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Abstract The spatial and temporal variability in soil moisture modulates runoff generation and the degree
of land-atmosphere coupling. Numerous statistical and modeling approaches have been implemented to
characterize soil moisture spatial heterogeneity at fine spatial resolution using data from sparse observational
networks or distributed model simulations. This characterization has been subsequently employed to
translate coarse model simulations (of the order of a few hundred meters or kilometers) to finer spatial scales
for a range of ensuing applications that rely on high-resolution characterization of soil moisture. One
common feature of these disaggregation methods is that the impact of soil moisture memory is ignored. This
results in both spatial and temporal persistence being poorly simulated, leading to poorer specifications of
cropping and irrigation plans. To overcome this shortcoming, we developed a hybrid disaggregation method
that uses the first-order autoregressive model (AR1) constructed from fine-resolution (60 m) soil moisture
simulations to disaggregate catchment mean soil moisture obtained from remote sensing or semidistributed
model simulations. Soil moisture simulations from an integrated land surface-groundwater model,
ParFlow-Common Land Model in Baldry subcatchment, Australia, are used as virtual observations. We
examined the AR1 method performance against topographic wetness index-based methods and those
developed from temporal stability method. Results illustrate that the disaggregation schemes calibrated to a
10-day fine-scale model simulation perform better than the topographic-based methods in approximating
soil moisture distribution at a 60-m resolution in the catchment. Furthermore, the AR1 model is the best
model (Nash-Sutcliffe efficiency [NSE]> 0.45) among various alternatives explored here. Applying the hybrid
univariate AR1 model is promising for disaggregating semidistributed models’ soil moisture simulations
while significantly reducing the computational time.

1. Introduction

Spatial and temporal variability of soil moisture modulates hydrologic and meteorological processes (Gaur &
Mohanty, 2013) including water and energy balances partitioning at the land surface, runoff generation, and
land-atmosphere coupling (Koster et al., 2000). Previous investigations have shown that soil moisture spatial
variability is impacted by physical attributes of a landscape (topography, vegetation type, and soil properties)
as well as dynamic attributes such as precipitation and potential evapotranspiration (Joshi et al., 2011;
Reynolds, 1970). However, the degree of influence of these factors varies across catchments depending on
the observations scale (local to regional; Seneviratne et al., 2010). As a result, it is almost impossible to sepa-
rate the role of individual factors in describing soil moisture spatial patterns particularly from observations
(Gaur & Mohanty, 2013). Overcoming the challenge at fine spatial resolutions (10 to 100 m) is important
for a range of hydrological and water management applications and requires effective utilization of sparse
field-scale soil moisture observational networks and coarse-resolution remotely sensed soil moisture pro-
ducts (Vereecken et al., 2012).

Hyperresolution distributed hydrologic models provide a quantitative framework for characterizing
dynamics of soil moisture spatial variability (Fatichi et al., 2016; Wood et al., 2011). However, regional scale
implementation of integrated hydrologic models at fine spatial resolution is computationally intensive.
One approach to reduce computational demand of distributed hydrologic models is to upscale fine-
resolution parameter sets to coarse resolution (of the order of a few hundred meters) and derive model
simulations at the coarse spatial resolution scale. For example, Jana and Mohanty (2012b) showed that the
power-averaging algorithm can provide reasonable estimate of effective soil hydraulic parameters at coarse
scale. This upscaling procedure can represent fine-scale soil moisture heterogeneity at large scale while
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reducing bias (Jana & Mohanty, 2012a). Alternatively, application of semidistributed hydrologic models
reduces computational time by performing simulations on representative parts of a landscape defined as
Hydrologic Response Units (HRUs). Either way, representing fine-scale spatial heterogeneity of soil moisture
dynamics is a problem that still remains, whether one uses semidistributed or coarse-resolution distributed
models to simulate land surface fluxes across the landscape.

Table 1 provides an overview of existing approaches to characterize and represent fine-scale soil moisture
spatial heterogeneity. In general, these methods are classified to three groups (Pau et al., 2016): (I) statistical
methods based on soil moisture observations to establish statistical relationships between spatial mean soil
moisture and its higher-order attributes such as standard deviation and the coefficient of variation, (II) mod-
eling approaches that implicitly infer fine-scale soil moisture distributions from hydrologic or land surface
models simulations, and (III) disaggregation methods for downscaling remotely sensed soil moisture pro-
ducts using fine-resolution vegetation (Kim et al., 2017), optical or thermal satellite products (Merlin et al.,
2008, 2013), or fine-resolution hydrologic or land surface models (Pau et al., 2016).

A review of statistical relationships between the soil moisture spatial mean and its standard deviation across
various sites reveals a range of relationships from linear functions to convex relationships with peak values at
intermediate soil moisture content and with many sites exhibiting no systematic trend (Korres et al., 2015). As
a result, no universal relationship has been identified between the soil moisture spatial mean and its higher
order statistics, and parameters of these functions are often specified depending on the topography, soil, and
vegetation types of a site. Kim et al. (2016) showed that in zero-order catchments soil moisture spatial
patterns are different for the same spatial mean soil moisture. The nonuniqueness of soil moisture spatial
patterns depends on, among others, the drainage condition, and the degree of coupling between surface soil
moisture and water content at deeper depths as well as seasonality (Rosenbaum et al., 2012).

Topography is often assumed as a key contributor to soil moisture spatial variability. Availability of digital
elevation models and advancements in geographic information systems have led to development of
terrain-based indices for disaggregating catchment-scale soil moisture estimates or interpolating sparse soil
moisture observations. However, these approaches are often implemented without investigating whether
topography is the main factor controlling soil moisture spatial patterns (Grayson & Western, 2001).
Western et al. (2004) showed that at some sites variability of soil properties plays a more important role than
the topography. Pellenq et al. (2003) also illustrated that the combined topographic wetness index (TWI; ratio
of upslope contributing area per unit contour to local slope angle; Beven & Kirkby, 1979) and soil depth infor-
mation compared to topography alone improves catchment-scale soil moisture disaggregation in a low relief
catchment (Pellenq et al., 2003). Later, Wilson et al. (2005) developed a multiple linear regression model for
predicting soil moisture spatial patterns as a function of digital elevation model-derived attributes and
catchment-averaged soil moisture. Therefore, their approach relies on spatially distributed observations for
a range of average soil moisture conditions that may not be available in all cases (Wilson et al., 2005).

