employs the ExpectationMaximization (EM) algorithm [Dempster et al., 1977; McLachlan and Peel, 2000] to identify
optimal locations for the kernels. In the present implementation, Gaussian functions were used
as the kernel functions in the MM, and we will refer to them as components, which is common
terminology in the MM literature. The multivariate density function developed by MM has the
form [Bishop, 2006]:
K

p ( x , θ ) = ∑ π k G ({ x, θ } | µk , Σ k )

(1.9)

k =1

where K is the number of components in the model and is the only parameter of this method, πk
is the mixing coefficient associated with the kth component, and µk and Σk,are the mean and
covariance, respectively, of the kth component. The mixing coefficient values lie between 0 and
1, and they sum to 1. The form of each Gaussian component is:
1

G ({ x ,θ } | µk , Σ k ) =

( 2π )

( d +1)
2

Σk

1
2

T
 1

exp  − ({ x ,θ } − µk ) Σ−k 1 ({ x ,θ } − µk ) 
 2
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(1.10)

where d is the number of predictor variables. The values of πk, µk and Σk, are determined by the
EM algorithm, which maximizes the likelihood of the model. Equation (1.3) is used again to
estimate the soil moisture given the values of the ancillary data for any given location. The
MATLAB statistics toolbox [Mathworks, 2009] version of MM, gmdistribution, was used to
implement the MM method. As with the SANN, the density function is then conditioned on the
observed value of the topographic attribute to determine the soil moisture estimate.
Experimental design
A Monte Carlo cross-validation methodology, which provides an empirical measure of the

methods’ generalization abilities, was employed [Bishop, 2006; McLachlan and Peel, 2000] to
assess the effectiveness of the different methods for estimating soil moisture. The crossvalidation methodology divides each set of observations into training and testing sets. The
training sets were created by randomly sampling the data available at each site 30 times for each
of five sampling rates: 10%, 25%, 50%, 75%, and 95%. For each training set, the observations
at unsampled locations comprise the testing set. Because all the methods are empirical, they
require some amount of observations to develop a model. Each of the three estimation methods
was used to develop a model of the relationship between topographic attributes and soil moisture
values based on the training sets. After a model was developed from a specific training set, soil
moisture was estimated with the model at all locations, but the Nash-Sutcliffe Coefficient of
Efficiency (NSCE) [Nash and Sutcliffe, 1970] was calculated based only on the testing set to
measure the model performance. The NSCE is defined as:
N

NSCE = 1 −

∑ (θ

n

n =1
N

∑ (θ
n =1
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n

− θˆn

)

−θ )

2

2

(1.11)

where N is the number of data points in the testing set, θn is the nth observed soil moisture, θˆn is
the model estimate of the nth observation, and θ is the average of the observations. Note that the
NSCE has a maximum value of 1, for which all observed variance is explained, but there is no
minimum value. Because 30 realizations of the training data are produced for every sampling
rate, the typical performance of a particular estimation method is characterized by the median
NSCE calculated from the 30 realizations.
A large number of estimation scenarios were performed to compare the methods. For each of the
3 methods, all 63 possible subsets of the 6 topographic attributes were tested as predictor
variable sets. For each of those subsets of predictor variables, 30 sets of training data were
supplied to the method for each of the 5 sampling rates given above. This collection of
estimation problems was repeated for all 3 wetness conditions at all 3 study sites. The SANN
and MM methods additionally have parameters that were adjusted. The P parameter in the
SANN was tested with values of 6, 9, 15, 20, 30, and 45. Larger values of P lead to larger kernel
widths and a smoother estimated density function. For the MM method, the adjustable parameter
is K, the number of Gaussian components, which was varied from 1 to 4. The number of
components controls the potential complexity of the resulting density function and the inferred
relationship between the topographic attributes and the soil moisture.

Application Sites and Data
Soil moisture data were compiled for three application sites: the Tarrawarra catchment in
Southeastern Australia, the Satellite Station site in the Maharungi catchment on the North Island
of New Zealand, and the Cache la Poudre site in north-central Colorado in the United States.
Soil moisture patterns from three dates were used for each site. The dates were chosen to
represent dry, moderate, and wet conditions as defined by the range of spatial mean soil moisture
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values Θ observed at each study site. All the soil moisture data were measured with TDR
probes.
Tarrawarra
The first soil moisture dataset is from the Tarrawarra catchment located near Melbourne,

Australia and was originally described by Western and Grayson [1998]. The catchment has a
temperate climate with average annual rainfall of 820 mm, average annual potential
evapotranspiration of 830 mm, and a rainfall deficit in summer and excess in winter. The
catchment is covered by pasture for cattle grazing. Soils generally have a silty loam A horizon
and a B horizon with higher clay content and soil depths vary from 40 cm in the upper catchment
to over 2 m in the low areas.
Soil moisture data were collected in the top 30 cm of the soil with TDR probes on thirteen dates
between 27 September 1995 and 29 November 1996 on a 10 m by 20 m sampling grid [Western
et al., 1999b]. We filtered the dataset to remove locations with missing values on any date, so

the remaining dataset includes 454 points. 14 February 1996, 27 September 1995, and 3 July
1996 were selected as the dry, medium, and wet dates, respectively. The spatial average soil
moisture (Θ) values for those dates are 26.4, 38.0, and 45.3% volume of water/total volume
(V/V), respectively. A digital elevation model (DEM) with 5 m resolution is available for this
site. The topography consists of undulating hills (Figure 1) with no incised drainage channels
and the catchment area is 10.5 ha. Total relief for the Tarrawarra catchment is 29 m. The dry
moisture pattern does not visually exhibit any organization while the moderate and wet dates
show strong and moderate degrees of organization, respectively, with wetter sites tending to
occur in valley bottoms (Figure 1).
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Figure 1 - (a) Elevations relative to the low point at each study site and spatial patterns of soil
moisture for (b) dry, (c) medium and (d) wet dates used.
Satellite Station
The second dataset is from the Satellite Station field site of the Maharungi River Variability

Experiment (MARVEX) conducted in New Zealand [Wilson et al., 2003; Woods et al., 2001].
The Satellite Station site has a humid climate with annual rainfall approximately 1,200 mm and
annual pan evapotranspiration of approximately 1,300 mm [Wilson et al., 2003]. Hillslope soils
are generally silty clay loam, while lowland valley soils are relatively deep alluvial fill with high
clay content. The dataset used here is comprised of TDR measurements collected at 0-30 cm
depth on a 40 m grid for six dates between April 1998 and November 1999. The dataset was
again filtered so that it includes only locations with measurements on all dates (322 locations).
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The dates chosen for this study are 18 February 1998, 25 March 1998, and 30 October 1999,
with spatial average soil moisture values of 24.9, 32.3, and 40.1% V/V, respectively. The
topographic data used was from a 10 m resolution DEM. The Satellite Station site has
undulating terrain with a total area of approximately 60 ha, and it contains two subcatchments
within it (Figure 1). The relief of the site is approximately 80 m. Visually, the moisture patterns
at Satellite Station are more stable through time than those at Tarrawarra with the valley bottoms
remaining wetter than the upland areas as the overall wetness condition changes (Figure 1).
Cache la Poudre
The final dataset is from a catchment near Rustic, Colorado that is part of the Cache la Poudre

River basin [Lehman and Niemann, 2008]. The catchment has a semi-arid climate with an
annual precipitation of about 400 mm and annual potential evapotranspiration of about 930 mm.
The vegetation on the north-facing slope of the catchment is predominantly coniferous forest
with scattered shrubs in open areas and near ridges. The south-facing slope has scattered shrubs
with a few coniferous trees. The site has thin sandy soil on the south-facing hillslope and thicker
mineral soils overlaid with organic matter on the north-facing hillslope.
The sampling strategy for the Poudre site consisted of collecting manual TDR measurements
immediately after a sequence of spring rainfall events and during subsequent periods of drying,
which resulted in a total of 12 soil moisture patterns. Due to the shallow soils, particularly on the
south-facing hillslope, surface soil moisture was measured in the top 5 cm of the soil once any
litter layer was temporarily removed. After filtering to produce a consistent dataset for all
sampling dates, a total of 350 locations remain for this dataset. The dates chosen for application
of the interpolation methods are 24 June 2008, 12 June 2008, and 28 May 2008. The spatial
average soil moisture values on these dates are 4.0, 11.2 and 19.2% V/V, respectively, which
represent dry, medium, and wet conditions for this dataset. The DEM for the catchment has 15
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m resolution, and a local coordinate system offset approximately 1 degree from north. The total
relief for the Poudre site is approximately 124 m (Figure 1). The catchment consists of the
headwater area for one incised channel with both steep and flat portions and the catchment area
is approximately 8 ha. Visually, the soil moisture patterns exhibit slightly wetter conditions on
the north-facing slope than the south-facing slope (Figure 1).
Topographic attributes
The form of the topography for each catchment was characterized using elevation and five

additional topographic attributes: slope, cosine of the topographic aspect (cosA), the logarithm
of the specific contributing area (logSCA), the sum of the plan and profile curvatures (Curv), and
the potential solar radiation index (PSRI). These attributes are related to different processes and
variables that affect soil moisture. Specifically, surface slope is related to the horizontal
hydraulic gradient of subsurface flows and to insolation, a primary driver of evapotranspiration
and snowmelt [Western et al., 1999a]. Aspect also affects insolation [Western et al., 1999a]. The
specific contributing area (SCA) is a measure of the upslope area that can potentially contribute
flow to a unit length of contour on the surface [Western et al., 1999a]. The profile curvature is
related to the change in the hydraulic gradient and hence the velocity of flow [Mitasova and
Hofierka, 1993], and the plan curvature is related to the degree of surface and flow convergence

along an elevation contour [Mitasova and Hofierka, 1993]. The number of attributes was
intentionally limited to allow testing of all possible attribute combinations in the analyses below.
The wetness index [Beven and Kirkby, 1979] was not included because it combines logSCA and
slope in a predetermined way. If wetness index is important, the nonlinear methods should be
able to identify that importance using the underlying variables.
The SCA and the slope were calculated using the D∞ algorithm [Tarboton, 1997] as implemented
in TauDEM [Tarboton, 2008]. SCA was initially used as a predictor variable but its large
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skewness resulted in numerical complications and led us to use log-transformed values instead.
The aspect for each DEM cell was calculated according to the formula in Moore et al. [1991]
with units of degrees clockwise from north. The aspect values were then cosine-transformed,
which provides a continuous range of values from -1 to 1 and separates north-facing aspects
from south-facing aspects by sign [Green et al., 2007].
The sum of the profile and plan curvatures [Mitasova and Hofierka, 1993] was the only
curvature measure used. The profile curvature is the curvature of the intersection of the
topographic surface with a vertical plane oriented in the downslope direction. The plan
curvature is the curvature of the intersection of the surface with a horizontal plane. The sum of
the two curvatures was chosen based on a screening analysis designed to select the single
curvature measure with the highest overall potential for estimating soil moisture.
The PSRI depends on the day of the year, latitude, local slope, and aspect [Dingman, 2002;
Western et al., 1999a]. No allowances were made for other factors affecting actual insolation,

such as shading by vegetation or atmospheric attenuation, in the PSRI calculation. The PSRI
was calculated individually for each sampling date, so it is the only topographic attribute that
changes between different dates at the same catchment.

Results
Typical results
Figure 2 presents observed soil moisture patterns and moisture patterns estimated by each

method when 25% of the available data is used for training. The patterns shown are from the set
of topographic attributes that produces the highest median NSCE for each method and the
training data that produce the results closest to that median NSCE among the different samples
(using those topographic attributes). The P value used in the SANN is 45, which gave the best
performance among all tested values. The MM method uses 2 component densities.
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Figure 2 - (a) Observed soil moisture patterns at each study site, and soil moisture patterns
estimated by (b) MLR, (c) SANN and (d) MM. The dots indicate training data locations.
In almost all situations, one component density provided slightly superior performance, but the
MM method with one component is very similar to linear regression. The results for 2
components are shown here to highlight the method’s ability as a potentially nonlinear method.
All of the methods reproduce the main features observed in the patterns. The soil moisture
pattern for Tarrawarra exhibits a pronounced organization with wet areas occurring in the valley
bottoms and on the south-facing hillslope, and all of the methods capture this general tendency.
The Satellite Station pattern is more weakly organized than Tarrawarra, but the estimation
methods capture some of this organization. The Cache la Poudre site has an aspect-dependent
pattern, which is the main feature that is reproduced by the estimation methods. The NSCE
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values included in the figure are calculated only from the associated testing dataset. For all three
sites, the SANN has the highest NSCE value although all methods perform very similarly for
Tarrawarra. The NSCE values are all significantly lower for the other two sites than for
Tarrawarra, but the SANN remains the best-performing method. The MM is the second-best
method for Satellite Station, while MLR is the second-best method for Cache la Poudre. The
SANN method likely performs better than the other methods because it has the most flexibility in
the type of relationship that it can infer from the data. Such flexibility would allow the SANN to
include subtleties in the relationships to the topographic attributes that are ignored by the other
two methods.
Number of predictor variables
Figure 3 plots the median NSCE for the three methods as the number of topographic attributes

used varies. All three wetness conditions are shown for the three applications sites. In all cases,
25% of the observations were used as training data, and the lines in the figure indicate the
median NSCE values from all 30 samples at that sampling rate (calculated from only the testing
locations). For each subset size, the NSCE shown is from the attribute set with the highest
median value. For the SANN and MM methods, the parameter values are those that produce the
best possible performance in each case. No condition is used to determine whether the additional
predictor variables explain a statistically significant portion of the variance in the soil moisture
observations for any of the methods. In nearly all scenarios in Figure 3, the performance of the
three methods is similar. The broadest range of performance between methods is observed at
Satellite Station for the dry and medium dates. In both of those cases, the SANN has the best
performance. The SANN also performs the best in most other cases in the figure, and it typically
performs the best for other sampling rates (not shown).
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Figure 3 - Median NSCE for each estimation method as the number of topographic attributes
used increases.
All of the methods perform best for the moderate wetness condition at the Tarrawarra and Cache
la Poudre sites, but at the Satellite Station site the methods perform similarly for the dry and
moderate conditions and perform worst for the wettest condition. Reduced performance in dry
and wet conditions is consistent with reduced spatial structure in the soil moisture patterns and
greater importance of local controls (e.g. porosity) relative to topography under those conditions
[Grayson et al., 1997; Western et al., 1999a]. The similarity of the results of the MLR, MM, and
SANN indicates that allowing nonlinearity in the relationships between soil moisture and
topographic attributes does not substantially improve pattern estimation. This result likely
implies that the relationships (where meaningful) are close to linear. For most scenarios in the
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figure, the methods show little variation in NSCE as predictor variables are added. The
exceptions are the moderate and wet dates at Tarrawarra as well as the dry date at Cache la
Poudre. For those two dates at Tarrawarra, the NSCE values increase substantially with the use
of a second predictor variable and then remain roughly constant. For the dry date at Cache la
Poudre, the SANN method improves consistently with the addition of more predictor variables
while the other two methods show little change. Overall, the NSCE for the SANN usually
remains roughly constant or improves with additional predictor variables, while the other two
methods generally decrease slightly with additional predictor variables. The lack of substantial
improvement with additional variables suggests that one or two attributes represent the major
effects of the dominant physical processes. Where they occur, negative trends in NSCE with
additional variables indicate overtraining, which leads to reduced generalization capability.
When higher sampling rates are used (not shown), the NSCE values are less likely to decrease as
the number of predictor variables increases. That result is expected because higher sampling
rates likely include more information that could justify the inclusion of additional attributes.
Sample size
The effects of the size of the training dataset on the performance of the methods are presented in

Figure 4. The figure shows the results for the best set of two predictor variables for each of the
methods, where the best set is defined as the set that produces the maximum value for the median
NSCE. The rows in Figure 4 show the results for a given method while the columns show the
results for a given study site. Only the moderate wetness condition is shown for each site, but
the results are consistent for all three conditions. The box-and-whisker plots in the figure
characterize the variation in the performance of each method among the 30 training sets
generated at a given sampling density. The upper and lower limits of the boxes represent the 25th
and 75th percentiles, respectively, for the NSCE and the horizontal line within the box represents
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the median value. Whiskers represent the limits of observed NSCE values that are not
considered outliers while outliers are marked by plus signs.