Model-based soil moisture disaggregation approaches range from simple mapping of soil moisture fields
from simulations performed at similar HRUs (Chaney et al., 2016), application of terrain-based indices such
as TWI (Beven & Kirkby, 1979) for soil moisture distribution (Koster et al., 2000; Pellenq et al., 2003), establish-
ing statistical relationships between the coarse- and fine-resolution simulations using advanced statistical
methods (Pau et al., 2016), to changes in constitutive model equations for incorporating subgrid variability
(Choi et al., 2007). Table 1 provides further details about the methodology, advantages, and disadvantages
of each approach. Satellite remote sensing soil moisture products such as microwave products provide infor-
mation about soil moisture distribution at regional and global scales. However, their application at catchment
scale is limited by their coarse spatial resolution and lower penetration depth (Mohanty et al., 2017).
Downscaling of remotely sensed soil moisture products can provide information about soil moisture spatial
variability at fine scale. In recent years, variety of methods have developed based on (I) fine-resolution optical
or thermal remote sensing products (Merlin et al., 2008, 2013), (II) developing statistical relationships
between fine-resolution hydrologic or land surface model simulations and coarse-resolution satellite soil
moisture (Loew & Mauser, 2008), and (III) deterministic downscaling approaches based on remote sensing
soil moisture and/or evapotranspiration products for soil hydraulic parameter estimation in fine-resolution
hydrologic models (Shin & Mohanty, 2013). A recent review of downscaling approaches for remote sensing
soil moisture products is provided by Peng et al. (2017).
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Table 1
Summary of Various Soil Moisture Disaggregation Approaches

Approach Main inputs Outcome/benefits Limitations Source

Statistical methods based on soil moisture observations
Presenting soil moisture
scaling properties as a
function of aggregation scale

ESTARa data Soil moisture spatial variance
decreases with increasing the
averaging area

Developing these empirical
relationships requires lots
of data

Rodriguez-Iturbe
et al. (1995)

Exploring the relationships
between the spatial mean
soil moisture and its
higher-order statistics

Soil moisture in-situ probes Soil moisture spatial standard
deviation is decreasing with
increases in moisture conditions

Developing these
relationships requires
lots of data

Famiglietti et al. (1999)

Modeling approaches that implicitly represent fine-scale soil moisture patterns
Direct mapping of simulated
soil moisture for each HRU to
similar HRUs in the domain

Semidistributed
hydrologic modeling

Reducing computational time Accuracy of spatial
patterns depends on the
assumptions and data
used to delineate HRUs

Ajami et al. (2016) and
Chaney et al. (2016)

Transforming catchment
scale water table distribution
to root zone soil moisture
distribution based on the
TWI distribution

TWI is indirectly used to
distribute catchment
mean soil moisture

Reducing computational time Accuracy of soil moisture
spatial patterns depends
on water table distributions
and assuming equilibrium
soil moisture distribution
above the water table

Koster et al. (2000)

Disaggregating catchment
mean soil moisture from a
model to fine resolution
using topography and soil
depth data

Model based Spatially distributed soil moisture
patterns particularly in relatively
wet states are obtained by using
topography and soil depth data

Performance depends on
the scale and catchment
characteristics

Pellenq et al. (2003)

Formulating multiple linear
regression models to
predict point-scale soil
moisture from the spatial
mean soil moisture and
spatial distribution of
topographic attributes

Field-based observations Accounts for changes in
spatial mean soil moisture to
characterize fine-scale soil
moisture spatial distributions

Needs large datasets with
good spatial coverage to
establish the relationships
while considering a range
of moisture conditions

Wilson et al. (2005)

Deriving the volume-
averaged Richards equation
to account for subgrid
topographic variability

Model based Incorporating sub-grid scale soil
moisture variability into the
governing equations derived for
coarse-resolution simulations

Topography is the main
driver of soil moisture
variability in a grid cell and
soil properties are constant
in a large grid cell

Choi et al. (2007)

Establishing the relationships
between spatial mean soil
moisture and its higher order
statistics using fine-scale
simulations and predicting
its higher moments from
coarse-resolution simulations

Model based (PAWSb-CLM4) A computationally efficient
approach for obtaining
higher-order moments of soil
moisture distribution from the
mean obtained from
coarse-resolution simulations

The surrogate models only
predict higher-order
moments at coarse scale,
and they do not map back
the mean soil moisture to
finer resolutions

Riley and Shen (2014)

Applying the proper
orthogonal decomposition
mapping method to establish
spatially explicit relationships
between the fine- and
coarse-resolution model
simulations

Model based (PAWS-CLM) A computationally efficient
approach for obtaining
fine-scale soil moisture and
land surface fluxes distributions
from coarse-resolution models

Reduced-order models
are site specific and
their development is
computationally intensive

Pau et al. (2016)

Developing autoregressive
models from fine-scale model
simulations to disaggregate

Model based (ParFlow-CLM) A computationally efficient
approach to obtain fine-scale
soil moisture distributions from

Relies on fine-resolution
model simulations

This study
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While various approaches are developed to overcome the disconnection between in situ soil moisture
measurements and satellite products (Jawson & Niemann, 2007), application of each method has certain
limitations as outlined in Table 1. These include reliance on dense observational network, intensive
computational demands, difficulty in identifying the dominant factors controlling soil moisture spatial
variability (Gaur & Mohanty, 2013), and nonuniqueness of empirical equations. One of the main characteris-
tics of the above disaggregation methods is that the role of soil moisture memory is often ignored with the
exception of deterministic downscaling methods (Shin & Mohanty, 2013). This means that a disaggregation
method is applied independently of soil moisture content from the previous time step.

To overcome this shortcoming, we developed a hybrid statistical approach based on a first-order autoregres-
sive (AR1) model to disaggregate coarse scale, hillslope, or catchment-averaged soil moisture, using informa-
tion from a dense observational network or high-resolution (of the order of 10- to 100-m resolution) model
simulations. The benefit of the AR1 model, compared to other statistical approaches, is on incorporating
the soil moisture memory effect on spatial disaggregation of mean catchment soil moisture while assuming
that the soil moisture spatial mean is a priori known. To our knowledge, this is the first time that autoregres-
sive methods have been implemented for soil moisture disaggregation. To enhance the quality of the disag-
gregated output, we address three key questions: (I) Does topography exert a first-order control on soil
moisture spatial distribution at catchment scale? (II) How to approximate soil moisture spatial variability
using information content of fine-resolution soil moisture simulations? and (III) Which disaggregation
alternative best describes soil moisture spatial variability in a range of conditions using multiple model
performance measures?

As fine-scale spatially distributed soil moisture observations at catchment scale are seldom available, soil
moisture simulations from an integrated land surface-groundwater model, ParFlow-Common Land Model
(CLM), (Kollet & Maxwell, 2008) are used as the basis to examine the performance of alternate disaggregation
methods. These methods are based on the TWI (Beven & Kirkby, 1979), temporal stability analysis (Vachaud
et al., 1985), and different formulations of autoregressive models, as described later.

Table 1 (continued)

Approach Main inputs Outcome/benefits Limitations Source

spatial mean soil moisture
from coarse-resolution or
semidistributed simulations

coarse-resolution models while
considering soil moisture
memory effect

Disaggregation methods based on remotely sensed data
Downscaling of satellite
soil moisture using
finer-resolution satellite
data and disaggregation
algorithms like DISPATCHc

Downscaling of SMOSd soil
moisture observations
based on satellite-derived
evaporative efficiency data
at 1 km

Using available fine-resolution
satellite products for
downscaling

Only provides soil moisture
for the top few centimeters
of the soil profile

Merlin et al. (2008, 2013)

Disaggregating remotely
sensed soil moisture products
by using fine-resolution
land surface model
simulations to establish
linear regressions between
the spatial mean soil moisture
and fine-scale simulations

Model based Relatively good performance Disaggregated soil moisture
values are sensitive to bias
in satellite soil moisture
retrievals

Loew and Mauser (2008)

Deterministic downscaling of
remotely sensed soil moisture
data using a fine-resolution
hydrologic model calibrated to
remotely sensed soil moisture
and evapotranspiration

Soil hydraulic parameters are
constrained in a way that
mean soil moisture and
evapotranspiration from the
simulated domain match
the remote sensing products

It is only tested for limited
conditions and the optimization
approach is computationally
intensive for large domains

Quality of disaggregated
soil moisture depends on
the quality of remote sensing
data

Shin and Mohanty (2013)

Note. TWI = topographic wetness index; HRU = Hydrologic Response Unit; CLM = Common Land Model.
aESTAR = Electronically steered thinned array radiometer. bPAWS = Process-based Adaptive Watershed Simulator. cDISPATCH = Disaggregation based on phy-
sical and theoretical scale change. dSMOS = Soil moisture and ocean salinity.
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2. Materials and Methods
2.1. Study Area

The Baldry subcatchment in central western New South Wales, Australia, has an area of 1.9 km2 (Figure 1).
Grasslands cover 72% of the catchment area, and the remainder is covered by eucalyptus plantation forest.
This ephemeral catchment has a mild topography with elevation ranges from 443 to 500 m. According to the
Koppen-Geiger classification, climate is temperate with hot summers (Peel et al., 2007). Meteorological obser-
vations from the weather station at the site indicate mean annual precipitation of 741.3 ± 292 mm during
2004–2010 period. One of the notable features of this period is occurrence of a dry (2006) and wetter than
average (2010) year with annual precipitations of 278 and 1,279 mm, respectively.

2.2. ParFlow-CLM Framework

The integrated hydrologic model code ParFlow-CLM (Ashby & Falgout, 1996; Jones &Woodward, 2001; Kollet &
Maxwell, 2006) is implemented for the Baldry catchment to simulate variably saturated subsurface flow using
the Richards equation (Richards, 1931). ParFlow overland flow simulator routes ponded water on the land sur-
face using the kinematic wave equation (Kollet & Maxwell, 2006). The CLM 3.0 (Dai et al., 2003) is modified and
integrated into ParFlow for simulating water and energy fluxes at the land surface (Kollet & Maxwell, 2008;
Maxwell & Miller, 2005). All the energy balance components (net radiation, sensible and latent heat fluxes,
and ground heat flux) in CLM are dependent on calculated soil moisture from ParFlow. Latent heat flux is the
sum of ground evaporation, evaporation from wet foliage, and plant transpiration in which their magnitudes
are dependent on air specific humidity, aerodynamic and stomatal resistances, conductance of heat and vapor
fluxes from leaves, wetted area, potential evaporation, and leaf area index (Kollet & Maxwell, 2008).

The ParFlow-CLM model domain for the Baldry sub-catchment was set up over a 2.9 km by 2.9 km area
encompassing the catchment (Figure 1). Horizontal resolution of the modeling grid is 60 × 60 m, and the
vertical discretization is 0.5 m. This configuration results in 48 × 48 × 203 grid cells. As the bottom elevation
of the domain is set to a uniform 400 m elevation, the subsurface thickness becomes variable with
thicknesses ranging from 43 to 101 m across the domain. Boundary conditions of a computational domain
include ParFlow free-surface overland flow boundary condition at the land surface (Manning’s roughness
coefficient of 5.52E-6 [hr/m1/3]) and a no-flow boundary condition for the bottom and lateral boundaries.
Prescribed subsurface hydraulic parameters are as follows: saturated hydraulic conductivity (0.18 [m/h]),

Figure 1. Baldry catchment in central New South Wales, Australia. Lower elevation regions are shown in dark blue. The
sampling points show pixels of cross-section locations for soil moisture disaggregation methods based on distributed
cross-section model simulations or limited sampling data (section 4.1.1).
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van Genuchten parameters (1.5 [1/m] and n = 2), relative residual saturation (0.1) where relative saturation is
the ratio of volumetric water content to porosity, and porosity (0.25; Acworth & Brain, 2008).

The hourly spatially uniform forcing data for the 2004–2010 period are obtained from a weather station at the
site. Hourly downward longwave radiation data are from the Modern Era Retrospective Analysis for Research
and Applications reanalysis data interpolated to 0.25° × 0.25° resolution (Decker et al., 2012). For model initi-
alization, the hybrid spin-up approach of Ajami et al. (2014) is implemented using 2004 forcing data until
dynamic equilibrium is reached (Ajami et al., 2014). Dynamic equilibrium is specified when changes in
monthly groundwater storage values during recursive simulations reached below 0.1%. Transient simulations
cover 2005 to 2010 and are initialized using pressure head and land surface temperature distributions from
the last day of spin-up simulations.

2.3. Spatial Disaggregation Methods

ParFlow-CLM daily soil moisture simulations from 2006, 2008, and 2010 are used for development and
evaluation of spatial disaggregation methods as dense in situ observations are not available for this site.
These simulations cover a range of wetness conditions in the catchment that characterize years with annual
precipitation lower or higher than average. Total annual precipitation for 2006, 2008, and 2010 are 278 (dry),
780 (average), and 1,279 mm (wet), respectively.

We implemented fourmethods to disaggregate spatial mean catchment soil moisture to fine resolution (60m).
The 60-m spatial resolution corresponds to horizontal discretization of ParFlow-CLM for Baldry catchment. The
disaggregation methods are based on (I) terrain derived indices, (II) temporal stability analysis, (III) univariate,
and (IV) multivariate autoregressive models. While the first two methods have been used previously, this is
the first time that autoregressive models are implemented for soil moisture disaggregation. Both temporal sta-
bility and autoregressive models assume that soil moisture temporal dynamics in neighboring locations are
related despite the variability of absolute soil moisture values, consistent with Seneviratne et al. (2010). All
these methods rely on availability of observed or simulated spatial mean soil moisture for every time step.
This information can be obtained from remotely sensed soil moisture observations (e.g., Soil Moisture Active
Passive) or computationally efficient semidistributed hydrologic modeling alternatives. For large catchments,
subbasin-averaged soil moisture values can be used to disaggregate soil moisture in individual subbasins.

Details for each of the disaggregation models evaluated are presented in the following subsections. In the
equations presented in this paper, bold characters stand for a vector or matrix and nonbold characters refer
to a single value variable.

2.3.1. Terrain-Based Indices
To address the question how topography controls soil moisture spatial distribution in the catchment, rela-
tionships between land surface elevation and TWI (Beven & Kirkby, 1979) and soil moisture distributions from
ParFlow-CLM are explored. TWI distribution is implemented in TOPMODEL (a TOPography-based hydrologi-
cal MODEL) for producing spatially distributed soil moisture and water table patterns (Quinn et al., 1995), and
it has been widely used for spatial disaggregation of catchment mean soil moisture elsewhere. To disaggre-
gate catchment-averaged soil moisture to spatially distributed soil moisture at every grid cell, the ratio of
local TWI to catchment average TWI is calculated. This ratio, referred to as relative wetness index, is used to
estimate the soil moisture as follows:

SMi;j tð Þ ¼ TWIi;j
TWIi;j

�SM tð Þ (1)

where SMi,j (t) is soil moisture at pixel i,j at time t, TWIi,j is topographic wetness index value of pixel i,j, and SM
tð Þ and TWI are catchment-averaged soil moisture at time t and TWI, respectively. For large catchments, mean
soil moisture from every subbasin can be used for disaggregation. In the case of remotely sensed observa-
tions such as Soil Moisture Active Passive with a spatial resolution of 9 km (Chan et al., 2018), soil moisture
observation from every grid cell can represent mean soil moisture in equation (1). The only condition that
equation (1) results in higher soil moisture values than the porosity is when the domain-averaged soil moist-
ure is equal to the porosity, and all the pixels in the domain become saturated. While this condition did not
happen in the catchment, even during the wettest year (2010), the algorithm checks for this condition and
sets the soil moisture of every pixel to saturated water content.
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2.3.2. Temporal Stability Method
The concept of soil moisture temporal stability was first introduced by Vachaud et al. (1985) who found that soil
moisture values from certain locations in the field are representative of mean field soil moisture. This concept
was later expanded to find representative locations at watershed and regional scales for soil moisture monitor-
ing (Vanderlinden et al., 2012). Loew andMauser (2008) used this concept to disaggregate coarse-scale passive
microwave soil moisture observations to fine resolution. They developed series of linear regression equations
that relate time series of fine-resolution soil moisture simulations from a land surface model to spatially aver-
aged soil moisture at coarse resolution. At every location, a linear regression equation has the form

SMi;j tð Þ ¼ ai;j þ bi;jSM tð Þ (2)

where SMi,j(t) is soil moisture at pixel i,j at time t, ai,j and bi,j are the intercept and slope at pixel i,j, respectively,
and SM tð Þ is spatially averaged soil moisture at time t. Loew and Mauser (2008) estimated regression
coefficients from a 10-year soil moisture climatology simulated by the PROcess-oriented Multiscale
EvapoTranspiration (PROMET) model (Mauser & Schädlich, 1998). The main assumptions of the temporal sta-
bility method are as follows: (I) coarse-scale soil moisture values (subbasin mean) are unbiased (Loew &
Mauser, 2008) and (II) regression coefficients are time invariant (Perry & Niemann, 2007).

Here we used 10 days of soil moisture simulations from 1 to 10 January 2008 of ParFlow-CLM to estimate
regression coefficients for every grid cell of the domain (Figure 1). The linear regression equations will predict
fine-scale soil moisture values for the remaining days of 2008, 2006, and 2010 using catchment-averaged
daily mean soil moisture from ParFlow-CLM. Later, disaggregation approach sensitivity to the length of cali-
bration data is examined.
2.3.3. Univariate AR1 Model
Autoregressive (AR) models have been widely used in hydrologic time series analysis for forecasting a
variable of interest based on its values from previous time steps (Salas et al., 1980). AR models can have con-
stant or time variant parameters and are classified as univariate or multivariate depending on the number of
variables the time series represents. In the multivariate case, an AR model preserves temporal and spatial
dependence across multiple variables (Westra et al., 2007). The main assumption of AR models is that the
time series is stationary, and residuals are independent and identically distributed (Salas et al., 1980).
Therefore, the AR models preserve the historical mean, correlation structure, and standard deviation of the
time series when generating new replicates of the data.

Here we developed an approach assuming an AR1 to disaggregate catchment-scale mean soil moisture. An
AR1model has only one autoregressive term, or the soil moisture at location i,j and time t is only a function of
the soil moisture value at the previous time step (t� 1). As a result, the model is able to simulate persistence
at the pixel scale, which is not the case with the temporal stability approach discussed earlier. The univariate
first-order autoregressive model (UAR1) parameters are estimated using ParFlow-CLM soil moisture simula-
tions from 1 to 10 January 2008. A UAR1 model has the following form:

Zi;j tð Þ ¼ A Zi;j t � 1ð Þ þ εt (3)

where Zi,j(t) is the standardized soil moisture time series at pixel i,j and time t, A is the lag-1 autocorrela-
tion, Zi,j(t � 1) is the standardized time series at time (t � 1) at pixel i,j, and εt is the error which is uncor-
related in time with zero mean (Salas et al., 1985). In the description below, the AR1 model formulations in
equation (3) is adapted to (I) maintain aggregation across space to the mean soil moisture being disaggre-
gated and (II) simulate persistence in time at each pixel based on location specific parameters. The steps
involved are as follows:

1. Obtain fine-scale soil moisture simulations for an area of interest from ParFlow-CLM or any distributed
hydrologic or land surface model at the spatial resolution of interest. The length of a time series can be
as short as 10 days. A 10-day time series may be obtain from a single year of soil moisture observations
or simulations or daily soil moisture climatology calculated from long-term averaging of daily simulations
or observations (e.g., January 1st to 10th of years 2005–2010). We explore the role of time series length on
deriving AR1 model parameters in the sensitivity analysis section.

2. For every time step, compute ratio of simulated soil moisture at a given pixel to subbasin or catchment-
averaged soil moisture at that time step:
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ri;j tð Þ ¼ SMi;j tð Þ
SM tð Þ (4)

where ri,j(t) is the soil moisture ratio at pixel i,j and time t, SMi,j(t) is soil moisture at pixel i,j at time t, andSM tð Þ is
spatially averaged soil moisture at time t. For large catchments, spatially averaged soil moisture is obtained
for every subbasin. In the results presented later, the length of the ratio time series used to ascertain model
parameters is equal to 10 days for each pixel.

3. Compute the m-day mean ratio at every pixel and standardize the sseries by subtracting the temporal
mean (10-day average) at every time step

Zi;j tð Þ ¼ ri;j tð Þ � bμi;j ; and

bμi;j ¼
∑mt¼1ri;j tð Þ

m

(5)

Here Zi,j(t) represents the standardized ratio at pixel i,j and time t, ri,j(t) is the soil moisture ratio at pixel i,j at
time t, bμi;j is the m-day mean soil moisture ratio at pixel i,j, and m is the time series length (10 days).

4. Compute the lag-1 autocorrelation (A) using the standardized soil moisture ratio (Zi, j(t)) at every pixel. The
number of lag-1 autocorrelation values is equal to the total number of pixels in the domain (2,304 pixels in
the Baldry catchment).

5. Use the lag-1 autocorrelation (A) and initial soil moisture value from the previous time step to estimate the
standardized soil moisture ratio at pixel i,j and time t using

Zi;j tð Þ ¼ A Zi;j t � 1ð Þ (6)

where Zi,j(t) and A are already described in equation (1), and Zi,j(t � 1) is the standardized soil moisture ratio
at time (t � 1) at pixel i,j. The error term εt of equation (3) is ignored here and accounted for in the rescaling
process in step 7.

6. Unstandardize Zi,j(t) to the soil moisture ratio as follows:

bri;j tð Þ ¼ Zi;j tð Þ þ bμi;j (7)

wherebri;j tð Þ is the predicted soil moisture ratio at pixel i,j at time t, Zi,j(t) is the standardized soil moisture ratio
at pixel i,j and time t, and bμi;j is the m-day mean soil moisture ratio at location i,j.

7. To preserve the catchment-scale mean soil moisture for the current time step, rescale the predicted ratio
by the catchment or subbasin-averaged soil moisture obtained from coarse-resolution soil moisture
simulations or remotely sensed data, SM tð Þ.

dSM0
i;j tð Þ ¼ bri;j tð Þ� SM tð Þ

r tð Þ (8)

where dSM0
i;j (t) is the predicted (disaggregated) soil moisture at pixel i,j at time t, other notations remaining

the same. This ratio adjusts the predicted time series mean to the subbasin mean while at the same time

adjusting the spatial standard deviation by
SM tð Þ
r tð Þ . Note that the mean of ratios is always equal to 1.