Figure 4 - Box and whisker plots characterizing the performance of each estimation method as
the amount of training data used increases. Plus symbols indicate outliers, which are defined as
values that are more than 1.5 times the distance between the upper and lower quartiles away
from the box limits.
For all the methods, the performance does not increase much as more observations are supplied
for training, and in some cases performance can decline with increasing data due to overtraining.
The highest median NSCE values for the SANN and MM that are achieved as one varies the
sampling rate are higher than for MLR (for all study sites). As a specific example, at the Cache la
Poudre site the highest median NSCE for MLR is 0.29, which occurs at the 75% sampling rate.
For the SANN and MM, the values are 0.39 and 0.33, respectively, and they both occur at the
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95% sampling rate. However, the sampling rates for which the median NSCE reaches its highest
value with the MLR method for the Tarrawarra, Satellite Station and Cache la Poudre sites are
50%, 95%, and 75%, respectively, while the rates for the SANN are 75%, 95%, and 95%, and for
MM they are 50%, 95%, and 95%. Overall, the nonlinear methods’ best performances were
obtained by using more data than the MLR, reflecting their ability to continue extracting useful
information as the amount of data increases. However the highest median NSCE occurs for all
methods and sites with at least 50% of the data being used to train the estimator, which
represents a significant data collection effort. The numbers of measurements represented by the
10% and 25% sampling rates are more feasible for regular manual collection. At those sampling
rates the SANN has the highest median NSCE values at the Satellite Station and Cache la Poudre
sites while MLR has the highest median values at Tarrawarra. Overall, the SANN achieves
equivalent or higher NSCE values than MLR when the sampling rate is at least 25%, and the
MM also outperforms MLR in most cases when the sampling rate is at least 50%.
Predictor sets chosen by methods
The SANN and MM can model nonlinear relationships between topographic attributes and soil

moisture, so it is possible that they perform best when using different topographic attributes than
the MLR uses. To investigate this possibility, we analyzed the frequency with which each
attribute is included in models with relatively high NSCE values for each estimation method.
Specifically, the top 10% of the models in terms of NSCE were identified for each method when
25% of the observations were used as training data, and the fraction of those models that
contains each topographic attribute was calculated. For example, for models with 2 predictor
variables, there are 15 combinations of predictor variables, and 30 samples were tested for each
combination, for a total of 450 results. From those results, the 45 cases with the highest NSCE
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values were analyzed. In Figure 5, the height of the bar associated with each attribute represents
the proportion of those cases that contain that attribute.

Figure 5 - Proportion of times each topographic attribute is selected by the best-performing
models as a function of the number of topographic attributes used.
For each study site, all three methods perform best using the same attribute in the one-variable
case although the attribute is different for each site. That single attribute remains the most
frequently used as the number of variables increases. The best-performing single attribute is
logSCA for Tarrawarra, slope for Satellite Station, and cosA for Cache la Poudre. The logSCA
is related to the convergence of flow due to topography and suggests the importance of water
redistribution at Tarrawarra. The Satellite Station topography is generally divided between
highland areas with high slopes and lowland areas with low slopes, and the soil moisture values
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reflect that division as well. The preference for cosA at Cache la Poudre site reflects the distinct
vegetation on the two opposing hillslopes at this site. For the two-predictor variable scenario at
Tarrawarra, the second selected variable is split approximately equally between cosA and PSRI
for all methods, indicating the importance of radiation-driven evapotranspiration variations at
this site. There is not a dominant secondary variable chosen by any of the methods in the twopredictor variable scenario at the Satellite Station or Cache la Poudre sites. Beyond the twovariable case, no consistent preferences for additional attributes are observed at any site.
This analysis was repeated for the dry and wet dates at each site. For the dry date (not shown),
the most significant difference from the moderate wetness date is that the models now perform
best when using PSRI at Tarrawarra, which indicates greater importance of evapotranspiration
compared with flow convergence. Additionally, elevation is a clear secondary attribute selected
at Satellite Station by the SANN and MM but not the MLR. For the wet date (not shown), the
only noteworthy difference from the moderate wetness scenario is the lack of a clearly preferred
attribute at the Cache la Poudre site for the SANN. However, the MLR and MM methods
preferentially selected logSCA as the first predictor. Overall, the methods tend to select the
same attributes for soil moisture estimation at each catchment. Therefore, performance
differences between the methods are due to differences in the forms of the modeled relationships
between the attributes and soil moisture rather than due to the selection of different attributes.
We also implemented each method in a stagewise manner using the same topographic attributes
and sampling scheme. In this implementation, the best single predictor variable was chosen first,
and its estimate of soil moisture was retained. Then, this predictor variable was removed from
subsequent consideration, and the remaining predictor variables were evaluated in their ability to
explain the residuals. This process was repeated until all predictor variables were used. We

27

found that the stagewise method does not offer any improvement in performance over the
original implementation.

Conclusions
1. The SANN method consistently outperforms the MM method and MLR and is the best
overall method tested. For the majority of locations, wetness conditions, and levels of
training data, it provides higher NSCE values than the other two methods. In most
scenarios, the increase in performance is not large, but the improvement is consistent, and
the method never performs much worse than the other methods. Another positive aspect
of the SANN method is its superior performance when using multiple predictor variables.
All the methods tend to perform the best at a given site when using the same topographic
attribute as a single predictor variable, but a different attribute is best for each of the sites.
However, because SANN performs better than the other methods when using multiple
predictor variables, the a priori selection of one or two attributes for soil moisture
estimation would not be required for that method. Thus, one could use a single, larger set
of topographic attributes at a variety of sites. MLR may also be able to be used in a
similar fashion if a suitable test for statistical significance is evaluated before a predictor
variable is added to the model.
2. The estimation accuracy of all of the methods depends on both the catchment and
wetness condition for which estimates are made. All methods perform best at Tarrawarra
under the moderate wetness condition and perform worst at Cache la Poudre for the wet
condition. Thus, not only do individual site characteristics determine how well the
methods estimate soil moisture from topographic attributes, but those characteristics also
affect the wetness condition under which the methods perform best.
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3. In order for the SANN and MM to consistently perform better than MLR, relatively large
training datasets are required. More training data leads to higher NSCE values for most
scenarios tested. For all scenarios except the wet condition at Cache la Poudre, SANN
performs equivalently or better than MLR for sampling rates greater than or equal to
25%, and for most scenarios, MM outperforms MLR at the 50% sample rate and above.
The superior performance of the SANN and MM methods suggest that the relationships
between soil moisture and topographic attributes might be weakly nonlinear, but more
data are required for the estimation methods to discern any nonlinearity and for the
improved performance of these methods to be realized.
Several directions are open for future research. These include testing the abilities of the methods
to estimate soil moisture under circumstances (e.g., wetness conditions, locations, or DEM
resolutions) different than those for which the methods were trained. In addition, other statistical
learning techniques such as support vector machines and genetic algorithms could be evaluated
for estimating soil moisture patterns.
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Part II: Controls on Topographic Dependence and Time-Instability
in Catchment-Scale Soil Moisture Patterns
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Notation
A – upslope contributing area
c – contour length
E – evapotranspiration rate
Ep – potential evapotranspiration rate
F – infiltration rate
G – drainage rate to saturated zone
Ip – potential solar radiation index
Ks,h – horizontal saturated hydraulic conductivity
Ks,v – vertical saturated hydraulic conductivity
L – lateral unsaturated flow rate
S – topographic slope
wG – weight applied to drainage to saturated zone pattern
wL – weight applied to lateral flow moisture pattern
wR – weight applied to radiative evapotranspiration pattern
wA – weight applied to aerodynamic evapotranspiration pattern

α – proportion of aerodynamic evapotranspiration relative to radiative evapotranspiration
βa – exponent describing aerodynamic evapotranspiration moisture limitation
βr – exponent describing radiative evapotranspiration moisture limitation
γh – horizontal pore disconnectedness index
γv – vertical pore disconnectedness index
δ0 – soil depth for location with no curvature, mm
ε – exponent describing relationship between topographic slope and horizontal hydraulic
gradient
θ - soil moisture content at a location
θ - spatial average soil moisture
θG – soil moisture pattern when drainage to saturated zone is dominant process
θL – soil moisture pattern when lateral flow is dominant process
θR – soil moisture pattern when radiative evapotranspiration is dominant process
θA – soil moisture pattern when aerodynamic evapotranspiration is dominant process
κ – topographic curvature
κmin – minimum curvature for which soil is present
Λ – spatial average of lateral flow index
Π – spatial average of evapotranspiration index
φ - soil porosity
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Introduction
The land surface wetness state, as represented by volumetric soil water content (soil moisture),
plays a large role in determining the effects of hydrologic processes. For example, soil moisture
affects both the partitioning of precipitation into infiltration and runoff [Dunne and Black, 1970]
as well as the partitioning of radiation into evapotranspiration (ET) and latent heat flux
[Entekhabi et al., 1996]. Soil moisture also influences vegetation patterns [Eagleson, 1978],
erosion processes [Moore et al., 1988], and soil development [Hillel, 1998]. In addition, the
nonlinearity of many hydrologic processes with respect to soil moisture means that spatial
patterns of soil moisture influence the spatially-averaged or spatially-integrated effects of the
processes [Dunne and Black, 1970; Dunne et al., 1975; Hewlett and Hibbert, 1967; Western et
al., 2001].

Catchment-scale soil moisture values have been found to be correlated with a variety of
topographic, soil, and vegetation characteristics [Lin, 2006; Niemann and Edgell, 1993; Western
et al., 1999a]. Because topographic information in the form of digital elevation models (DEMs)

is readily available, relationships between topographic attributes and soil moisture are
particularly desirable for estimating soil moisture. Soil moisture exhibits at least two pattern
types related to topography. The first type of pattern is organized similarly to the catchment
drainage pattern with wetter locations occurring in the valley bottoms and will be called a valleydependent pattern in this paper. Valley dependence can be represented quantitatively by
topographic attributes such as the contributing area or the wetness index [Beven and Kirkby,
1979; Moore et al., 1988]. Those attributes have exhibited reasonably strong correlations with
soil moisture at some times and locations [Burt and Butcher, 1985; Nyberg, 1996; Perry and
Niemann, 2007; Western et al., 1999a] but not at others [Crave and Gascuel-Odoux, 1997;
Ladson and Moore, 1992]. The second pattern type has an organization that is related to the
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hillslope orientations with wetter locations occurring on the slopes that are more shaded from the
sun and will be called a hillslope-dependent pattern. Hillslope dependence can be represented
quantitatively by aspect-related attributes, including the cosine of the aspect and potential solar
radiation index (PSRI) [Dingman, 2002]. These attributes have also been found to be correlated
with soil moisture values in some cases [Famiglietti et al., 1998; Gomez-Plaza et al., 2001]. In
some instances, topographic attributes related to both the valley-dependent and hillslopedependent patterns have been found to improve soil moisture estimates [Gomez-Plaza et al.,
2001; Western et al., 1999a; Wilson et al., 2005]. It remains unclear why different catchments
exhibit different types of topographically-dependent soil moisture patterns.
The dependence of soil moisture on topography or other characteristics at a catchment can also
change through time [Western et al., 1999a; Wilson et al., 2005]. Such behavior can lead to
changes in the spatial structure of the soil moisture pattern, which is known as time instability.
Vachaud et al. [1985] introduced the concept of time stability and its analysis as a means to

reduce the number of observations required to characterize the behavior of spatially-averaged
soil moisture. Several studies in various catchments have since used temporal stability analyses
to confirm the presence of time-stable locations [Brocca et al., 2009; Cosh et al., 2006; Grayson
and Western, 1998; Martinez-Fernandez and Ceballos, 2005]. The physical origins of time

stability in soil moisture patterns are not as widely studied. Gomez-Plaza et al. [2000] studied
soil moisture along three transects in a semi-arid climate and found greater time instability on the
transect consisting of two hillslopes with different aspects. They attributed the increased
instability to greater heterogeneity of that transect’s characteristics relative to the other transects’
characteristics. The heterogeneity included not only the different aspects but also different
vegetation densities. On a larger scale, Mohanty and Skaggs [2001] analyzed pixels from the
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Southern Great Plains 1997 (SGP97) experiment and found that the footprint with sandy loam
soil was more time-stable than the footprints with silty loam soil. Additionally, they found that
flat topography and variable land cover were associated with greater time instability. Time
stability has been observed at several study sites where the spatial variations in soil moisture are
correlated with soil properties [da Silva et al., 2001; Grant et al., 2004; Lin, 2006; Vachaud et
al., 1985], but it has also been observed at sites where the patterns depend on topography

[Kachanoski and DeJong, 1988]. At the Tarrawarra catchment, where topographic attributes
exhibit a strong influence on soil moisture variations, time instability has been documented
[Western et al., 1999a]. Grayson et al. [1997] suggested that the tendency of the soil moisture
patterns at Tarrawarra to change spatial organizations through time is related to the relative
importance of vertical and horizontal fluxes, which depend on the relative amounts of
precipitation and potential ET (PET) in different seasons. Overall, however, the catchment
characteristics that promote time instability remain poorly understood.
The objectives of this research are to determine: (1) the local soil, vegetation, and climatic
characteristics that most influence the type of topographic-dependence that occurs in the soil
moisture patterns at a catchment and (2) the factors affecting the temporal stability of the soil
moisture patterns at a catchment. We begin by deriving a conceptual model, the Equilibrium
Moisture from Topography (EMT) model, for estimating soil moisture patterns from physicallybased considerations of the processes affecting soil moisture. The processes are represented in
the model as functions of topographic attributes. All other characteristics are assumed to be
homogeneous within a given catchment. The model uses the spatial-average soil moisture as
input, which allows for different types of topographic dependence to emerge as the overall
wetness changes. Three catchments are used to test the model: Tarrawarra in Southeastern
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Australia, Satellite Station in the Maharungi catchment on the North Island of New Zealand, and
Cache la Poudre in north-central Colorado. These three catchments have very different climatic
and terrain conditions as well as soil moisture patterns with a range of topographic dependences
and time–instability characteristics. The type of topographic dependence and the degree of time
instability produced by the model for these catchments are quantified using two metrics. The
responses of those metrics to different values of model parameters are used to assess the
influence of catchment characteristics on the moisture pattern type and the time-instability.

Model Development
The model is developed by considering the land area that drains through an arbitrary length of an
elevation contour in the catchment (or equivalently the downslope edge of a DEM grid cell). In
particular, the water balance is evaluated for the vadose zone within this area. Four processes are
included to transport water to or from the vadose zone: infiltration F [L T-1], deep drainage or
recharge to groundwater G [L T-1], lateral unsaturated flow L [L T-1], and ET E [L T-1]. For
simplicity, soil moisture is assumed to be constant with depth within the vadose zone. Although
the average soil moisture in the catchment will be allowed to vary in time, the soil moisture
pattern is derived by considering equilibrium conditions. This approach assumes that the pattern
is not affected by whether the catchment is getting wetter or drier and thus precludes
consideration of hysteresis. Under these assumptions, one can write the water balance as:

∫ F dA = ∫ G dA + L + ∫ E dA
A

A

(2.1)

A

where A is the land area [L2] that can contribute flow to the length of the elevation contour.
The deep drainage process is represented as unsaturated vertical flow of water into deeper levels
of the ground. This process is assumed to take place as percolation whereby gravity is the only
driving force with no diffusivity contribution. The Campbell [1974] equation is used to
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determine the unsaturated hydraulic conductivity from the soil moisture. Under those conditions,

G is equivalent to the unsaturated hydraulic conductivity or:
θ 
G = K s ,v  
φ 

γv

(2.2)

where Ks,v is the saturated vertical hydraulic conductivity [L T-1], θ is the soil moisture in units of
volume of water per total volume (V/V), φ is the soil porosity, and γv is the pore
disconnectedness index [Dingman, 2002].
The lateral unsaturated flow is determined by calculating a horizontal specific discharge from
Darcy’s Law. In that expression, the unsaturated hydraulic conductivity is again described using
the Campbell [1974] equation, and the hydraulic gradient is assumed to be related to the
topographic slope [Beven and Kirkby, 1979; Temimi et al., 2010]. Then, the volumetric lateral
flow L is determined by multiplying the specific discharge by the area through which it occurs.
That area is the arbitrary length of the contour multiplied by the depth of the layer through which
the flow is occurring. That depth is represented as a function of topographic curvature based on
an expression for soil depth in Heimsath et al. [1999]. In the end, the resulting equation for L is:
γ

h
κ −κ 
θ  ε
L = δ 0  min
cK
 s,h   S
κ
φ 
 min 

(2.3)

where δ0 [L] is the layer thickness for a location with a curvature of zero, κmin [L-1] is the
minimum curvature for which the hydrologically active layer is present, κ [L-1] is the local
surface curvature, Ks,h [L T-1] is the saturated horizontal hydraulic conductivity, c [L] is the
contour length under consideration, S [L L-1] is the local topographic slope, and ε is a parameter
relating the hydraulic gradient to the topographic slope. Note that curvature is defined here as
positive for convergent locations and negative for divergent locations.
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ET is modeled using a Priestley-Taylor approach [Priestley and Taylor, 1972], which assumes
that the aerodynamic term is a specified fraction of the radiation term in the Penman equation
[Penman, 1948]. In the present model, topographically-induced local variations in insolation are
considered in the radiation term by including the potential solar radiation index (PSRI), which is
the ratio of the insolation of the topographic surface relative to that of a horizontal surface at the
same location and date. Moisture limitations are included by assuming that the actual ET is the
PET multiplied by a power-function of the soil moisture. Combining all these elements, the
resulting expression is:
β

EpI p  θ  r
E pα  θ 
E=
  +
 
1+α  φ 
1+α  φ 

βa

(2.4)

where Ep [L T-1] is the regional PET and Ip is the PSRI. The first term on the right-hand side of
equation (2.4) represents radiative ET and the second term represents aerodynamic ET
(saturation deficit ET). α is the ratio of the aerodynamic term to the radiation term in the
Penman equation (i.e., it is equivalent to the Priestley-Taylor coefficient minus one) with values
usually in the range [0, 0.74] [Eichinger et al., 1996; Shuttleworth, 1993]. βr and βa are
vegetation-related parameters. In the literature, a single β is typically applied to both ET terms,
with β >1 representing bare soil and β <1 representing vegetated soils [Lowry, 1959]. Here,
distinct exponents are allowed for each term because moisture limitations might affect the energy
and aerodynamic components in different ways. The composition of equation (2.4) also
implicitly neglects ground heat flux.
Substituting the expressions for G, L, and E from equations (2.2), (2.3), and (2.4) into equation
(2.1) and assuming for the purposes of this analysis that the values for F, φ, Ks,v, Ks,h, γv, γh, δ0,
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κmin, ε, α, βr, βa, and Ep are all spatially constant (and therefore represent catchment-wide
effective values) produces:

F=

K s ,v

φ

γv

θ
A∫

γv

dA +

δ 0 (κ min − κ ) K s , h
γh

κ minφ A

A

ε

cS θ

γh

+

Ep
(1 + α )φ

βr

Iθ
A∫
p

βr

dA +

A

E pα

∫θ

βa

(1 + α )φ A A

βa

dA (2.5)

In this expression, the integrals divided by the upslope area represent the averages of the
integrands over the upslope area. Assuming for simplicity that those average values can be
approximated by the respective local values, equation (2.5) can be written as:

F=

K s ,v

φ

γv

θγ +
v

δ 0 (κ min − κ ) K s , h
γh

κ minφ A

ε

cS θ

γh

+

Ep
(1 + α )φ

βr

I pθ βr +

E pα
(1 + α )φ

βa

θβ

a

(2.6)

If the value of F is known, equation (2.6) can be solved for θ at each location within the
catchment using the topographic attributes and specified soil, vegetation, and climate parameters.
However, the equation must be solved iteratively, which makes it inconvenient for estimating the
soil moisture pattern if a large number of simulations are required (as is the case later in this
work).
To obtain an approximate, explicit solution for θ, the following procedure is used. Each term on
the right-hand side of equation (2.6) is assumed in turn to be much larger than the other terms. If
only a single term is retained in the equation, then an analytical solution can be found. A final
estimate of θ is then determined as a weighted average of the four analytical solutions as follows:

θ=

wGθG + wLθ L + wRθ R + wAθ A
wG + wL + wR + wA

(2.7)

where θG, θL, θR, and θA are the estimates when deep drainage, lateral flow, radiative ET, and
aerodynamic ET are assumed to dominate, respectively, and wG, wL, wR, wA determine the
importance of each estimate in the final calculation of soil moisture. The impact of this approach
on the simulated soil moisture patterns will be evaluated later in the paper.
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Consider first the case where lateral drainage is the dominant outflow process. If only this term
is retained, equation (2.6) can be solved for θL:
 F 
θ L = φ 

 δ 0 K s,h 

1

γh

 A 
 ε
 cS 

1

γh

 κ min 


 κ min − κ 

1

γh

(2.8)

Integrating equation (2.8) over the catchment, one obtains:
 F 
1
θ =
θ
φ
dA
=


L
c
Ac A∫c
 δ0 Ks,h 

1

γh

1
Ac

 A 
∫A  cS ε 
c

1

γh

 κ min 


 κ min − κ 

1

γh

dAc

(2.9)

where θ is the average soil moisture in the catchment and Ac is the catchment area. The term
1/ γ h

that remains in the integral, ( A / cS ε )1/ γ h [κ min / (κ min − κ )]

, is a compound topographic index,

which we call the lateral flow index (LFI). Denoting the average LFI within the catchment by

Λ and substituting it into equation (2.9), one obtains:
1

 F 
θ = φ 

 δ 0 K s ,h 

γh

Λ

(2.10)

Combining equations (2.8) and (2.10), one obtains:

θ  A 
θL =  ε 
Λ  cS 

1

γh

 κ min 


 κ min − κ 

1

γh

(2.11)

If lateral flow dominates, this expression suggests that the soil moisture depends on the average
soil moisture in the catchment and the LFI. Similar calculations with the other terms in equation
(2.6) lead to the three other estimates for the local soil moisture. In particular,

θG = θ
θ 1
θR = 
Π  I p
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(2.12)
1/ β r





(2.13)

1/ β r

where (1 / I p )

is another compound topographic attribute, which we call the

evapotranspiration index (ETI), Π is the spatial average of the ETI within the catchment and:

θA = θ

(2.14)

Each of these estimates is expected to become more reliable as the associated process becomes
more important to the overall water balance. Thus, the weight for each process in the weighted
average is determined from the term associated with that process in equation (2.6). For example,
identifying the term associated with lateral flow and substituting θL for θ in this term (and
simplifying) leads to:

 θ 
wL = δ 0 K s , h 

 Λφ 

γh

(2.15)

The weights for the other processes are determined similarly and are given by the following
expressions:
wG =

wR =

K s ,v

φ

γv

θγ

Ep I p
(1 + α )φ β r

(2.16)

v

θβ

r

(2.17)

a

(2.18)

and:

wA =

E pα
(1 + α )φ

βa

θβ

Finally, substituting equations (2.11) (2.12), (2.13), (2.14), (2.15), (2.16), (2.17), and (2.18), into
equation (2.7), and simplifying produces:
v

h

h

θ =

1/ β
β
β

Ep
 θ   θ  1   E pα  θ 
+
    +
  θ
β 
 (1 + α )Π  φ   Π  I p   (1 + α )  φ 
γ
γ
β
β
Ep
E pα  θ 
 θ  δ 0 K s, h  θ 
θ 
K s, v   +
  +
 +
 
γ
β 
Λ φ 
(1 + α ) Π  φ 
(1 + α )  φ 
φ 

1/ γ
γ
γ
1/γ
δ 0 K s , h  θ   θ  A   κ min 
θ 
K s ,v   θ +
    ε 

γ
Λ  φ   Λ  cS   κ min − κ 
φ 
h

v

h

r

h

r

h

r

(2.19)
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r

r

a

a

which provides an explicit estimate of the local soil moisture as a function of the average soil
moisture in the catchment θ , two compound topographic indices (the LFI and the ETI), and
various climate, soil, and vegetation parameters. It is possible for this expression to produce θ
values that exceed the porosity φ at some locations, particularly if θ is near φ. In such cases, θ
is reduced to φ and the remaining water is interpreted to be flowing or standing on the ground
surface. An alternative interpretation could allow for a higher local porosity than the spatially
constant effective value represented by the φ parameter.

Application Sites
The model is evaluated by applying it to three catchments with extensive soil moisture datasets.
The Tarrawarra catchment is located near Melbourne, Australia and was originally described by

Western and Grayson [1998]. The catchment has a temperate climate with average annual
rainfall of 820 mm, average annual PET of 830 mm, a rainfall deficit in summer and a rainfall
excess in winter. The catchment is covered by pasture for cattle grazing. Soils generally have a
silty loam A horizon and a B horizon with higher clay content and soil depths vary from 40 cm
in the upper catchment to over 2 m in the low areas. The topography consists of undulating hills
with no incised channels (Figure 6), the catchment area is 10.5 ha and the total relief is 29 m. A
DEM with a 5 m linear dimension for its grid cells is available for this site and was used to
calculate the topographic attributes that are required by the model. The flow directions and
contributing areas for all catchments were calculated using the D∞ algorithm [Tarboton, 1997].
Soil moisture data were collected in the top 30 cm of the soil with time-domain reflectometry
(TDR) probes on thirteen dates between 27 September 1995 and 29 November 1996 on a 10 m
by 20 m sampling grid [Western et al., 1999b]. The dataset was filtered to remove locations with
missing values on any date so that the remaining dataset includes 454 points. The θ values for
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these dates range between 0.21 and 0.49. The observed soil moisture patterns at Tarrawarra
exhibit more hillslope dependence during drier periods, stronger valley dependence during wetter
periods, and a combination of the two patterns during intermediate periods (Figure 7 a,b,c).
The Satellite Station field site of the Maharungi River Variability Experiment (MARVEX) is
located on the North Island of New Zealand [Wilson et al., 2003; Woods et al., 2001]. The
Satellite Station site has a humid climate with annual rainfall of approximately 1,600 mm and
annual pan ET of approximately 1,300 mm [Wilson et al., 2003]. Hillslope soils are generally
silty clay loam, while lowland valley soils are relatively deep alluvial fill with high clay content.
Satellite Station has a total area of approximately 60 ha with undulating terrain and relief of
approximately 80 m (Figure 6). The topographic dataset for this location is available as a 10 m
resolution DEM. The soil moisture dataset used consists of six sample dates between April 1998
and November 1999 and is comprised of TDR measurements collected at 0-30 cm depth on a
40 m grid.
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Figure 6 - Topography observed at the Tarrawarra, Satellite Station and Cache la Poudre
catchments. Shading shows elevation (m) relative to each catchment’s outlet, and lines show
elevation contours.
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Figure 7 - Representative observed (a, b, c), EMT model (d, e, f), and implicit (equation 2.6) (g,
h, i) soil moisture patterns for Tarrawarra. The observed soil moisture patterns are from 14 Feb.
1996, 27 Sep. 1995, and 2 May 1996, and the spatial-average moisture values are 0.26, 0.38, and
0.42 V/V for a, b, and c, respectively. NSCE values for the EMT model are 0.12, 0.54, and 0.53.
The dataset was again filtered so that it includes only locations with measurements on all dates
(322 locations). The θ values for this dataset range from 0.25 to 0.46. Visually, the soil
moisture patterns at Satellite Station are more stable through time than those at Tarrawarra with
the valley bottoms remaining wetter than the upland areas on all dates (Figure 8a,b,c).
The Cache la Poudre catchment is located near Rustic, Colorado and is part of the larger Cache
la Poudre River basin [Lehman and Niemann, 2008]. The catchment has a semi-arid climate
with an annual precipitation of about 400 mm and annual PET of about 930 mm. The vegetation
is aspect-dependent with shrubs on the south-facing hillslopes and a coniferous forest on the
north-facing slope. The soils are also aspect-dependent with thin sandy soil on the south-facing
hillslope and thicker mineral soils covered by litter and organic matter on the north-facing
hillslope.
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Figure 8 - Representative observed (a, b, c), EMT model (d, e, f), and implicit (equation 2.6) (g,
h, i) soil moisture patterns for Satellite Station. The observed soil moisture patterns are from 18
Feb. 1999, 25 Mar. 1998, and 30 Oct. 1999, and the spatial-average moisture values are 0.25,
0.32, and 0.40 V/V for a, b, and c, respectively. NSCE values for the EMT model are 0.19, 0.24,
and 0.14.
The catchment is approximately 8 ha, consists of the headwater area for one incised ephemeral
channel and has total relief of approximately 124 m (Figure 6). The DEM for the catchment was
developed from a total station and GPS survey and has 15 m resolution. Soil moisture data at the
Cache la Poudre site were collected on nine dates between 22 April 2008 and 24 June 2008 using
TDR instruments. The data were collected immediately after a sequence of spring rainfall events
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and during the subsequent drying periods. Due to the shallow soils, particularly on the southfacing hillslope, soil moisture measurements were collected in the top 5 cm of the soil. A total of
350 locations remain for this dataset after removing points that have dates with missing data.
Due to the semi-arid climate of this location, the θ values for this dataset are lower than the
other two datasets and range between 0.04 and 0.19. Visually, the soil moisture patterns exhibit
more consistent hillslope dependence than the patterns at the other two catchments (Figure
9 a,b,c).

Figure 9 - Representative observed (a, b, c), EMT model (d, e, f) and implicit (equation 2.6) (g,
h, i) soil moisture patterns for Cache la Poudre. The observed soil moisture patterns are from 24
June 2008, 12 June 2008, and 28 May 2008, and the spatial-average moisture values are 0.04,
0.11, and 0.19 V/V for a, b, and c, respectively. NSCE values for the EMT model are 0.07, 0.11,
and 0.00.

Model Calibration and Performance Results
A separate model calibration was performed for each catchment. In each case, the calibrated
parameter set was found by maximizing the average of the Nash-Sutcliffe Coefficient of
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Efficiency (NSCE) for all the dates in the available soil moisture dataset. Multiple initial sets of
parameters were used in the optimization algorithm to improve the likelihood of finding the
global optimum. These initial parameter sets were chosen by pseudo-random number generation
within a reasonable range for each model parameter. The parameter ranges and final, calibrated
parameter values are shown in Table 1. The PET values used in the model applications are
annual average values. The value for Tarrawarra was obtained from the literature [Western and

Grayson, 1998], while the values for Satellite Station and Cache la Poudre were calculated from
meteorological observations and the Priestley-Taylor equation [Priestley and Taylor, 1972].

Table 1 - Parameter sets that produce soil moisture estimates with maximum average NSCE for
each catchment
Parameter
Ks,v

Allowed Range
5 – 50,000 mm day-1

Tarrawarra
203.8 mm day-1

Satellite Station
396.4 mm day-1

Cache la Poudre
608.6 mm day-1

Ks,h

5 – 50,000 mm day-1

5.000 mm day-1

3647 mm day-1

25.42 mm day-1

φ

0.25 – 0.70 m3 m-3

0.6037 m3 m-3

0.4834 m3 m-3

0.3361 m3 m-3

γh

4 – 25

7.704

8.530

25.00

γv

4 – 25

14.24

15.03

12.39

βr

0.2 – 5.0

3.692

5.000

5.000

βa

0.2 – 5.0

0.4809

3.025

4.090

α

0 – 0.70

0.0042

0.7000

0.0971

300 mm

300 mm

300 mm

300 mm

κmin

-10 – catchment value
m-1*

-292.6 m-1

-288.5 m-1

-320.1 m-1

ε

0–3

0.1126

3.000

2.980

δ0
6

*The upper limit for κmin is set slightly lower than the minimum curvature observed at the application catchment to
avoid creating locations with no hydrologically active layer.