This rescaling approach adjusts the spatial variability of soil moisture without explicitly considering the
relationship between catchment-averaged soil moisture and its standard deviation. However, it has been
shown by Famiglietti et al. (2008) that spatial standard deviation varies as a function of mean soil moisture
and extent. At small scales (less than 100 m), the relationship between standard deviation and mean soil
moisture is convex upward while at larger extent becomes concave downward (Famiglietti et al., 2008). To
rescale the mean and standard deviation of predicted soil moisture values, an empirical relationship between
the subbasin level spatial standard deviation and mean soil moisture is developed using the (m = 10)-day
ParFlow-CLM simulations of 2008

10.1029/2018WR022575Water Resources Research

AJAMI AND SHARMA 9463



σSM tð Þ
¼ aþ b SM tð Þ (9)

whereσSM tð Þ
is the predicted spatial standard deviation at time t based on spatial mean soil moistureSM tð Þ;and

a and b are empirical parameters estimated from am-day calibration data. This empirical relationship predicts
standard deviation at every time step using the subbasin-averaged soil moisture. The empirical function can
have any form and is assumed linear as it best represents ParFlow-CLM simulation of the Baldry catchment.

The final rescaling equation based on the spatial mean and estimated standard deviation at time step t is

cSMi;j tð Þ ¼ SM tð Þ þ dSM0
i;j tð Þ � SM tð Þ

h i σSM tð Þ

σ bSM tð Þ

(10)

where cSMi;j tð Þ is the predicted (disaggregated) soil moisture at pixel i,j at time t, σSM tð Þ
is predicted standard

deviation from equation (9), and σ bSM tð Þ
is the spatial standard deviation of estimated soil moisture (cSM0

i;j tð ÞÞ
in (8) over the domain. It should be noted that if a negative soil moisture value results from the estimation
in (10), it is truncated to residual water content. However, in the simulation results presented later, such nega-
tive occurrences did not occur.

8. To predict soil moisture for the next time step using equation (6), the estimatedcSMi;j tð Þ from equation (10)
is first standardized using equations (4) and (5) and the process will continue for additional time steps.

2.3.4. Multivariate AR1 Model
Multivariate AR1 models consider time dependence as well as cross correlations of multiple time series. This
implies that soil moisture predictions at location i,j and time t are a function of previous day soil moisture and
cross correlations of the soil moisture time series at this pixel with other pixels in the domain. A multivariate
AR1 model has the form

Zi;j tð Þ ¼ AZi;j t� 1ð Þ þ B εt (11)

where Zi,j(t) is the standardized time series at pixel i,j and time t, A and B are n × n parameter matrices, and
εt represents the independent and identically distributed noise vector with zero mean and unit standard
deviation (Salas et al., 1980). Similar to the univariate AR1model, soil moisture time series data from fine-scale
simulations are standardized using the procedure outlined in steps 1 to 3. The difference here is in computing
model parameters where A is now a (n × n) matrix with n equal to the number of pixels in the domain. The
method of moments estimate of the parameters in A is written as (Matalas, 1967)

bA ¼ bM1 bM�1
0 (12)

where bM0 and bM1 are the lag-0 and lag-1 cross-correlation matrices. The elements ofM0 andM1matrices are
lag-0 and lag-1 auto and cross correlations values computed from the standardized soil moisture time series.
A general form of matrix M for a domain with size n is

cMk¼
ρ11k ; ρ12k ; ⋯; ρ1nk

⋮ … ⋮

ρn1k ; ρn2k ; ⋯ ρnnk

264
375 (13)

where ρijk is the lag-k cross-correlation coefficient between Zi(t) and Zj(t � 1) for i ≠ j. If i = j, then ρijk is the
autocorrelation coefficient of order k. Once matrix A is calculated, soil moisture predictions and scaling is
similar to steps 5 to 7 of the univariate AR1 model. Due to the soil moisture rescaling in step 7, the second
term on the right-hand side of equation (11) is eliminated.

It is evident from equations (12) and (13) that a multivariate AR1 model has a large number of parameters to
account for time and cross dependence between multiple time series. This complexity may result in large
estimation errors if the number of observations for parameter estimation are limited. Therefore, it is possible
to simplify the model structure to reduce the number of parameters. One simple approximation is to diago-
nalize the Amatrix by setting the off diagonal elements to zero (Mehrotra & Sharma, 2015; Salas et al., 1985).
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This means that the lag-1 cross correlations are not important in soil moisture predictions. Indeed, our initial
investigations showed that using the full A matrix introduces large errors in predicted initial soil moisture
values at the first few time steps. However, the error will dissipate with time. As a result, only the diagonal
elements of the A matrix are used to create a contemporaneous multivariate AR1 model referred to as
MAR1 in the remainder of this paper.

2.4. Model Evaluation Measures

Two types of model evaluation measures are used to compare disaggregated soil moisture with soil
moisture simulations from ParFlow-CLM at every time step. These measures are (1) root-mean-square
difference (RMSD), Nash-Sutcliffe efficiency (NSE) and Kling-Gupta efficiency (KGE; Gupta et al., 2009) for
cell-to-cell comparison and (2) an empirical orthogonal function (EOF) analysis for comparing spatial patterns
of disaggregated and simulated soil moisture (Koch et al., 2015). An additional evaluation metrics is
implemented to compare pixel-scale temporal dependence of disaggregated soil moisture with
ParFlow-CLM simulations.
2.4.1. Cell-to-Cell Evaluation
The following metrics were computed between estimated fine-scale soil moisture from a disaggregation
approach and ParFlow-CLM simulation at every time step. These represent aggregated measures of a disag-
gregation method performance over a spatial domain of interest.

RMSD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

∑
N

i¼1
Bi �Mið Þ2

s
(14)

NSE ¼ 1�
∑
N

i¼1
Bi �Mið Þ2

∑
N

i¼1
Bi � B
� �2 (15)

KGE ¼ 1�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r � 1ð Þ2 þ α� 1ð Þ2 þ β � 1ð Þ2;

q
α ¼ σM

σB
; β ¼ μM

μB
; (16)

where N is total number of pixels in a domain, Bi is the ParFlow-CLM simulated soil moisture for pixel i, Mi is
the estimated soil moisture from a disaggregation method at pixel i, r is the linear correlation coefficient
between ParFlow-CLM soil moisture simulations and a disaggregation method, α is a measure of relative
variability and is the ratio of spatial standard deviations of a disaggregated soil moisture over the domain
(σM) to ParFlow-CLM simulations (σB), and β represents bias and is the ratio between the soil moisture spatial
mean (μ) from a disaggregation method (μM) and ParFlow-CLM (μB) for every time step. Due to the rescaling
in step 7, β is equal to 1. The value of RMSD depends on the unit of a variable and ranges between 0 and ∞.
The range of NSE values is between 1 and�∞where 1 indicates a perfect fit and values less than zero indicate
that the observation’s mean is a better predictor than the model simulation. KGE of 1 represents a perfect fit
and it is more informative than the RMSD and NSE by separating correlation error from relative variability
error and bias in the means (Gupta et al., 2009).
2.4.2. Similarity of Spatial Patterns Using the EOF Analysis
EOF analysis has been previously used as a means for comparing spatial patterns of modeled data with a
reference data such as remotely sensed observations at the catchment scale (Koch et al., 2015). EOF analysis
allows decomposition of a space-time data set to a set of time invariant orthogonal spatial patterns (EOFs;
Perry & Niemann, 2007), as well as a set of loadings that represent the importance of each EOF at every time
step (Koch et al., 2017). For comparing spatial similarity between modeled and reference data, Koch et al.
(2015) performed the joint EOF analysis of a data matrix that includes spatial anomalies of reference and
modeled data set at every time step. By removing the domain spatial mean from each grid cell at every time
step, the EOF analysis becomes bias insensitive. The EOF-based similarity score introduced by Koch et al.
(2015) is a measure of differences between the EOF loadings of modeled and reference data at every time
step weighted by the variance contribution of a particular EOF. The EOF-based similarity score (StEOFÞ is
computed as follows:

StEOF ¼ ∑ni¼1wi loadBt
i � loadMt

i

� ��� �� (17)
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where wi is the portion of the variance explained by the ith EOF and loadi
B and loadi

M are loadings of ith EOF
at time t for simulated soil moisture from ParFlow-CLM and a disaggregation method, respectively. Loadings
are a matrix of size (n × n) where n is the number of time steps. Each row of a loading matrix corresponds to a
particular EOF, and they express the contribution of each day of a time series to the direction of correspond-
ing EOF. The total number of EOF is equal to n.
2.4.3. Temporal Dependence
The memory timescale of soil moisture is the amount of time that it takes until the impact of a rain event on
soil moisture temporal dynamics dissipates (Ghannam et al., 2016). This timescale typically ranges between a
week to a few months depending on the size of a rainfall event, meteorological conditions, soil properties,
and land surface characteristics (Ghannam et al., 2016). An autocorrelation function at multiple time lag inter-
vals can be estimated to characterize temporal dependence of a time series. Delworth and Manabe (1988)
analyzed soil moisture simulations of the Geophysical Fluid Dynamic Laboratory general circulation model
and showed that the soil moisture autocorrelation function (r(t)) is exponential

r tð Þ ¼ exp
�t
τ

(18)

where t is time and τ is the decay time scale that corresponds to a lag at which an autocorrelation function
reduces to 1/e (e-folding time; Delworth & Manabe, 1988). We used the approach of Entin et al. (2000) to com-
pute the decay time scale of a simulated soil moisture time series at every pixel by first computing an auto-
correlation function at a 10-day lag interval and finding the slope of a linear regression fitted to the natural
logarithm of autocorrelation functions and lag times (Entin et al., 2000). This slope is indicative of a decay time
scale and is used as a measure of temporal dependence for comparing the performance of disaggregation
methods at every pixel against ParFlow-CLM. Our preliminary analysis showed that the autocorrelation func-
tion becomes highly nonlinear at lags greater than 40 days.

3. Results

In the results that follow, comparisons are made across the four disaggregation approaches described along
with their variants. To simplify the presentation, Table 2 summarizes all of the disaggregation models consid-
ered, along with their associated equations and key differences.

3.1. Does Topography Exert a First-Order Control on Soil Moisture Spatial Distribution?

Figure 2 presents results from the relative wetness index-based disaggregation alternative discussed earlier,
which assumes that topography is the dominant driver in the disaggregation process. As can be seen in
Figure 2, the TWI-based soil moisture disaggregation does not reproduce spatial variability of simulated soil
moisture. Overall, this disaggregation approach performs better during the drydown periods and in the drier
year (2006) than the wet periods. The daily NSE values become negative for catchment-averaged relative
saturation values of greater than 0.4. These results are consistent with observations from catchments in tem-
perate regions of Australia that showed a single wetness index cannot be representative of soil moisture dis-
tributions during wet and dry states of a catchment (Grayson et al., 1997). The fact that topography is better
able to describe soil moisture spatial patterns during the drydown periods is also consistent with the two
states hypothesis of Grayson et al. (1997). Based on this hypothesis, lateral flow processes control soil moist-
ure spatial distribution during wet periods while local terrain and soil characteristics are themain contributors
to soil moisture spatial pattern during the dry periods. The fact that the relative wetness index is not able to
capture soil moisture spatial patterns during periods when lateral subsurface flow dominates (e.g., soil moist-
ure peaks of 2010) might be related to some of the underlying assumptions of this index.

To assess the reasons behind the above results further, an EOF analysis is performed to extract the dominant
spatial pattern of the top layer soil moisture simulations of ParFlow-CLM. As the first EOF of the soil moisture
time series explained more than 97% of total variance in each simulation year (2006, 2008, and 2010), indivi-
dual correlation coefficients between the first EOF and elevation, flow accumulation, slope and TWI are cal-
culated (Mascaro et al., 2015). Results illustrate that the first EOF has the highest correlation with elevation
(~�0.34) compared to other variables for all simulation years. This result confirms that topography is a mar-
ginally better descriptor of soil moisture spatial patterns compared to TWI with correlation coefficient of 0.3,
with overall correlations relatively low for effective use as a disaggregation alternative as Figure 2 has shown.
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3.2. Approximating Soil Moisture Spatial Variability Using Fine-Resolution Soil Moisture Simulations

Parameters of the temporal stability and the UAR1 and MAR1 models are estimated using the first 10 days of
ParFlow-CLM soil moisture simulations in 2008. As can be seen in Figure 3, the temporal stability method per-
forms better than the UAR1 and MAR1 models in 2006 and 2008 with some exceptions during wetter days of
2008 where daily NSE values are lower than the AR1 models. The UAR1 and MAR1 models perform best in
2010 compared to the temporal stability method. The decreasing trend of daily NSE values in 2010 coincides
with increases in water table elevation (about 2 m) in the catchment caused by intense rainfall events.
Comparisons among the disaggregation methods based on the KGE metrics indicate that the temporal sta-
bility method results in smaller correlations with observations (ParFlow-CLM) during wet days of 2008 and
2010. For the AR1 models, higher variability of the standard deviation bias (α) in the dry year (2006) deterio-
rates the model performance.

While the temporal stability method has the best performance in 2006 and 2008 compared to AR1 models,
this method does not preserve the soil moisture temporal persistence from previous time steps. Indeed,
the pixel level lag-1 autocorrelations of disaggregated soil moisture from the temporal stability method
are constant and equal to the lag-1 autocorrelation of catchment-averaged soil moisture, while they vary
for the MAR1 and UAR1 models. As can be seen in Figure 3, UAR1 and MAR1 model performances are similar
indicating that incorporating spatial association among pixels in the domain does not improve the disaggre-
gation skill. Therefore, a simpler model based on the UAR1 approach is recommended.

One noticeable difference in the disaggregation results of the temporal stability and autoregressive methods
compared to the relative wetness index is that NSE values are greater than 0.2 and 0.7, respectively, for the

Table 2
Summary of Disaggregation Models

Method name Equation(s) Key differences

Relative wetness index (1) Disaggregation at every time step is performed using a constant rescaling
ratio based on the topographic wetness index

TS: temporal stability (2) Linear regressions are developed between the time series of catchment
mean soil moisture and soil moisture simulations at every pixel during
the calibration period

TS.c: temporal stability model parameterized
with soil moisture climatology

(2) Similar to the TS method with the exception of using soil moisture
climatology time series for model calibration

UAR1: univariate AR1 model (3) to (8) Incorporates soil moisture memory effect by estimating the lag-1
autocorrelation at every pixel from soil moisture ratio time series

UAR1.c: univariate AR1 model parameterized
with soil moisture climatology

(3) to (8) Similar to the UAR1 method with the exception of using soil moisture
climatology time series at every pixel to estimate lag-1 autocorrelation

UAR1.SD: UAR1 model with the standard
deviation rescaling

(3) to (10) Similar to the UAR1 method with the exception that soil moisture rescaling
is based on the catchment mean soil moisture and standard deviation

UAR1.cS: UAR1 model parameterized with
soil moisture climatology and rescaling is
based on standard deviation

(3) to (10) Similar to the UAR1.SD method with the exception of using soil moisture
climatology time series for autocorrelation estimation

MAR1: multivariate AR1 model (8) and (11) Incorporates lag-0 and lag-1 cross correlations between pixels in a domain

MAR1.c: MAR1 model parameterized with
soil moisture climatology

(8) and (11) Similar to the MAR1 method with the exception of using soil moisture
climatology time series

MAR1.SD: MAR1 model rescaled with
catchment-scale standard deviation

(10) and (11) Similar to the MAR1 method with the exception of soil moisture rescaling
based on the catchment-scale mean soil moisture and standard deviation

MAR1.cS: MAR1 model parameterized with
soil moisture climatology and rescaling is
based on standard deviation

(10) and (11) Similar to the MAR1.SD with the exception of using soil moisture climatology
time series
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validation periods. This means that the temporal stability method and particularly autoregressive models
capture spatial distribution of ParFlow-CLM simulations very well using only 10 days of fine-resolution soil
moisture data for their parameterizations. Total sum of similarity scores computed from the EOF analysis
using all data for each year confirms the superior performance of the temporal stability method in 2008
and 2006 compared to the AR1 models as indicated by the smaller similarity scores (Figure 4a). However,
the UAR1.c performs best in 2010 (Figure 4a).

The total number of model parameters in the temporal stability method is twice the AR1 models as it
requires estimating the slope and intercept of a linear regression equation for every pixel. The UAR1
model only requires estimating the lag-1 autocorrelation for every pixel. Nevertheless, obtaining fine-
scale soil moisture simulations across a large domain is computationally intensive using either approach.
Next, we explore whether soil moisture simulations from a number of distributed cross sections in the
domain can approximate soil moisture spatial distribution using the statistical approaches outlined
above. It has been previously shown that the distributed cross sections that are almost perpendicular
to a stream can capture subbasin-scale soil moisture dynamics (Ajami et al., 2016; Khan et al., 2014).
The distributed cross-section approach is implemented in the semidistributed hydrologic modeling fra-
mework of SMART (Soil Moisture And Runoff simulation Toolkit) for computationally efficient hydrologic
modeling (Ajami et al., 2016; Khan et al., 2013). If the disaggregation parameterization based on distrib-
uted cross sections works, the methods will be useful for mapping fine-scale soil moisture in semidistrib-
uted model simulations.

Figure 2. Daily NSE values of disaggregated top layer soil moisture using the relative wetness index disaggregation
method. Catchment-averaged relative saturation (S) from ParFlow-CLM simulations in 2006, 2008, and 2010 are shown
in black. This disaggregation approach performs better during the drydown periods as indicated by higher NSE values.
NSE = Nash-Sutcliffe efficiency; CLM = Common Land Model.

10.1029/2018WR022575Water Resources Research

AJAMI AND SHARMA 9468



4. Discussions
4.1. Sensitivity of Disaggregated Soil Moisture to Model Parameterizations

In this section, we explore the impact of statistical model parameterization on accuracy of disaggregated soil
moisture. First, the role of spatial distribution of observed samples on the statistical models performance is
investigated by using soil moisture simulations from a set of distributed cross sections shown in Figure 1.
Next, changes in the length of calibration period on predicted soil moisture are explored as estimating
coefficients of linear regressions and autoregressive models requires a time series of fine-scale soil moisture
simulations. This time series is referred here as representing a calibration period. Here we assessed the
sensitivity of predicted soil moisture to the length of the calibration time series by choosing m = 10, 20, 30,
40, 50, and 60 days of ParFlow-CLM simulations in 2008. Additional model parametrization is performed by
obtaining a (m = 10)-day soil moisture climatology based on ParFlow-CLM simulations in 2006, 2008, and 2010.
4.1.1. Impact of Soil Moisture Spatial Sampling
To evaluate the impacts of spatial distribution of soil moisture simulations on disaggregation results, ParFlow-
CLM soil moisture simulations across a series of cross sections (Figure 1) are extracted for 1–10 January 2008.
The length of each cross section is 2,880 m and corresponds to 48 pixels of 60-m × 60-m size. The distance
between two neighboring cross sections is 240 m. Parameters of the temporal stability and autoregressive
models are estimated by first interpolating soil moisture values between the cross sections using the bihar-
monic spline method in MATLAB. Figure 5 shows daily disaggregation statistics for 2006, 2008, and 2010 for
models constructed from the distributed cross sections. One noticeable feature is that model evaluation

Figure 3. Daily NSE values of disaggregated soil moisture using the temporal stability (TS), UAR1, andMAR1models. ParFlow-CLM simulations from 1 to 10 January of
2008 are used for calibrating the temporal stability and autoregressive models. NSE = Nash-Sutcliffe efficiency; UAR1 = univariate first-order autoregressive model;
MAR1 = multivariate AR1 model; CLM = Common Land Model.
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metrics across all three statistical methods (temporal stability and univariate and multivariate autoregressive
models) are decreased due to the lack of soil moisture simulations across the entire domain. Daily NSE values
of the default model parametrizations (calibration is based on the first 10 days of 2008) are between 0.35 and
0.56 with the exception of the temporal stability method where NSE values reduce to 0.1 for certain days in
2010 (gray lines in Figure 5). Although disaggregation model parameterization using the distributed cross
sections reduces NSE by 50% in some cases, all the statistical methods perform better than the relative
wetness index-based disaggregation (Figure 2).

Soil moisture rescaling based on the spatial standard deviation and catchment mean soil moisture (green
lines in Figures 5 and 6) significantly improves model predictions relative to the catchment mean rescaling.
Improved performance of the AR1 models particularly those that adjust predictions based on the standard
deviation is more evident using the KGE metrics compared to NSE (Figure 6). According to the KGE metrics,
the standard deviation-based rescaling improves the correlation structure of predicted soil moisture against
observations as well as reducing variability of the daily spatial standard deviation bias. These improvements
are reflected by higher and less variable daily KGE values of AR1 models (Figure 6). Similar to Figure 3, perfor-
mances of the UAR1 and MAR1 models are similar indicating that spatial association among the pixels in the
domain does not lead to improved performance of the contemporaneous MAR1 model.