Also, PSRI was calculated only for the winter solstice at each catchment and used for all dates.
Time-varying values of PET and PSRI could be used in the model, but this level of detail is
expected to be unwarranted given the equilibrium assumption made in the model development.
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The columns labeled “EMT Model” in Figure 7, Figure 8 and Figure 9 show the simulated
patterns for three representative dates at each catchment using the parameter sets with the
maximum average NSCE. In Figure 7, which shows Tarrawarra, the EMT model patterns show
increasingly prominent wet areas in the valley bottoms as the spatial-average soil moisture
increases from (d) to (f). In contrast, the difference in the soil moisture values between the
opposing hillslopes decreases. Both of these behaviors are consistent with the observations
shown in (a) to (c). Some differences are also observed between the simulated and observed
patterns. The observed dry pattern in (a) is much less organized (i.e. there is more speckle) than
the simulated pattern. In addition, the model seems to slightly overestimate the importance of
the valley bottom to the soil moisture values on this date. For the wetter two dates, the simulated
soil moisture patterns exhibit wet locations within a narrower band in the valley bottom than the
observed patterns. Overall, however, the type of topographic dependence and its transition
between dates is approximately reproduced by the model. In Figure 8, which shows Satellite
Station, the observed and simulated patterns all exhibit stable wet areas in the valley bottoms
irrespective of the spatial-average soil moisture. Again, the observed patterns exhibit more local
variability than the simulated patterns. In Figure 9, which shows the Cache la Poudre catchment,
both the observed and the simulated soil moisture patterns tend to have wetter conditions on the
north-facing hillslope than the south-facing hillslope, but much more speckle is present in the
observed patterns than the simulated patterns. Overall, it appears that the EMT model can
produce soil moisture patterns for catchments dominated by either hillslope or valley dependence
as well as patterns for catchments that have varying combinations of these dependencies through
time.
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The ranges of NSCE among the dates in each dataset are shown in Table 2. For a given date, a
value of one for the NSCE would mean that the model captures all of the spatial variation present
on that date, and a value of zero would mean that the model does not explain any of the spatial
variation.
Table 2 - Statistics of the NSCE values from all available dates at the three catchments when the
best-performing parameter sets are used.
Tarrawarra
Satellite Station
Cache la Poudre
Maximum
0.58
0.28
0.22
Average
0.31
0.18
0.08
Minimum
0.06
0.09
-0.02

Comparing between the three catchments, the EMT model explains on average between 8% and
31% of the spatial variation in the soil moisture. The best performance occurs at Tarrawarra
where the model can explain up to 58% of the variation on one particular date. These values are
similar to the performance of other methods that estimate soil moisture based on topography at
these sites [Coleman and Niemann, 2010; Perry and Niemann, 2007; Western et al., 1999a;

Wilson et al., 2005]. Approximately 40 percent of the total spatial variation in soil moisture at
these scales is noise [Busch et al., 2011] so the model is capturing a substantial portion of the soil
moisture dependence on topography. However, these values are relatively low, which implies
that other factors such as soil and vegetation variations also impact the spatial variability. An
alternative way to evaluate the model performance is to calculate a single NSCE for the entire
space-time soil moisture dataset. When calculated in this way, the measure evaluates the
model’s ability to reproduce both the spatial and temporal variability in the complete dataset.
The resulting NSCE values are 0.92, 0.70, and 0.76 for Tarrawarra, Satellite Station, and Cache
la Poudre, respectively. The NSCE is higher when calculated in this fashion because the
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variations in soil moisture between dates are quite large, and the model successfully reproduces
such variations in part because the spatial-average soil moisture is provided as input.
The soil moisture values calculated by the EMT model (equation (2.19)) are approximations of
the values that would be calculated by the more complex equation (2.5). To progress from
equation (2.5) to (2.6), it was assumed that upslope average soil moisture values could be
approximated with the local soil moisture values. To progress from equation (2.6) to (2.19), it
was assumed that the implicit equation could be approximated by a linear combination of
solutions in which each process is considered dominant. To partially evaluate this solution
procedure, the patterns obtained from equation (2.19) are compared to those obtained by
iteratively solving equation (2.6). The model parameters that provided the maximum average
NSCE value for the EMT model at each catchment were used in both equations. Because
equation (2.6) requires specification of F instead of the spatial-average soil moisture, F was
selected so that equation (2.6) produces a pattern with the same spatial-average as the EMT
model. The columns titled “Implicit Equation” in Figure 7, Figure 8 and Figure 9 show the
results from equation (2.6) when used in this manner. Note that the EMT model leads to a more
exaggerated difference in the soil moisture between the valley bottoms and hillslopes than would
occur using the same parameters in the implicit equation. The EMT model also produces wet
locations in a narrower band in the valley bottoms than the implicit equation (these wet areas
were found to be too narrow when comparing the EMT results to the observations). Because the
parameters were calibrated using the EMT model, their values are likely somewhat different than
if they had been calibrated using equation (2.6). However, sensitivity tests indicated that the
dependence of the EMT results on the model parameters was similar to the dependence of
equation (2.6). Model parameters were varied to low, moderate and high values within their
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allowed ranges and the resulting effects on the EMT model and the implicit equation results were
compared. While the degree of the changes in the two estimates differed in some cases, the
response of the patterns from the two equations was generally similar. Thus, the superposition of
the individual solutions appears to be a reasonable approximation for the analysis presented later
in this paper. It should be noted that the effect of using local values in place of average upslope
values in the model remains untested at this writing due to the complexity of implementing
equation (2.5).
The EMT model’s ability to produce moisture patterns with a diversity of spatial organizations is
a product of its use of the LFI and ETI patterns. The calibrated LFI and ETI patterns for each of
the three catchments are shown in Figure 10. The LFI and ETI patterns depend on the model
parameters but not on θ so the patterns are fixed once a set of parameters is selected. The LFI
patterns for each catchment reflect the valley configuration as shown in Figure 6. Darker regions
correspond to convergent locations, locations of higher contributing area, and/or locations with
lower slope, which tend to occur in the valley bottoms. If lateral flow is an important process,
these locations are expected to have elevated soil moisture. The ETI patterns distinguish the
hillslopes that are more exposed to the sun from those that are more shaded due to its
dependence on PSRI. The Tarrawarra and Satellite Station patterns have lower ETI values on
north-facing slopes because they are in the southern hemisphere, while the behavior is reversed
at Cache la Poudre because the catchment is in the northern hemisphere. Darker areas have
higher ETI values (i.e., lower potential insolation) and thus are expected to be wetter if radiative
ET is important.
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Figure 10 - Calibrated LFI and ETI patterns for the Tarrawarra, Satellite Station, and Cache la
Poudre catchments.

The relative importance of the LFI and ETI patterns depends on the spatial-average soil moisture
in the catchment. The relative weight for each term in the EMT model is plotted as a function of

θ in Figure 11. For example, the relative weight for lateral flow is wL / (wG + wL + wR + wA ) .
The weights for the Tarrawarra catchment are depicted in Figure 11(a). At very low values of θ ,
the aerodynamic ET weight is largest, which implies that its estimate of soil moisture ( θ ) is
most important. As θ increases to moderately dry values the radiative ET term becomes largest,
the ETI pattern becomes important and the hillslope-dependent soil moisture pattern occurs. As

θ becomes moderately large, the lateral flow weight and influence of the LFI reach their
maximums. This situation produces the valley-dependent soil moisture pattern. For very large
values of θ , the deep drainage weight becomes largest and its estimate ( θ again) becomes the
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most important. Thus, the soil moisture pattern becomes more spatially constant under very wet
conditions.
At Satellite Station (Figure 11(b)) aerodynamic ET and deep drainage again dominate at the
lower and upper ends, respectively, of the θ range. However, their relative weights are larger
than at Tarrawarra, which indicates that these terms are more important at the Satellite Station
catchment. The weight for radiative ET peaks at a slightly higher value of θ than at Tarrawarra,
but the lateral flow weight peaks at a slightly lower θ value than at Tarrawarra. The radiative
ET weight is much smaller at Satellite Station than at Tarrawarra, which implies that the
hillslope-dependent pattern is much less important at Satellite Station than at Tarrawarra. The
relative importance of lateral flow suggested here is consistent with previous analyses of Satellite
Station. Although the flow may occur deeper than the root zone, lateral movement of moisture is
an important determinant of soil moisture patterns at that catchment [Wilson et al., 2005].
The weights for Cache la Poudre in Figure 11(c) have some apparent similarities to the other two
sites, but it is important to note that the plotted range of θ is much smaller than for the other two
catchments. The aerodynamic ET and deep drainage processes again dominate at the extremes
of the range, but deep drainage is already the most important process at much lower values of θ .
The importance of deep drainage at this catchment is consistent with field experience. Infiltrated
water quickly drains to deeper levels in the soil due to the coarse texture at this site. Figure 11(c)
also shows that the radiative ET term is the most important over a substantial portion of the
plotted range of θ and the lateral flow weight is essentially zero for the entire range of θ that is
considered. This result is also expected given the apparent lack of valley dependence in the soil
moisture patterns at this catchment.
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Figure 11 - Calibrated weights plotted as a function of spatial average soil moisture for (a)
Tarrawarra, (b) Satellite Station and (c) Cache la Poudre. Markers indicate observed spatialaverage soil moisture values and the associated process weights. Note the lower maximum value
for spatial average soil moisture in (c).

Development of Pattern and Instability Metrics
The dominant type of topographic dependence can be investigated by calculating the
contribution of each underlying pattern to the total spatial variance of soil moisture. Spatial
variation in the EMT soil moisture patterns arises solely from the LFI and ETI patterns and
depends linearly on those patterns. Thus, the variance in the modeled patterns can be written as:
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σ θ2 = σ L2 + σ R2 + 2 ρ LRσ Lσ R

(2.20)

where σ L2 and σ R2 represent the spatial variance produced by the LFI and ETI patterns,
respectively, and ρLR is the correlation coefficient between the patterns of variation that are
introduced by the LFI and ETI.
Both σ L2 and σ R2 can be evaluated by referring back to the EMT model (equation (2.19)) and
recognizing that the LFI and ETI patterns are the only components of the model that vary
spatially. Specifically:
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(2.22)

where σLFI and σETI are the standard deviations of the LFI and ETI patterns within the catchment,
respectively. For any given θ , the relative importance of the two patterns can be evaluated by
n ≡ σ L2 − σ R2 . If n is larger than zero, more variation is introduced by the LFI than the ETI. If it

is smaller than zero, more variation is introduced by the ETI. Note that the variable n depends
on θ , so its value can change through time in a catchment.
To assess the type of topographic dependence that most commonly occurs at a catchment, θ is
considered a random variable in time and assumed to conform to a uniform distribution in the
range [0, φ], where φ is the parameter value. A simple uniform distribution is used because very
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few values of θ are available at each catchment to identify an appropriate distribution. In
addition, a uniform distribution is simple to modify if the porosity is changed (a scenario that
will be encountered later in the paper). The expected value of n, E[n], could be used to assess
the dominant pattern of variation in a catchment, but it is difficult to interpret because its
magnitude scales with the average spatial-variability of soil moisture. Thus, we define a final
measure for the dominant type of topographic dependence (i.e., the pattern metric NP) as:

NP ≡

E[ n ]
E[σ L2 + σ R2 ]

(2.23)

The maximum value of NP is 1, which indicates that all spatial variation is due to lateral flow and
valley dependence is the dominant organization type. The minimum value of NP is -1, which
implies that all variation is due to radiative ET and hillslope dependence is dominant.
A measure of time instability can be developed using a similar approach. A soil moisture dataset
can be considered to exhibit time instability if the type of topographic dependence changes with

θ . In particular, the valley pattern should be dominant for some range of θ , and the hillslope
pattern should be dominant for a different range of θ . The strength of the valley dependence
2
2
over the full range of θ can be assessed by E[nL ] / E[σ L + σ R ] , where:

 n if n > 0
nL ≡ 
 0 otherwise

(2.24)

Only positive values of n are retained here because they indicate a valley-dependent soil
2
2
moisture pattern. A similar measure E[nR ] / E[σ L + σ R ] can be developed to assess the overall

strength of the hillslope dependence, where:
n
nR ≡ 
0

if n < 0
otherwise
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(2.25)

The absolute value is included so that nR , like nL, takes only non-negative values. A catchment
with

time

instability

must

have

large

values

for

both

E[nL ] / E[σ L2 + σ R2 ]

and

E[nR ] / E[σ L2 + σ R2 ] . Thus, the instability metric NI is defined as:
NI ≡

4 E [ nL ] E [ nR ]
E[σ L2 + σ R2 ]2

(2.26)

This metric multiplies E[nL ] and E[nR ] to emphasize balanced combinations of E[nL ] and

E[nR ] (when multiplying two numbers that are in the range 0 to 1 and sum to 1, the maximum is
reached if both numbers are 0.5). The 4 is included so that the instability metric has a feasible
range of [0, 1]. If NI takes a value of zero, then the soil moisture patterns are time stable because
a single type of topographic dependence always controls the variation. As NI becomes large,
time instability increases because the contributions of the two patterns become increasingly
balanced but occur at distinct ranges of θ .

Results for Pattern and Instability Metrics
Before examining the catchment characteristics that affect the values of the pattern and
instability metrics, we first analyze these metrics and their origins at the three catchments.
Figure 12 plots the variance induced by the LFI ( σ L2 ), the variance induced by the ETI ( σ R2 ), and
the sum of the two variances ( σ L2 + σ R2 ) as a function of θ for all three catchments. Correlation
coefficients calculated between the calibrated LFI and ETI patterns are -0.06 for Tarrawarra, 0.24 for Satellite Station, and -0.07 for Cache la Poudre. Thus, σ L2 + σ R2 is very close to the total
simulated soil moisture variance in all cases except Satellite Station (see equation(2.20)). At
each of the three catchments, σ L2 + σ R2 is lower at the extremes of the θ range and higher in the
middle. The contributions of the LFI and ETI patterns to σ L2 + σ R2 vary between the catchments.
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At Tarrawarra, both patterns contribute to the sum for a wide range of θ values. At low θ
values, the ETI-related pattern contributes the majority of the sum. At moderate θ values, both
patterns contribute substantial variance, and at high θ values, the LFI-related pattern contributes
the majority of the sum. Recall that Figure 11 shows the weight associated with radiative ET is
larger than the weight associated with lateral flow at Tarrawarra. This result suggests that,
overall, the radiative ET process is more important than the lateral flow process. However, in
Figure 12, the variance introduced by the lateral flow pattern is much larger than the variance
introduced by the radiative ET. Thus, although the ET process is stronger at this site, the spatial
variance that it introduces is smaller than the variance introduced by lateral flow. In contrast,

σ L2 + σ R2 for Satellite Station and Cache la Poudre are each dominated by a single pattern over
their entire ranges of θ (Figure 12). At Satellite Station, the LFI pattern contributes the vast
majority of the sum, while at Cache la Poudre, only the ETI pattern is important. These results
are consistent with the weights shown previously for these two catchments.
Figure 13 plots n as a function of θ for the three catchments. In all three cases, n is near zero
when θ is small relative to the observed range for each catchment. It then moves away from
zero in the middle of the observed range and moves closer to zero again as θ continues to
increase to the upper portion of the range. At Tarrawarra, n is negative at lower θ values,
indicating more variation is contributed by radiative ET than by lateral flow. At higher θ
values, n becomes positive indicating that lateral flow now introduces more variance. For
Satellite Station, n is always positive, and for Cache la Poudre, n is always negative.
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Figure 12 - Soil moisture variance introduced by the LFI and ETI patterns and their sum for (a)
Tarrawarra, (b) Satellite Station and (c) Cache la Poudre. Markers indicate observed spatialaverage soil moisture values and the associated variances.
Overall, NP = 0.70 at Tarrawarra, NP = 0.99 at Satellite Station, and NP = -1.00 at Cache la
Poudre, and these values agree with visual interpretations of the soil moisture patterns at those
catchments. The NI values for Tarrawarra, Satellite Station, and Cache la Poudre are 0.15, 0.00,
and 0.00, respectively. These values are again consistent with the visual interpretations. Also
note that while Tarrawarra exhibits visible time instability, its NI value is still far from the
theoretical maximum of 1.
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Figure 13 - Difference between soil moisture variances introduced by the LFI and ETI patterns
(n) as a function of the spatial average soil moisture ( θ ) for the Tarrawarra, Satellite Station,
and Cache la Poudre catchments.
To determine the soil, vegetation, and climatic conditions under which a given type of
topographic dependence occurs, the pattern metric NP is calculated as the model parameters are
varied. The Tarrawarra catchment and its topography are chosen as the test case for this
analysis. The parameters Ks,v, φ, γv, βa, d0, and κmin are held at their best-performing values while
Ks,h, γh, βr, α, ε, and Ep are varied over their respective feasible ranges using 10 values
approximately uniformly or log-uniformly spaced. The feasible ranges for the parameters are
intended to represent broad ranges of soil, vegetation, and climatic conditions, not necessarily
conditions that could occur at Tarrawarra. All model parameters were varied in a series of
experiments like this one, but we show only the results for parameters whose values are more
commonly known at a catchment or have a greater effect on the metrics. For every generated
parameter set, NP is calculated. Then, a box plot is created for NP as each parameter is varied
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over its range (Figure 14) to show both the influence of the parameter on NP and the extent to
which that influence is affected by the other parameters. In Figure 14, the bars indicate the
median values of NP, and the boxes show the interquartile ranges (IQRs). Whiskers are not
included for clarity (they span the allowable range of NP for nearly all cases). In Figure 14, the
median value of NP increases as Ks,h increases through its allowable range. This behavior
indicates that soils that are highly conductive in the horizontal direction are more likely to
produce valley-dependent soil moisture patterns. The IQRs are relatively small, particularly
toward the lower limit of the range, suggesting that Ks,h has a relatively strong influence on the
pattern metric. The effect of the pore disconnectedness index γh is approximately the opposite of
the effect of Ks,h.

Figure 14 - Behavior of the pattern metric as the model parameters are changed at the Tarrawarra
catchment. Bars indicate the median metric value and boxes span the IQR.
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As γh increases the median NP values decrease indicating a shift toward hillslope-dependent soil
moisture patterns. As the pores become more disconnected, lateral flow is inhibited and the
relative strength of the hillslope dependence is promoted. The effect of βr on the NP values is
similar to that of Ks,h. As βr increases, the vegetation cover decreases, which reduces the
influence of radiative ET on the soil moisture and promotes a valley-dependent soil moisture
pattern. The ratio of aerodynamic and radiative ET terms α has only a small effect on the values
of NP, with the median value increasing as α increases. The large IQRs indicate that this
parameter has a weak connection to the pattern metric. The exponent relating the hydraulic
gradient to the surface slope ε has a substantial effect on the median NP values, with median
values decreasing as ε increases. As ε exceeds a value of one, the moisture pattern becomes
more hillslope dependent. Because the topographic slope has values less than one, an increase in

ε means that the hydraulic gradient and thus lateral flow are reduced, making radiative ET more
competitive. Nonetheless, the wide IQRs for all values but the upper end of the range indicate
that this parameter is not as strongly connected to the NP values as Ks,h, or γh. Finally, the PET
has an effect on the metric that is similar in magnitude but in the opposite direction to that of α.
The broad IQRs in this plot are somewhat unexpected because they imply that PET does not
have a strong influence on the type of topographic dependence in comparison to several other
parameters. Ks,h is important in part because it can range over orders of magnitude, while βr, γh,
and, to a lesser extent ε, are important in part because they are exponents. Ep has neither of these
properties and thus has a weaker influence. Considering the parameters that are not varied in the
figure, Ks,v has a much smaller effect than Ks,h on the pattern metric, but the metric does decrease
when Ks,v is at the upper end of its range. The magnitude of γv’s effect on the pattern metric is
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similar to that of Ks,v, but the metric is highest for the lowest values of γv and reaches a minimum
for mid-range values. φ, βa, and κmin have almost no effect on the pattern metric.
The impact of soil, vegetation, and climatic conditions on time instability can be evaluated using
the same collection of simulations if NI is calculated and plotted instead of NP. Figure 15 shows
the box plots for the instability metric as six parameters are varied over their allowable ranges.
The plots indicate that NI most commonly takes on values less than 0.4. In order for NI to
achieve a value of 1, a single type of topographic dependence would need to produce all the soil
moisture variation for half of the values of θ , and the other type of topographic dependence
would have to produce all of the variation for the other half. This abrupt switching is unrealistic
and cannot be easily produced by the EMT model, so one would not expect many NI values in the
upper half of the range. The largest median values for the NI metric occur with Ks,h values
greater than 1,000 mm/day, γh values in the upper half of its range, βr values in the lower half of
its range, and low values of ε. This scenario implies that time instability is more likely for a
catchment if the soils are conducive to horizontal flow, have moderately high pore
disconnectedness, relatively thick vegetation cover, and sufficient hydraulic gradient to promote
horizontal flow. Relatively high values of Ks,h increase instability because they promote a
balance in the contributions of lateral flow and radiative ET to the spatial soil moisture variance
when integrated over the range of θ . Such a balance is required if each process is to be
dominant for certain θ ranges. The combination of large γh values and small βr values promote
balance between the competing processes, but they also allow lateral flow to become dominant
under relatively wet conditions while radiative ET becomes dominant under relatively dry
conditions.
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Figure 15 - Behavior of the instability metric as the model parameters are changed at the
Tarrawarra catchment. Bars indicate the median metric value and boxes span the IQR.
Small ε values accentuate the spatial variance produced by the lateral flow pattern when it
occurs. Regarding parameters not shown in Figure 15, low Ks,v values can promote instability
but generally the effect is less than that for Ks,h. Variations in γv, βa, φ, α, κmin, and Ep do not
strongly affect the values of NI.

Conclusions
1. Realistic soil moisture patterns can be produced by assuming that the spatial structure of
the pattern is at equilibrium and inferring the spatial variability of the processes from the
topographic attributes. These patterns can reproduce not only the two distinct types of
topographic dependence observed at Satellite Station and Cache la Poudre but also the
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time instability observed at Tarrawarra. However, these patterns are typically capable of
reproducing less than half of the spatial variance in the observed soil moisture patterns.
2. The PET alone is not an important determinant of the type of topographic dependence
that occurs in the simulated soil moisture patterns. This result is perhaps unexpected
because drier conditions tend to be associated with hillslope-dependent soil moisture
patterns in the three analyzed datasets. Thus, one might expect that catchments with
higher PET would have more hillslope-dependent soil moisture patterns. If all other
catchment characteristics are held constant in the model, higher PET values do promote
the occurrence of hillslope-dependent soil moisture patterns. However, the plausible
range of PET and its influence on the pattern type are not enough to overcome the
influence of other site characteristics.
3. Certain soil properties in the model have a strong influence on the type of topographicdependence that occurs at a catchment. Higher saturated horizontal hydraulic
conductivities and greater pore connectedness facilitate lateral flow and thus promote
valley-dependent soil moisture patterns. Because saturated hydraulic conductivity can
vary over orders of magnitude and because pore connectedness influences a model
exponent, these factors have a strong impact on the resulting type of soil moisture pattern.
Similarly, the model exponent ε that determines the horizontal hydraulic gradient from
the topographic slope has a relatively strong impact on the type of topographic
dependence.
4. Greater vegetation transpiration efficiency or thicker vegetation cover, represented in the
EMT model by lower values of βr, have a relatively strong influence on the resulting soil
moisture patterns. Greater efficiency or thicker vegetation allows the plants to continue
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extracting soil water from hillslopes with lower moisture, thus enhancing the role of
radiative ET and the importance of the hillslope-dependent pattern. The influence of the
vegetation cover on the pattern type is potentially important because it suggests that a
modification of the vegetation cover could alter the structure of the soil moisture pattern,
which could have significant effects on the catchment’s runoff production [Western et al.,
2001].
5. Time instability in the model is promoted by parameter values that allow a balance in the
overall importance of lateral flow and radiative ET. Such a balance is required for one
process to control the soil moisture pattern under certain conditions, while the other
process controls the pattern for other conditions. Among other factors, this balance is
more commonly achieved with relatively large horizontal saturated hydraulic
conductivity values.
6. Time instability in the model also requires parameter values that produce a switching in
the dominant process between wet and dry conditions. The combination of relatively
high values of pore disconnectedness and high values of vegetation cover (or
transpiration efficiency) produces this behavior.
Several notable avenues are available for future research. First, the current analysis assumes
that soil, vegetation, and climatic properties are all spatially and temporally constant within
the catchment. In real catchments, it is expected that time instability occurs when timeunstable topographic dependence overcomes stable variations produced by other factors.
This competition could be explored in the future by including spatial variations in the soil
and vegetation characteristics represented in the model. Second, the EMT model is
potentially well-suited for downscaling applications because its input is the spatial-average
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soil moisture. Further testing of the model should be conducted, including examining its
performance when a grid of spatial-average soil moisture values is used and when limited
data are available for calibration. Third, the EMT soil moisture estimate can be viewed as a
generalization of the wetness index used in TopModel [Beven and Kirkby, 1979]. One could
potentially use this approach to examine whether this more flexible measure of catchment
wetness would allow superior rainfall-runoff simulations, particularly under dry antecedent
conditions when the wetness index might not apply.
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APPENDIX: EMT Model Derivation
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The objective is to develop a model for the soil moisture at any location within a catchment if the
spatial-average soil moisture is known. To obtain this estimate, the soil moisture is modeled
using a steady-state approximation for the watershed. Specifically, all processes are assumed to
occur steadily and the soil moisture is assumed to be at equilibrium so that the total inflow to the
soil balances the total outflow from the soil. The only processes that are included to transport
water to or from the soil are infiltration F, deep drainage or recharge to groundwater G, lateral
unsaturated flow L, and evapotranspiration E. Thus, one can write the water balance for a given
segment of an elevation contour as:

∫ F dA = ∫ G dA + L + ∫ E dA
A

A

(A.1)

A

where A is the land area that can contribute flow to the length of an elevation contour and F, G
and E are the infiltration, recharge, and evapotranspiration rates within the area that can
contribute flow through the given length of contour. L is the lateral outflow occurring through
the length of the contour.

The deep drainage is modeled as percolation (i.e. the hydraulic gradient is controlled only by
gravity meaning this flux can be written as:

G = Kv

(A.2)

where Kv is the unsaturated vertical hydraulic conductivity. Using the Campbell equation
[Campbell, 1974] to describe unsaturated hydraulic conductivity, Kv can be written:

θ 
K v = K s, v  
φ 
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γv

(A.3)

where Ks,v is the vertical saturated hydraulic conductivity, θ is the volumetric soil moisture, φ is
the porosity, and γv is the pore disconnectedness index. This implies

γv

θ 
G = K s,v  
φ 

(A.4)

Lateral flow is described using Darcy’s Law and assuming uniform flow with depth in the soil.
One can write the lateral flow as:

L = −δ cK h

dh
dx

(A.5)

where δ is the depth within which lateral flow occurs (soil depth), c is the contour width being
considered, Kh is the unsaturated horizontal hydraulic conductivity, and dh/dx is the hydraulic
gradient in the horizontal direction. Data in Heimsath et al. [1999] indicates that soil depth
depends linearly on the topographic curvature:

δ = δ 0 (κ min − κ ) / κ min

(A.6)

where δ0 is the soil depth for a location with a curvature of zero and κmin is the minimum
curvature for which soil is present. Note that curvature is defined here as positive for convergent
locations and negative for divergent locations. Also, the horizontal hydraulic gradient is taken as
a function of the topographic slope, in this case a power function. Using the expression for soil
depth, the gradient relationship to topographic slope and the Campbell equation again for
unsaturated hydraulic conductivity, the lateral flow can be written:

κ −κ
L = δ 0  min
 κ min

γ

h

θ  ε
cK
 s, h   S
φ 
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(A.7)

where Ks,h is the horizontal saturated hydraulic conductivity, γh is the pore size distribution index
in the horizontal direction, ε is the exponent relating horizontal hydraulic gradient to topographic
slope and the horizontal hydraulic gradient is in the opposite direction as the topographic slope.

Evapotranspiration is determined as a function of a local potential evapotranspiration (PET),
which is denoted Ep,l. The local PET is calculated from the Penman combination equation:
Γ
 ∆

E p ,l = 
Er I p +
Ea 
∆+Γ 
∆ + Γ

(A.8)

where ∆ is rate of change of saturation vapor pressure with air temperature, Γ is the
psychrometric constant, Er is the energy balance estimate of ET, and Ea is the aerodynamic
estimate. Ip is the potential solar radiation index, which is the ratio between the insolation of the
topographic surface relative to that of a horizontal surface at the same location [Dingman, 2002].
Similarly to the Priestley-Taylor equation, the aerodynamic term is assumed to be a specified
fraction, α, of the energy balance estimate and has values in the range [0, 0.74] [Eichinger et al.,
1996; Shuttleworth, 1993]. This implies:
Γ
 ∆

E p ,l = 
Er I p + α
Er 
∆+Γ 
∆ + Γ

(A.9)

Note that α as used here has a value that is 1 less than the coefficient as typically used in the
Priestley-Taylor equation. PET can also be calculated similarly for the entire watershed (denoted
Ep) although over large areas the impact of the topography is neglected implying the following
form for regional PET:
Γ
 ∆

Ep = 
Er + α
Er 
∆+Γ 
∆ + Γ
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(A.10)

Combining equations (A.9) and (A.10), one can write the local PET in terms of the regional
PET:

E p ,l =

Ep I p
1+α

+

E pα

(A.11)

1+α

The actual evapotranspiration E is then calculated by accounting for moisture limitations:

β

E p I p  θ  r E pα  θ 
E=
  +
 
1+ α  φ 
1+ α  φ 

βa

(A.12)

where βr and βa are vegetation parameters. In the literature, a single β is applied in a model for
evapotranspiration, and β>1 represents bare soil, and β <1 represents vegetated soils. Here, we
allow distinct exponents because moisture limitations may affect the energy and aerodynamic
estimates in different ways.

We now substitute the expressions for G, L, and E from equations (A.4), (A.7), and (A.12) back
into equation (A.1), which produces:

∫ FdA =

K s ,v

A

φ

γv

γ
∫θ dA −
v

A

Ep
δ 0 (κ min − κ ) K s , h ε γ
θ
cS
+
κ minφ γ
(1 + α )φ β
h

h

r

β
∫ I pθ r dA +
A

E pα
(1 + α )φ

βa

∫θ

βa

dA (A.13)

A

In this expression, we have assumed that φ, Ks,v, Ks,h, γv, γh, δ0, κ min , ε, α, βr, βa, and Ep are all
spatially constant. Similar to TopModel, the infiltration rate is also assumed to be spatially
constant, and the equation becomes:

F=

K s, v

γ
∫θ dA −

φγ A A
v

v

Ep
E pα
δ 0 (κ min − κ ) K s , h ε γ
β
θ
θ
θ β dA (A.14)
cS
+
I
dA
+
p
γ
β
β
∫
∫
κ minφ A
(1 + α )φ A A
(1 + α )φ A A
h

r

h

r
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a

a

We now consider four simplified cases. In each of these cases, one of the four terms on the right
(deep drainage, lateral outflow, radiation-based ET or humidity-based ET) is assumed to be
much more important than the others. In the case that deep drainage dominates, equation (A.14)
can be approximated:

F=

K s, v

φ

γv

θ
A∫

γv

dA

(A.15)

A

In this case, water movement between locations is negligible. Thus, the infiltration that occurs at
every point in the catchment must balance the deep drainage at every point. Therefore, the water
balance equation can be written locally as:

F=

K s ,v

φγ

v

θγ

v

(A.16)

or:

1/ γ v

 F 
θ = φ 

 K s ,v 

(A.17)

Our initial objective was to calculate the soil moisture as a function of an available spatialaverage soil moisture θ . We can calculate the spatial average soil moisture θ by integrating
the equation (A.17) over the region for which θ is available. If Ac is defined as the area of this
region, the spatial average is calculated:

θ =

1
θ dAc
Ac A∫c

(A.18)

Substituting equation (A.17) into equation (A.18) and noting that all of the terms that determine

θ are spatially constant, one obtains:
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 F
θ = φ 
 K s ,v

1/ γ v





(A.19)

Comparing this expression with equation (A.17), one observes that:

θ =θ

(A.20)

This expression implies that if deep drainage is the dominant process in determining the spatial
pattern of the effective soil moisture, then the effective soil moisture is spatially uniform.

We now consider the second case where lateral drainage is the dominant outflow process. In this
case, equation (A.14) simplifies to:

F=

δ 0 (κ min − κ ) K s , h ε γ
cS θ
κ minφ γ A

(A.21)

h

h

Solving this expression for θ, one obtains:

 F 
θ = φ 

δ
K
0
,
s
h



1

γh

 A 
 ε
 cS 

1

γh

 κ min 


 κ min − κ 

1

γh

(A.22)

Integrating equation (A.22) over the region for which a spatial average is available, one obtains:

 F 
1
θ = ∫ θ dAc = φ 

Ac Ac
 δ 0 K s, h 

1

γh

1
Ac

 A
∫A  cS 
c

1

γh

 κ min 


 κ min − κ 
1/ γ h

The term that remains in the integral ( A / cS ε )1/ γ h [κ min / (κ − κ min )]

1

γh

dAc

(A.23)

is a compound topographic

index, which we call the lateral flow index (LFI). The average LFI within the region is denoted

Λ, and it is simply:
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1
Λ=
Ac

 A
∫A  cS 
c

1

γh

 κ min 


 κ min − κ 

1

γh

dAc

(A.24)

Substituting this into equation (A.23), one obtains:

 F 
θ = φ 

 δ 0 K s, h 

1

γh

Λ

(A.25)

Combining equations (A.22) and (A.25), one obtains:

1

θ  A 
θ=  ε
Λ  cS 

γh

 κ min 


 κ min − κ 

1

γh

(A.26)

This expression suggests that the soil moisture depends on the spatial average soil moisture and
the LFI if lateral flow dominates.

Next, we consider the case where the radiation-based ET term in equation (A.14). One can
simplify the equation as:

F=

Ep

(1 + α )φ βr A ∫A

I pθ βr dA

(A.27)

Again noting that water movement between locations is negligible, one can rewrite equation
(A.27) as a local water balance:

F=

Ep
(1 + α )φ

And solving for θ one obtains:
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βr

I pθ βr

(A.28)

1/ β r

1/ β r

 F (1 + α ) 
θ ≈φ
 E p 



1
 
 Ip 

(A.29)

Integrating over the region to calculate the average soil moisture, one gets:

1/ β r

 F (1 + α ) 
1
θ = ∫ θ dAc = φ 
 E p 
Ac Ac



1
Ac

1
∫  I
Ac  p

1/ β r





1/ β r

 F (1 + α ) 
dAc = φ 
 E p 



Π

(A.30)

where Π is the average of an evapotranspiration index (ETI), which is defined as (1 / I p )1/ βr .
Combining equations (A.29) and (A.30), one gets:

1/ β r

θ 1
θ=  
Π  I p 

(A.31)

Finally, we consider the case where the humidity-related ET term dominates. In this case,
equation (A.14) can be written:

F=

E pα

(1 + α )φ βa A ∫A

θ β dA
a

(A.32)

Again, noting that water movement between locations is negligible, one can rewrite equation
(A.32) as a local water balance:

F=

E pα
(1 + α )φ

βa

θβ

a

(A.33)

And solving for θ one obtains:

1/ β a

 F (1 + α ) 
θ ≈φ
 E pα 



Integrating over the region to calculate the average soil moisture, one gets:
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(A.34)

1/ β a

 F (1 + α ) 
1
θ = ∫ θ dAc = φ 
 E pα 
Ac Ac



(A.35)

Combining equations (A.34) and (A.35) one gets:

θ =θ

(A.36)

Four estimates for the soil moisture have been produced depending on whether deep drainage,
lateral flow, radiation-related ET, or humidity-related ET is the dominant process:

θG = θ

(A.37)

and:

1/ γ h

θ A 
θL =  ε 
Λ  cS 

 κ min 


 κ min − κ 

1

γh

(A.38)

and:

1/ β r

θ 1
θR =  
Π  I p 

(A.39)

and:

θA = θ

(A.40)

A final estimate for θ is obtained using a weighted arithmetic average of these four
approximations:

θ=

wGθG + wLθ L + wRθ R + wAθ A
wG + wL + wR + wA
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(A.41)

where wG, wL, wR, wA are the weights. One expects the weights to depend on the magnitude of
the terms that represent the processes in equation (A.14). In particular, the weight for the deep
drainage estimate wG should be large if the deep drainage term in equation (A.14) is large. Thus,
it is proposed that:

wG =

K s ,v

φ

γv

θ
A∫

γv

dA

(A.42)

A

but this equation is not easily evaluated because it includes the average soil moisture for the area
upslope from the location of interest. If we approximate this average with the local effective soil
moisture, then this equation becomes:

wG =

K s,v

φγ

θγ

v

(A.43)

Next, the estimate of θG obtained by assuming deep drainage was dominant is then substituted
into equation (A.43) to give:

wG =

K s, v

φ

γ

θγ

v

(A.44)

Similarly, the weight for the lateral flow estimate can be estimated from the associated term in
equation (A.14) to arrive at:

wL =

δ 0 (κ min − κ ) K s ,h ε γ h
cS θ
κ minφ γ h A

and then equation (A.38) is substituted into equation (A.45) to obtain:
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(A.45)

γh

δ (κ − κ ) K s , h ε  θ   A
wL = 0 min γ
cS    ε
κ minφ A
 Λ   cS
h

  κ min 


  κ min − κ 

(A.46)

The weight for the radiation-based ET is:

wR =

Ep
(1 + α )φ

βr

Iθ
A∫

βr

p

dA

(A.47)

A

Notice that this expression includes the spatial average of I pθ βr for the region upslope of each
point. Again, approximating this average with the local value, one obtains:

wR =

Ep I p

θβ

(1 + α )φ βr

(A.48)

r

and substituting equation (A.39) into equation (A.48) leads to:

θ 
wR =

βr 
(1 + α )φ  Π 
EpI p

βr

1
 
 Ip 

(A.49)

Finally, the weight for the humidity-related ET is:

wA =

E pα
(1 + α )φ

βa

θ
A∫

βa

dA

(A.50)

A

Writing this locally and replacing the average with the local value, one obtains:

wA =

E pα
(1 + α )φ

βa

θβ

a

(A.51)

θβ

a

(A.52)

And equation (A.40) is substituted to give:

wA =

E pα
(1 + α )φ βa
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Substituting equations (A.37), (A.38), (A.39), (A.40), (A.44), (A.46), (A.49) and (A.52) into
equation (A.41) one obtains a combined estimate:

K s, v

θ=

φ

γv

θγθ +
v

δ 0 (κ min − κ ) K s , hcS ε
κ minφ γ A
h

K s, v

φ

γ

θγ +
v

γh

1/ γ h

 θ   A   κ min  θ  A 
  ε
   ε 
 Λ   cS   κ min − κ  Λ  cS 

δ 0 (κ min − κ ) K s ,h cS ε
κ minφ γ A
h

γh

θ   A
   ε
 Λ   cS

1/ γ h

 κ min 


 κ min − κ 

+

EpI p
  κ min 
+

β
  κ min − κ  (1 + α )φ r

1/ β r

β

r
θ   1 θ  1 
     
 Π   Ip Π  Ip 
βr
E pα
θ   1 
θ βa
    +
I
(1
Π
+
α )φ β
   p

Ep I p
(1 + α )φ βr

+

E pα
θ βa θ
(1 + α )φ βa

(A.53)
and simplifying one gets:

θ=

r
θ  θ  1 
    
 φ   Π  I p 
βr
β
γv
γ
Ep
E pα  θ  a
δ 0 Ks ,h  θ  h
θ 
θ 
K s, v   +
  +
  +
 
(1 + α )  φ 
Λγ h  φ 
(1 + α )Π βr  φ 
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γ
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δ 0 K s , h  θ  h  θ  A 1/ γ h  κ min  h 
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 +
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γh 
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Λ
φ
Λ
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κ
−
κ
(1
+
α
)Π β r
  min
 
   
 

β

1/ β r

β

E α θ  a
+ p   θ
 (1 + α )  φ 
(A.54)


which provides an estimate of the local soil moisture as a function of the spatial average soil
moisture θ , two topographic indices (the lateral flow index and the evapotranspiration index),
and various climate, soil, and vegetation parameters.
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Part III: Reconstruction of Hillslope and Valley Paleotopography by
Application of a Geomorphic Model
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Introduction
Determining the location and thickness of lithologic layers is an important task for many
applications including mineral and groundwater recovery as well as environmental monitoring
and remediation. Practical limitations typically allow observation of layer boundaries only at
sparse locations, so boundary elevations are often estimated between observations by
mathematical techniques [Jones et al., 1986]. Standard estimation methods such as splines
(Briggs, 1974; Hofierka and Cebecauer, 2007; Mitasova and Mitas, 1993; Mitasova et al., 1995;
Talmi and Gilat, 1977), inverse-distance weighting [Bartier and Keller, 1996; Chang et al.,
2005; Watson and Philip, 1985; Zoraster, 1996], nearest neighbor [Kelley and Kelley, 2004] and
geostatistical methods [Chiles and Delfiner, 1999; Journel and Huijbregts, 1978; Stein, 1999],
produce smooth interpolation surfaces. However, if the boundary of interest is a
paleotopography, then it may exhibit roughness due to drainage patterns preserved in the surface.
Fractal-based interpolation methods are also available [Bindlish and Barros, 1996; Bouboulis et
al., 2006; Polidori and Chorowicz, 1993; Yokoya et al., 1989], but they do not reproduce the
drainage networks observed in most topography.
An alternative approach is to simulate the layer boundary by representing the processes that
produced it. Previously, large-scale paleotopographies have been reconstructed using
geochemical methods [Craig, 1993; Crowley and Burke, 1998] and used as boundary conditions
in atmospheric models to simulate paleo-climate conditions. Also, on a smaller scale historical
river channels, which are known to influence the movement of groundwater and its associated
constituents, have been delineated or corroborated with a variety of geophysical techniques
[Holzschuh, 2002; Miller et al., 1999; Sandberg et al., 2001; Williams et al., 2002]. In this
paper, we develop a method to simulate a paleotopography at a scale intermediate between the
two mentioned above. The surface is the lower boundary of the Tshirege Member of the
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Bandelier Tuff, which underlies Los Alamos National Laboratory (LANL) and Bandelier
National Monument (BNM) in north-central New Mexico. This boundary may play a
hydrologic role by perching water in certain locations below the Pajarito Plateau [Broxton and
Reneau, 1996], but it is not currently considered to play a major role in regional groundwater
movement. The boundary was formed predominantly by fluvial and hillslope processes acting
on an ash-flow surface, which was then preserved by a second ash-flow eruption. Similar ashflows have been observed to produce new, relatively smooth surfaces if the flow has sufficient
volume and energy to cover the preexisting landscape features [Chapin and Elston, 1979;
Francis, 1993; Ollier, 1988; Smith, 1960]. Furthermore, ash-flows can leave the buried
landscape relatively intact [Fisher and Schmincke, 1984; Reneau, 2000; Smith and Bailey, 1966].
We aim to simulate the boundary of interest based on elevations available at sparse wells and
contacts exposed in modern day canyons. The surface will be interpolated by generalizing a
topographic interpolation method that incorporates fluvial and hillslope processes to infer
drainage patterns from elevation data [Grimaldi et al., 2004; Grimaldi et al., 2007; Niemann et
al., 2003]. The original method was applied to current topography and requires inclusion of all
headwater land areas inside the interpolation region. In this paper, the method’s boundary
conditions are generalized to overcome the headwater limitation. Field data are used to calibrate
the method for this site, and the generalized method is applied to estimate the likelihoods that
each location on the paleotopography drains south roughly from LANL toward BNM. Section 2
briefly describes the study area and the paleotopography of interest, and Section 3 gives an
overview of the reconstruction method. Section 4 describes the methods used to estimate the
parameters and the boundary conditions of the method. The results and conclusions are
discussed in Sections 5 and 6, respectively.
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Study Site
The Pajarito Plateau is located in north-central New Mexico and occupies the western side of the
Española Basin portion of the Rio Grande rift [Broxton and Vaniman, 2005; Newman and
Robinson, 2005]. The plateau is bounded on the western side by the Jemez Mountains and on
the eastern side by the Rio Grande valley. The modern landscape is one of mesas and canyons
lying generally in an east-west direction. Elevations on the mesas vary from approximately
1,900 m near the Rio Grande to approximately 2,400 m near the Jemez Mountains. The
relatively large elevation range over the plateau leads to an approximate annual precipitation
range of 35 cm to 50 cm with higher precipitation on the western portions of the plateau
[Newman and Robinson, 2005]. The plateau is the site of the towns of Los Alamos and White
Rock as well as LANL and BNM.
The upper stratigraphy of the Pajarito Plateau in the Los Alamos area is shown in Figure 16,
which is simplified from Broxton and Vaniman [2005]. The Quaternary-dated Bandelier Tuff is
composed of two ash-flow units, the Otowi Member and the Tshirege Member, resulting from
separate volcanic events that occurred approximately 1.61 Ma and 1.22 Ma [Broxton and
Reneau, 1996], respectively. The Otowi Member varies in thickness from 0 m in the eastern
portion of the plateau to 125 m in some locations on the western portion of the plateau. The
Tshirege Member varies from approximately 60 m thick in the north-central portion of LANL to
>180 m thick in the southern portion [Broxton and Vaniman, 2005]. The two units are separated
by the Cerro Toledo interval, which consists of pumice and ash fall material as well as eroded
sediments from the Otowi eruption of the Valles Caldera and other volcanic activity in the area
[Broxton and Vaniman, 2005].
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Figure 16 - Simplified upper stratigraphy of Pajarito Plateau (after Broxton and Vaniman
[2005]). Western limit in figure is beginning of Jemez Mountains and eastern limit is White
Rock Canyon.
We are interested in the lower boundary of the Tshirege Member of the Bandelier Tuff. The
emplacement of the Otowi Member by ash flow processes effectively filled in preexisting valleys
and created a new surface dipping to the east and southeast [Broxton and Reneau, 1996]. This
layer was in place and exposed to fluvial and hillslope erosive processes for approximately 400
ka prior to the emplacement of the Tshirege Member [Izett and Obradovich, 1994; Spell et al.,
1996]. Because the Otowi Member is non-welded, the landscape formed during the period
between eruptions probably was not similar to the current mesa-canyon landscape but instead
consisted of shallower stream valleys and lower overall relief [Broxton and Reneau, 1996].
Broxton and Reneau [1996] used elevation contours for the Tshirege Member base and lithologic
characteristics of the underlying alluvium in the Cerro Toledo interval as evidence to conclude
that at least four major drainages existed on the landscape prior to the emplacement of the
Tshirege Member. The presence of these drainages and the alluvial deposits indicates the
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importance of fluvial processes in shaping the topography during this interval. Exposed
contacts, such as the one shown in Figure 17(a), indicate that major valleys had narrow floors,
which suggests the fluvial processes during the period immediately preceding Tshirege
emplacement were commonly erosive rather than depositional. In addition, the crudely parabolic
hillslope shapes of exposed contacts like the one in Figure 17(b) suggest that diffusive hillslope
processes played a role in the surface formation. The presence of these features in the
stratigraphy also suggests that the subsequent emplacement of the Tshirege Member preserved
many of the valleys and hillslopes developed during the 400 ka of exposure.

Figure 17 - Exposed (a) valley and (b) hillslope cross-sections in lower boundary of Tshirege
Member in Alamo Canyon, BNM. Scales shown are approximate.

Method Description
This section summarizes the main elements of the method used to simulate the lower boundary
of the Tshirege Member including the required parameters. Niemann et al. [2003] and Grimaldi
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et al. [2004] provide more detailed descriptions. The first step is to interpolate the surface
between the points with known elevations using a completely regularized spline [Mitasova and
Mitas, 1993]. The spline produces a smooth surface that passes through the observations, but the
surface does not exhibit realistic valley patterns. The spline surface is a first estimate of the
paleotopography and provides the initial condition for the geomorphic model used in the second
step. The spline requires specification of a tension parameter φ, which controls how loosely the
surface is draped on the observations. A small random offset in elevation is added to each
location on the spline surface (aside from the locations with observed elevations) to help reduce
the number of artificially straight drainage patterns produced by the model. Because the
landscape evolution model is nonlinear, simulations with different offsets can be significantly
different. Any simulation thus represents one potentially feasible surface.
The second step is to modify the spline surface to simulate the effects of the relevant geomorphic
processes. This step applies a numerical model to simulate the effects of the processes on the
spline surface and uses the resulting differences between simulated and observed elevations to
update the estimate of an erodability parameter β, which can vary spatially. The two parts of the
step must be iterated to bring the simulated surface close to the observations because changes in

β can have unanticipated results as the simulated drainage patterns change. Due to the limited
knowledge about the paleotopography, the numerical model includes simple detachment-limited
fluvial erosion [Howard, 1994; Moglen and Bras, 1995] and slope-dependent hillslope processes
[Kirkby, 1971]. Mathematically, the starting point is:
∂z
= U − β A m S n + D∇ 2 z
∂t

where z [L] is the elevation of a point in the region, t [T] is time, U [L/T] is the base level
lowering rate or relative uplift rate, β [L-2m+1/T] is the erodability of the point, A [L2] is the
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(3.1)

point’s contributing area (the land area that can contribute flow to the point), S [L/L] is the local
channel slope, m and n are dimensionless fluvial parameters, D [L2/T] is a diffusivity parameter
indicating the strength of hillslope processes, and ∇ 2 z [1/L] denotes the Laplace curvature of the
surface. Because no specific transient condition is known, it is assumed that the topography was
approximately at equilibrium after the 400 ka of exposure (deviations from this assumption are
interpreted by the algorithm as variations in β). From the equilibrium assumption, ∂z / ∂t = 0 ,
and U = 1 and n = 1 can be assumed without loss of generality. Implementation of the model

requires one to specify the parameters β, m, and D as well as the boundary conditions. The
parameter β controls the relief, m controls the concavity of the long profiles of the channels, and
D controls the hillslope size. The original method allowed flow to exit at all boundaries but did
not allow it to enter the region, which implicitly requires the interpolation region to contain all
headwater locations of basins. That requirement is expected to be problematic for most
paleotopography applications because data typically do not allow reliable delineation of basin
boundaries. The generalized method allows individual boundaries to be either open to outgoing
flow or closed to outgoing flow but with automatically-identified inlet points. Inlets points occur
at any low point along a closed boundary on the initial spline-based surface. The drainage area
associated with an inlet is determined from the local slope of the initial surface and an assumed
relationship between the slope and the incoming drainage area. The determination of all
parameter values including those used to determine the inlet areas is explained in the next
section.
After the numerical model has been used to modify the initial surface, the parameter β is updated
using a Bayesian procedure to bring the next simulated surface closer to the observed elevations.
Although the Otowi member is relatively homogeneous at the outcrop scale, β is allowed to vary
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spatially over the region. These variations might be real variations in the material erodability,
but they could also represent deviations from the model assumptions described earlier. To
reduce the number of β values that must be estimated based on the observed elevations, the
spatial field of β is determined from a completely-regularized spline of β values at the points
with observed elevations. This spline uses the same tension as the spline used with the elevation
data. The estimation of β requires specification of an initial spatially-constant estimate of β, β ,
the ratio of the error variance to the variance in spline basis function weights, ν, and a measure
of correlation between the errors in sequential simulations, ρ. In practical terms, ν controls how
much the erodability is changed after each simulation, and ρ controls the number of iterations
before the estimation algorithm terminates [Niemann et al., 2003].
It is worth mentioning that the original method [Niemann et al., 2003] incorporated a third step
that distorted the final surface produced by the iterative procedure to ensure the simulated
elevations exactly match the observed elevations while still preserving the draining characteristic
of the surface. The modified method presented here does not incorporate that third step because
the elevations obtained from wells and outcrops only provide estimates of the average elevation
within each pixel. Thus, the final interpolation surface is allowed to deviate from these values.

Method Application
In order to apply the method to reconstruct the paleotopography, the interpolation parameters φ,

ν, and ρ and the geomorphic parameters including D, m, and β must be estimated. For this
application, the interpolation parameters are determined heuristically as described in Niemann et
al. [2003]. The tension φ is primarily based on the spacing of observations, and ν and ρ are
chosen so that the interpolation method is numerically stable. The base values used in this study
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are φ = 0.0045, υ = 900, and ρ = 0.005. The random offset applied to the spline surface is ± 2.5
m (≈1% of overall relief in the observed elevations).
The parameter D was estimated using hillslope profiles from the paleotopography that are
exposed at two different locations. The first site is located along New Mexico Highway 4
between White Rock and the entrance to BNM. A total station and a laser range finder were
used to determine the shape of this hillslope profile (Figure 17a). The second site is located in
Alamo Canyon in BNM. This site reveals either one or two hillslopes depending on whether one
interprets a small decrease in the elevation of the exposed boundary as a valley (see Figure 17b).
At both sites, D can be estimated from Equation (3.1). At equilibrium and using U = 1, Equation
(1) implies:
D=

β Am S − 1
.
∇2 z

(3.2)

On hillslopes, the fluvial term β Am S is small and is thus neglected. We do not know the lateral
hillslope curvature because only cross-sections are observed. Thus, the Laplace curvature is
approximated with the profile curvature ∂ 2 z / ∂x 2 , where x is horizontal distance. With these
simplifications, Equation (3.2) implies D = −1/[∂ 2 z / ∂x 2 ] , so D can be estimated by fitting a
second-degree polynomial of the form z = ax 2 + bx + c to the profile data and calculating
D = −1/ [ 2a ] . Figure 18 shows the fitted parabolas and resulting estimates of D, which range
from 96 to 507. Additional estimates of D were obtained by noting that the right end of the plot
in Figure 17b is clearly a valley bottom because the boundary abruptly increases in elevation
beyond the data plotted in the figure. Thus, the horizontal scale of the hillslope from valley
bottom to ridge line can be calculated. D can then be estimated by developing an empirical
relationship between the D value used in the geomorphic model and the resulting length scale of

99

the modeled hillslopes. From this approach, one estimates D to be either 490 or 457 depending
on whether one interprets Figure 18b to include one or two hillslopes, respectively. Because the
estimates from the two methods are consistent and because those data sets represent a hillslope
observed from crest to valley whereas the other two data sets do not, a value of D = 450 was
selected for use in the method.

Figure 18 - Surveyed hillslope profiles in lower boundary of Tshirege Member from (a) a road
cut on New Mexico Highway 4 near White Rock and (b) an exposed outcrop in Alamo Canyon
in BNM. Second degree polynomial regression curves are of form z = ax 2 + bx + c . D values are
estimated from regressions by formula D = −1 2a . Elevation values given are relative to an
arbitrary datum for each site.
The geomorphic parameters m and β can be estimated from the slope-area relationship [Flint,
1974; Gupta and Waymire, 1989; Hack, 1957] in the fluvial portion of the topography if it is
known. For locations with large contributing areas, the fluvial term dominates in Equation (3.1)
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and the term with D can be neglected. With that simplification and assuming equilibrium, one
can show that:
log S = log

1
− m log A
β

(3.3)

which suggests that the logarithm of the channel slope is linearly related to the logarithm of the
contributing area (see Niemann et al. [2003] for more detailed derivation). The slope of the line
is m, and the intercept is related to β or β (recall that β is only the starting point for the
estimation of a spatially-variable β). Unfortunately, the sparse data for the lower boundary of the
Tshirege Member are not sufficient to determine an associated slope-area relationship. However,
Niemann et al. [2003] found that the interpolation method is relatively insensitive to the values m
and β because errors in these values can be partially overcome as β is iteratively adjusted.
Furthermore, values of m typically vary only between 0.3 and 0.6 for different regions [Moglen
and Bras, 1995; Snyder et al., 2000; Tarboton et al., 1991]. Thus, for simplicity, we estimate
these two parameters from the slope-area relationships of two large basins, Frijoles and Water
Canyons, on the current Pajarito topography using 30 m USGS DEM data. It is recognized that
the paleotopography was likely very different than the current topography, which is dominated
by steep-walled canyons [Broxton and Reneau, 1996], so the implications of this approach will
be analyzed through a sensitivity analysis later in the paper. Due to the uneven distribution of
contributing area values within each basin, the contributing areas were grouped into equallyspaced bins in log-scale and the average slope for each bin was calculated (Figure 19a). A linear
regression was performed using all binned values with contributing areas greater than or equal to
the one where the maximum average slope occurred. The slopes of the regression lines were -
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0.26 and -0.25, so 0.26 was used for m. The intercepts of the regression lines were converted to
individual estimates for β , which implied an average value of 1.16 for β .

Figure 19 - Relationships between local slope and contributing area from two basins (Frijoles
and Water Canyons) on present topography of the Pajarito Plateau. (a) Slope-area relationship
and linear regression used to estimate m and β for interpolation method. (b) Area-slope
relationships for same basins and regressions used to estimate γ parameter for assigning
contributing area to closed-boundary inlets. In both plots, circles and solid lines refer to Frijoles
Canyon while stars and dashed lines refer to Water Canyon.
Finally, in order to apply the interpolation method, one must specify the boundary conditions for
the numerical model. A trend in the regional elevation is first specified as downward to the
south and east based on the location of the caldera to the north and west and the location of the
pre-Tshirege Rio Grande to the south and east [Broxton and Reneau, 1996; Broxton and
Vaniman, 2005]. The down-gradient boundaries are open, allowing water to exit, while the upgradient boundaries are closed to exiting flow but allow flow to enter at the inlets (low points on
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the closed boundaries). The local slope of each inlet is used in an area-slope relationship to
estimate an associated incoming contributing area. This relationship differs from the slope-area
relationship only because slope is treated as the independent variable and contributing area is
treated as the dependent variable, which produces a different regression line than the one used
earlier. The slope of the new regression line is called γ and is the required parameter to assign
the contributing areas to the inlets. Once again, the data for Frijoles and Water Canyons were
used, and the regression results can be seen in Figure 19(b). For Frijoles and Water Canyons, γ
is 1.28 and 1.53, respectively. The average value of 1.41 was used as the base value for γ in the
simulations. The contributing areas inferred from this approach are clearly speculative, but the
interpolation results were found to be more sensitive to the inlet locations than the estimated
contributing areas.

Results
A 60 m resolution grid was created for the rectangular extent of the available data for the lower
boundary of the Tshirege Member, which resulted in a grid 101 rows by 195 columns. In order
to avoid undesirable effects by having a boundary immediately adjacent to the domain of
interest, the interpolation region was expanded by 4-pixels at all borders. Figure 20 shows the
locations of the elevation data used in this study, which were derived from well logs and field
surveys of exposed contacts. A total of 49 observations were employed, and each grid cell
containing an observation was assigned the elevation of that observation.
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Figure 20 - Map showing the locations where the elevation of the lower boundary of the Tshirege
Member has been observed. Points are labeled according to their LANL designations.
The completely-regularized spline surface and an example of the final surface produced by the
physically-based method are shown in Figure 21(a) and Figure 21(b), respectively. The circles
in each figure indicate the locations of the observations. The smoothness of the spline surface
and the more realistic texture, including the drainage patterns, of the physically-based surface are
easily seen in the figure. In some applications such as groundwater modeling, these textural
differences could be important. For example, paleodrainages might determine some
groundwater flow pathways. The physically-based surface exhibits four major basins with
outlets on the southern boundary (labeled S1 to S4 in the figure). The westernmost basin is the
largest, and it drains area from inlets on the western boundary. The other three basins become
progressively smaller as one looks to the east. A major basin also has an outlet on the eastern
boundary (labeled E1), and it drains area from inlets on the northern boundary. Broxton and
Reneau [1996] identified the possible locations of four major paleodrainages for the pre-Tshirege
landscape. Basins S1 and S2 in Figure 21(b) roughly align with the upper portions of two of
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those paleodrainages, and basin E1 roughly corresponds to another. The other basin they
identified is located outside our interpolation domain.

Figure 21 - Estimates of lower boundary of Tshirege Member based on (a) a completelyregularized spline and (b) physically-based interpolation surface with base parameters. Circles
represent elevation measurement locations, and vertical lines show deviation between observed
and simulated elevations.
One way to evaluate the performance of the method is to quantify its ability to reproduce the
observed elevations. One hundred simulations were performed with the base parameters. For
each simulation the mean absolute deviation [Ahmadzadeh and Petrou, 2001] between the
simulated surface and the observed elevations was calculated. The first column of data in Table
3 characterizes the dataset of MAD values from the 100 simulations. The mean value is 15.36 m,
which is about 6.5% of the total relief in the observed elevations. It should be noted that a
smooth interpolation surface, such as a spline, is able to exactly match all the observations but
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does not produce the realistic texture shown in Figure 21(b). The standard deviation given in the
table indicates that the variability in the MAD between simulations is relatively small. Thus,
most simulations have similar performance in terms of their ability to reproduce the
observations.

Table 3. Statistics of mean absolute deviation [Ahmadzadeh and Petrou, 2001] between
simulated and observed elevations. Statistics are calculated using 100 MAD values (from 100
simulations) for each parameter set. All parameters remain at their base values except for those
listed in each column.
Base Φ = 0.0035
Mean (m) 15.36
13.38
Std Dev (m) 2.47
1.82

Φ = 0.0055
15.99
1.91

m = 0.32
19.01
2.38

m = 0.45
36.82
3.93

γ = 1.15
14.09
1.41

γ = 1.70
17.11
2.54

BNM is adjacent to the southern edge of LANL, so one might be interested in determining
locations within the interpolation domain that ultimately drain across the southern boundary. For
this analysis, drainage directions were determined by assuming flow travels in the direction of
steepest descent on the paleotopography. Thus, this analysis does not directly consider
groundwater flow directions. The boundary to which each point drains was identified for all one
hundred simulations. The likelihood that a given point drains to the southern boundary was then
calculated as the weighted proportion of the simulations in which the point drains to the southern
boundary. The weight used for each simulation was determined by how closely that simulation
matches the observed elevations [Beven and Binley, 1992]. In particular, the weight of the jth
simulation wj is calculated:
1
wj =

∑
N sim

MAD j
,
1
MAD j
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(3.4)

where MADj is the mean absolute deviation between the simulated and observed elevations of
the jth simulation and the summation is over all 100 simulations (Nsim = 100). The likelihood that
a point i drains through the southern boundary L(i) is then calculated:
N sim

L (i ) = ∑ W j ,

(3.5)

j =1

where Wj = wj if i drains through the southern boundary in simulation j and Wj = 0 otherwise.
Figure 22 shows contours of the likelihood that points drain across the southern boundary. For
example, a point lying south of the 0.8 contour line has a likelihood greater than 80% of draining
through the southern boundary based on the 100 simulations. The contour lines probabilistically
identify the drainage divide that separates locations draining to the south and locations draining
to the east. The divide is relatively stable between simulations where the contours are closely
spaced. It is interesting to note that most of the interpolation domain almost always or almost
never drains to the southern boundary. Very few points drain to different boundaries in different
simulations, although the northwest region exhibits more variability than the southeast region.
These results are likely controlled by the southeast regional tilt in the observed elevations as well
as the elevations and locations of the southern and eastern boundaries. Discovery of major
drainages crossing the band of contour lines or measurement of low elevations in that area would
have a significant impact on the results. Better constraints on the boundary elevations could also
affect the results. In order to investigate the robustness of the method, sensitivity analyses were
performed individually for the parameters φ, m, and γ. The parameters φ and γ were changed by
approximately ± 20% of their base values, and 100 additional simulations were performed with
each change. Varying φ changes how rapidly the β field can change spatially, and varying γ
changes the incoming contributing area associated with an inlet of a given local slope.
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Figure 22 - Map of likelihood each point ultimately drains through southern boundary. Circles
indicate elevation measurement locations.
Because the base value of m = 0.26 is small relative to the typical range for this parameter
[Moglen and Bras, 1995; Snyder et al., 2000; Tarboton et al., 1991], values of 0.32, which
represents a 20% increase from the base value, and 0.45, which is in the middle of the typical
range, were used for the sensitivity analysis. A representative surface for each parameter set is
shown in Figure 23. Analogous major drainages are present in each surface with the similar
orientations. The relative size of some drainage basins, however, differs between some
simulations. For example, the area draining through the relatively flat area in the southeast
corner of the simulation with φ = 0.0035 is much greater than in any other simulation. The most
significant visual differences occur when m is varied. As m increases, the surface appears
rougher due to the greater concavity in the long profiles of the channels.
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Figure 23 - Surfaces generated by physically-based interpolation method when individual
parameters are changed. Altered parameter values are: (a) φ = 0.0035, (b) φ = 0.0055, (c) m =
0.32, (d) m = 0.45, (e) γ = 1.15, and (f) γ = 1.70. Circles represent elevation measurement
locations, and vertical lines show deviation between observed and simulated elevations.
Table 3 shows the summary of the MAD values for each parameter set. The error summary
indicates each parameter set’s ability to produce surfaces that honor the observed elevations. In
that context, all the parameter sets except the m = 0.45 set perform approximately the same. The
error statistics are substantially larger for the m = 0.45 results, but that value also represents a
greater change from the base value than the other values used in the sensitivity analyses. In
terms of their ability to reproduce the observations, two parameter sets actually perform better
than the base set. The φ = 0.0035 and the γ = 1.15 simulations have mean MAD values that are
5.7% and 6.0% of the observed relief. Decreasing the value of φ increases the radius of
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influence of each observation in the estimation of the β surface. This smoothing allows more
predictability in the model’s response to changes in β, which improves its ability to reproduce
the observations. Decreasing the value of the γ parameter reduces the incoming drainage area,
which gives the model more flexibility in reproducing the observations.
Likelihood maps generated using the sensitivity analysis parameter sets are shown in Figure 24 Maps of likelihood that each point drains through southern boundary.. The overall shapes of the
contours are quite similar in most cases. The greatest digression from the typical pattern in the
southeast region is seen when φ = 0.0035 (Figure 24a).

Figure 24 - Maps of likelihood that each point drains through southern boundary. In each map,
an individual parameter value was changed, and 100 simulations were conducted. Altered
parameters are: (a) φ = 0.0035, (b) φ = 0.0055, (c) m = 0.32, (d) m = 0.45, (e) γ= 1.15, and (f) γ
= 1.70. Circles indicate elevation measurement locations.
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In this case, the contours are pushed further to the north. The value of γ has the most impact on
the northwest region, suggesting that the inlet areas have the most impact on the results where
elevation data are scarce. The general uniformity of results indicates that large regions within
the interpolation area are insensitive to the parameters used in the method, which confirms our
interpretation about the importance of the boundary conditions and the observed elevations in
determining the drainage patterns.

Conclusions
1. We have demonstrated the feasibility of using a process-based approach to reconstruct a
buried hillslope and valley topography. The approach was made possible by generalizing the
boundary conditions of a physically-based topographic interpolation method to allow flow to
enter the interpolation domain. Depending on the specific parameter values used, the errors
between the simulated surface and the observations used in the method are about 5-8% of the
total relief in the observed elevations.
2. The application of the method to the lower boundary of the Tshirege Member consistently
identifies the occurrence of five major valleys, three of which are similar to those identified
by Broxton and Reneau [1996]. Ultimately the number of major valleys produced by the
method is closely linked with the drainage density, which was determined based on field
surveys of exposed hillslope profiles, and the basin structures, which were inferred by the
method’s attempt to match the observed elevations.
3. The method also provides guidance for future data collection at the study site. The locations
that ultimately drain to the southern edge of the interpolation domain are relatively stable
between different simulations with the same parameters and simulations when individual
parameters are varied by 20%. Data collection along the south and east boundaries would
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provide better constraints on the elevations of these boundaries, which could significantly
impact the simulations. Furthermore, data collection along the narrow band where the
direction of flow varies between different simulations might identify a channel crossing this
region, which could again impact the results.
This research also presents several opportunities for future research. The reconstructed surfaces
could be used as part of a comprehensive effort to model groundwater flow and contaminant
transport in the region. Such an analysis would need to include the modern day arroyos that
produce discontinuities in the lower boundary of the Tshirege Member as well as a detailed
representation of the main aquifers. The reconstruction method could also be generalized to
accept more diverse information. Grimaldi et al. [2004] presented a different extension of the
topographic interpolation method that allows the imposition of known drainage paths. That
capability may allow one to include flow directions inferred from material provenance or clast
imbrications at exposed contacts.

Acknowledgments
The authors would like to gratefully acknowledge financial support from the Army Research
Office Terrestrial Sciences Program. David Broxton from Los Alamos National Laboratory
provided well data used in the interpolation model and Bandelier National Monument granted
approval for this research under permit #BAND-2007-SCI-0001. The authors would also like to
thank two reviewers for their helpful comments.

112

References
Ahmadzadeh, M. R., and M. Petrou (2001), Error statistics for slope and aspect when derived
from interpolated data, IEEE Transactions on Geoscience and Remote Sensing, 39(9), 18231833.
Bartier, P. M., and C. P. Keller (1996), Multivariate interpolation to incorporate thematic surface
data using inverse distance weighting (IDW), Computers & Geosciences, 22(7), 795-799.
Beven, K., and A. Binley (1992), The future of distributed models - model calibration and
uncertainty prediction, Hydrol. Processes, 6(3), 279-298.
Bindlish, R., and A. P. Barros (1996), Aggregation of digital terrain data using a modified fractal
interpolation scheme, Computers & Geosciences, 22(8), 907-917.
Bouboulis, P., L. Dalla, and V. Drakopoulos (2006), Construction of recurrent bivariate fractal
interpolation surfaces and computation of their box-counting dimension, Journal of
Approximation Theory, 141(2), 99-117.
Briggs, I. C. (1974), Machine contouring using minimum curvature, Geophysics, 39(1), 39-48.
Broxton, D. E., and S. L. Reneau (1996), Buried early Pleistocene landscapes beneath the
Pajarito Plateau, Northern New Mexico, in New Mexico Geological Society Guidebook, 47th
Field Conference, edited by F. Goff, pp. 325-334, New Mexico Geological Society, Socorro,
NM.
Broxton, D. E., and D. T. Vaniman (2005), Geologic framework of a groundwater system on the
margin of a rift basin, Pajarito Plateau, North-Central New Mexico, Vadose Zone Journal, 4,
522-550.
Chang, C. L., S. L. Lo, and S. L. Yu (2005), Applying fuzzy theory and genetic algorithm to
interpolate precipitation, J. Hydrol., 314(1-4), 92-104.
Chapin, C. E., and W. E. Elston (1979), Introduction, in Geological Society of America Special
Paper 180: Ash-flow Tuffs, edited by C. E. Chapin and W. E. Elston, pp. 1-3, Geological Society
of America, Boulder, Colorado.
Chiles, J.-P., and P. Delfiner (1999), Geostatistics: Modeling Spatial Uncertainty, 695 pp., John
Wiley and Sons, New York, NY.
Craig, R. G. (1993), Kinematics of paleo landforms, in Computers in Geology - 25 Years of
Progress, edited by J. C. Davis and U. C. Herzfeld, pp. 275-286, Oxford University Press, New
York, NY.
Crowley, T. J., and K. C. Burke (Eds.) (1998), Tectonic Boundary Conditions for Climate
Reconstructions, 285 pp., Oxford University Press, New York, NY.

113

Fisher, R. V., and H.-U. Schmincke (1984), Pyroclastic Rocks, 472 pp., Springer-Verlag, New
York, NY.
Flint, J. J. (1974), Stream gradient as a function of order, magnitude, and discharge, Water
Resour. Res., 10(5), 969-973.
Francis, P. (1993), Volcanoes: A Planetary Perspective, 443 pp., Oxford University Press, New
York, NY.
Grimaldi, S., V. Teles, and R. L. Bras (2004), Sensitivity of a physically based method for terrain
interpolation to initial conditions and its conditioning on stream location, Earth Surface
Processes and Landforms, 29(5), 587-597.
Grimaldi, S., F. Nardi, F. Di Benedetto, E. Istanbulluoglu, and R. L. Bras (2007), A physicallybased method for removing pits in digital elevation models, Adv. Water Resour., 30(10), 21512158.
Gupta, V. K., and E. Waymire (1989), Statistical self-similarity in river networks parameterized
by elevation, Water Resour. Res., 25(3), 463-476.
Hack, J. T. (1957), Studies of longitudinal stream profiles in Virginia and Maryland, in United
States Geological Survey Professional Paper 294-B, edited, pp. 45-97, U. S. Government
Printing Office, Washington, D.C.
Hofierka, J., and T. Cebecauer (2007), Spatial interpolation of elevation data with variable
density: A new methodology to derive quality DEMs, IEEE Geoscience and Remote Sensing
Letters, 4(1), 117-121.
Holzschuh, J. (2002), Low-cost geophysical investigations of a paleochannel aquifer in the
eastern goldfields, Western Australia, Geophysics, 67(3), 690-700.
Howard, A. D. (1994), A detachment-limited model of drainage basin evolution, Water Resour.
Res., 30(7), 2261-2285.
Izett, G. A., and J. D. Obradovich (1994), Ar-40/Ar-39 age constraints for the Jaramillo normal
subchron and the Matuyama-Brunhes geomagnetic boundary, Journal of Geophysical ResearchSolid Earth, 99(B2), 2925-2934.
Jones, T. A., D. E. Hamilton, and C. R. Johnson (1986), Contouring Geologic Surfaces with the
Computer, 1st ed., 314 pp., Van Nostrand, New York, NY.
Journel, A. G., and C. J. Huijbregts (1978), Mining Geostatistics, 600 pp., Academic Press, San
Francisco, CA.
Kelley, S., and R. E. Kelley (2004), Paleotopography on the Otowi Member of the Bandelier
Tuff: Implications for landscape evolution of the Jemez Mountains, New Mexico, paper
presented at Geological Society of America Annual Meeting, Denver, CO.

114

Kirkby, M. J. (1971), Hillslope processes - response models based on the continuity equation, in
Slopes: Form and Process, edited by D. Brunsden, pp. 15-30, Institute of British Geographers,
Oxford, UK.
Miller, R. D., J. Xia, C. B. Park, J. Ivanov, and E. Williams (1999), Using MASW to map
bedrock in Olathe, Kansas, paper presented at Society of Exploration Geophysicists, Society of
Exploration Geophysicists, Houston, TX, Oct 31 - Nov 5, 1999.
Mitasova, H., and L. Mitas (1993), Interpolation by regularized spline with tension: I.Theory and
implementation, Math. Geol., 25(6), 641-655.
Mitasova, H., L. Mitas, W. M. Brown, D. P. Gerdes, I. Kosinovsky, and T. Baker (1995),
Modeling spatially and temporally distributed phenomena - new methods and tools for GRASS
GIS, International Journal Of Geographical Information Science, 9(4), 433-446.
Moglen, G. E., and R. L. Bras (1995), The effect of spatial heterogeneities on geomorphic
expression in a model of basin evolution, Water Resour. Res., 31(10), 2613-2623.
Newman, B. D., and B. A. Robinson (2005), The hydrogeology of Los Alamos National
Laboratory: Site history and overview of vadose zone and groundwater issues, Vadose Zone
Journal, 4, 614-619.
Niemann, J. D., R. L. Bras, and D. Veneziano (2003), A physically based interpolation method
for fluvially eroded topography, Water Resour. Res., 39(1), 1017, doi:
doi:10.1029/2001WR001050.
Ollier, C. (1988), Volcanoes, 228 pp., Basil Blackwell, Ltd., New York, NY.
Polidori, L., and J. Chorowicz (1993), Comparison of bilinear and Brownian interpolation for
digital elevation models, ISPRS Journal of Photogrammetry & Remote Sensing, 48(2), 18-23.
Reneau, S. L. (2000), Stream incision and terrace development in Frijoles Canyon, Bandelier
National Monument, New Mexico, and the influence of lithology and climate, Geomorphology,
32(1-2), 171-193.
Sandberg, S. K., W. Corso, J. R. Levine, G. Newhart, and G. Powell (2001), Mapping a
paleochannel system controlling contaminant migration at a wood-treating facility using
electromagnetics, paper presented at Symposium on the Application of Geophysics to
Engineering and Environmental Problems, Environmental and Engineering Geophysical Society,
Denver, CO, March 4-7, 2001.
Smith, R. L. (1960), Ash Flows, Bulletin of the Geological Society of America, 71, 795-842.
Smith, R. L., and R. A. Bailey (1966), The Bandelier Tuff: a study of ash-flow eruption cycles
from zoned magma chambers, Bulletin volcanologique, 29, 83-104.

115

Snyder, N. P., K. X. Whipple, G. E. Tucker, and D. J. Merritts (2000), Landscape response to
tectonic forcing: Digital elevation model analysis of stream profiles in the Mendocino triple
junction region, northern California, Geological Society of America Bulletin, 112(8), 1250-1263.
Spell, T. L., I. McDougall, and A. P. Doulgeris (1996), Cerro Toledo Rhyolite, Jemez volcanic
field, New Mexico: 40Ar/39Ar geochronology of eruptions between two caldera-forming events,
Geological Society of America Bulletin, 108(12), 1549-1566.
Stein, M. L. (1999), Interpolation of spatial data: some theory for kriging, 247 pp., SpringerVerlag, New York, NY.
Talmi, A., and G. Gilat (1977), Method for smooth approximation of data, Journal of
Computational Physics, 23, 93-123.
Tarboton, D. G., R. L. Bras, and I. Rodriguez-Iturbe (1991), On the extraction of channel
networks from digital elevation data, Hydrol. Processes, 5(1), 81-100.
Watson, D. F., and G. M. Philip (1985), A refinement of inverse distance weighted interpolation,
Geo-Processing, 2(4), 315-327.
Williams, B. A., B. Bjornstad, R. Schalla, and B. Webber (2002), Revised hydrogeology for the
suprabasalt aquifer system, 200-West Area and vicinity, Hanford Site, Washington, edited by U.
DOE, p. 91, Pacific Northwest National Laboratory, Richland, Washington.
Yokoya, N., K. Yamamoto, and N. Funakubo (1989), Fractal-based analysis and interpolation of
3D natural surface shapes and their application to terrain modeling, Computer Vision, Graphics,
and Image Processing, 46, 284-302.
Zoraster, S. (1996), Imposing geologic interpretations on computer-generated contours using
distance transformations, Math. Geol., 28(8), 969-985.

116

SUMMARY
The first part of this dissertation evaluated the efficacy of nonlinear estimation techniques for
estimating spatial soil moisture patterns relative to multiple linear regression. The nonlinear
estimation techniques evaluated were the SANN and MM methods and all of the methods used
topographic attributes as auxiliary data. Both of the nonlinear methods are examples of
unsupervised machine-learning techniques that do not place a priori constraints on the form of
the relationship between the auxiliary data and the soil moisture. The SANN method performs
best overall and although its performance is consistently better than the other two methods the
increase is generally not large. However, the SANN method has a further advantage in that it
performs better when using more auxiliary variables than the other two methods, which means it
requires less prior knowledge about the attributes to use as predictor variables. Additionally,
catchment characteristics and wetness conditions affect the accuracy of all the methods. While
the SANN and MM are capable of performing better than multiple linear regression, the
improvement generally comes with the cost of needing more observed data; therefore, individual
requirements will determine whether the improved performance is warranted. All of the methods
used in Part I have some inherent limitations, such as being driven purely by data and not related
to identifiable hydrologic processes, which may hamper such techniques’ interpretation and
transferability.
The model used to estimate spatial soil moisture patterns in Part II overcomes some of the
limitations of the nonlinear methods in Part I by having a derivation based in physical hydrologic
concepts. This derivation leads to model parameters and outputs that are more identifiable with
catchment characteristics and physical processes than those of the previously evaluated nonlinear
methods. The model produces realistic soil moisture patterns whose organizational structure can
change with the spatial average soil moisture for all three catchments tested. As a result, the
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model was used to evaluate the vegetation, climate and soil characteristics that affect moisture
pattern organization as well as the temporal stability of the pattern types. Soil characteristics,
such as the horizontal saturated hydraulic conductivity and pore connectedness, are strongly
related to the pattern organization that occurs in a catchment. In addition, the parameter relating
the horizontal hydraulic gradient and the topographic slope is also important to pattern
organization. Finally, greater vegetation transpiration efficiency or thicker vegetation cover also
has a relatively strong influence on the moisture patterns. Time instability in the model is
promoted by parameter values that allow a balance in the overall importance of lateral flow and
radiative ET. That balance is commonly achieved with relatively large horizontal saturated
hydraulic conductivity values. Furthermore, time instability in the modeled patterns also
requires parameter values that allow the dominant process to switch between wet and dry
conditions. The combination of relatively high values of pore disconnectedness and high values
of vegetation cover (or transpiration efficiency) promotes this behavior.
Part III of the dissertation demonstrated the feasibility of using a process-based approach to
reconstruct a buried hillslope and valley topography. The feasibility was shown by application
of the approach to a preserved fluvial topography located near Los Alamos, New Mexico in the
United States. The method consistently identifies five major drainages in the paleotopography,
three of which are similar to drainages identified by previous research. The method could be
used to provide guidance for future data collection efforts by indicating the areas in which
paleotopographic drainage directions are most uncertain. In the future, the reconstruction
method could also be generalized to accept more diverse information, such as known drainage
paths.
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