NSE values of all the statistical models for the cross-sections pixels are greater than 0.75 in 2006 and 2008
(Figure 7). In 2010, a decreasing trend in daily NSE values caused by increases in water table elevation reduces
the NSE of the AR1 and temporal stability methods to 0.65 and 0.1, respectively. While at the interpolated
pixels NSE values are smaller (~0.35), the statistical disaggregation approaches perform better than the rela-
tive wetness index approach at these locations with lower NSE values (Figure 2). Furthermore, soil moisture
climatology parameterization in addition to the standard deviation rescaling improves AR1 model predic-
tions particularly over the interpolated pixels (Figure 7). Ranges of RMSD values across all years and various
disaggregation alternatives are between 0.016 and 0.03 m3/m3.

Comparing predicted soil moisture spatial patterns frommodels parametrized based on the distributed cross
sections also confirms that the autoregressive methods perform best in 2008 and 2010 relative to the
temporal stability method (Figure 4b). In 2006, the temporal stability method performs better than some
variants of the autoregressive models for reasons that are addressed later.
4.1.2. Sensitivity to the Length of Calibration Period
Sensitivity analysis results using the calibration period of 10, 20, 30, 40, 50, and 60 days (using data from
ParFlow-CLM in 2008) for the distributed cross-sections parameterization reveal that calibration period of

Figure 4. Yearly total similarity score from the EOF analysis using data from (a) all ParFlow-CLM pixels in the domain versus
(b) data from distributed cross sections to parameterize the statistical models. For description of legend items refer to
Table 2. EOF = empirical orthogonal function; CLM = Common Land Model.
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10 days is sufficient for capturing soil moisture dynamics particularly in 2006 and 2008 (Figure 8). To illustrate
this, mean daily NSE values of each disaggregation method calibrated to a particular calibration period are
calculated and summarized in boxplots for validation years. Each boxplot of Figure 8 shows ranges of mean
NSE values from 10 disaggregation methods (Table 2) including temporal stability, temporal stability based
on the soil moisture climatology, default AR1 model, AR1 model based on the soil moisture climatology, AR1
model based on the standard deviation rescaling, and AR1 model based on the soil moisture climatology
and standard deviation rescaling. Note that the AR1 category includes both univariate and multivariate
models. As can be seen in Figure 8 increasing the calibration period does not significantly improve model
predictions, and it even increases the ranges of daily NSE values and number of extreme outliers. The
outliers are from the MAR1 models calibrated to 60 days. In general, UAR1.cS and/or MAR1.cS models have
the highest NSE.

Performances of calibrated statistical models using a 10-day soil moisture climatology data are shown in
Figures 4–7. As can be seen in Figure 4a, the temporal stability method based on soil moisture climatology
using the entire domain data has the best similarity score of the models considered in this study in 2006
and 2008, while the UAR1 model based on soil moisture climatology is the best model in 2010. This result
suggests that the impact of soil moisture memory becomes more important in 2010 as this year is signifi-
cantly wetter than 2006 and 2008. For the distributed cross-sections parameterization, the UAR1.cS model
predictions (calibrated by the soil moisture climatology and rescaled by the standard deviation) are the best.
Calibration based on the soil moisture climatology compared to the default parameterization improves soil
moisture predictions in all the statistical methods (Figure 4). However, the standard deviation rescaling is

Figure 5. Daily NSE values of disaggregated soil moisture based on the temporal stability (TS), UAR1, and MAR1 models using ParFlow-CLM simulations of 1–10
January 2008 from distributed cross sections for calibration. Description of legend items are in Table 2. NSE = Nash-Sutcliffe efficiency; CLM = Common Land Model.
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more impactful than the soil moisture climatology parametrization in the AR1 models particularly during the
dry year (2006) (Figures 4 and 5). For the distributed cross-section approach, calibration based on soil
moisture climatology and standard deviation rescaling improves soil moisture predictions of interpolated
pixels across all the validation years. However, predictions at cross-section pixels do not improve during
2006 and 2008. Indeed, the cross-section pixels with the standard deviation rescaling and default
parameterization (1–10 January 2008) have higher NSE than the models calibrated by soil moisture
climatology and standard deviation rescaling (Figure 7).
4.1.3. Sensitivity to the Timing of a Calibration Period
A series of model calibration experiments are performed to assess sensitivity of univariate AR1 models pre-
dictions to the 10-day period. A total of 357 calibration periods is specified by considering a 10-day moving
window starting from 1 January 2008 to the end of the year. For soil moisture climatology calibrations, aver-
age of soil moisture simulations from 2006, 2008, and 2010 is used. The calibration experiments are imple-
mented for the default UAR1 parameterization, UAR1.c, and UAR1.SD models. Therefore, 1,071 (357 × 3)
UAR1 models are developed to disaggregate daily catchment averaged soil moisture for 2006, 2008, and
2010. Figure 9 shows minimum, maximum, 25th, 50th, and 75th percentiles of the daily KGE values from each
model calibrated to a different 10-day period. As can be seen in Figure 9, standard deviation rescaling signifi-
cantly reduces sensitivity of soil moisture predictions to the calibration period, and ranges of KGEs are larger
in 2006 and 2010 validation periods. Sensitivity of model predictions for the UAR1 and UAR1.c parameteriza-
tions is lowest during drier periods as the highest KGE corresponds to calibration periods with smaller catch-
ment mean soil moisture.

Figure 6. Daily KGE values of disaggregated soil moisture based on the temporal stability (TS), UAR1, and MAR1 models using ParFlow-CLM simulations of 1–10
January 2008 from the distributed cross sections for calibration. Descriptions of legend items are in Table 2. KGE = Kling-Gupta efficiency; CLM = Common Land
Model.
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Figure 7. Daily NSE values of disaggregated soil moisture based on the temporal stability (TS), UAR1, and MAR1 models using ParFlow-CLM simulations of 1–10
January 2008 from the distributed cross sections for calibration. The solid lines are NSE of distributed cross-sections pixels, and the dashed lines represent NSE of
interpolated pixels. Descriptions of legend items are in Table 2. NSE = Nash-Sutcliffe efficiency; CLM = Common Land Model.

Figure 8. Sensitivity of statistical disaggregation methods to the length of calibration period. Each boxplot presents the ranges of mean NSE values from 10 disag-
gregation methods parameterized from the distributed cross-sections simulations. The disaggregation methods are temporal stability, temporal stability with soil
moisture climatology, univariate and multivariate AR1 models using default parameterization, soil moisture climatology, rescaling based on spatial standard
deviation, and parameterization based on soil moisture climatology and rescaling based on spatial standard deviation. NSE = Nash-Sutcliffe efficiency; AR1 = first-
order autoregressive model.
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4.2. Overall Performance of Disaggregation Models

As the goal of disaggregation is to reduce the computational demand of fine-scale simulations, the next logi-
cal step is to identify a disaggregation method that well represents soil moisture spatial variability in a range
of conditions using multiple performance measures. To perform this evaluation, all the models formulated
from the distributed cross sections are ranked based on the four evaluation metrics including mean NSE,
KGE, r, and α using data from 2006, 2008, and 2010 (Best et al., 2015). For a given evaluation metrics, the score
of 10 is assigned to the best performing model and the worst performing model is given the score of 1. These
rankings are summed across all the metrics to obtain the total rank for a given disaggregation alternative. As
it is shown in Figure 10, the UAR1 model performs best (has the largest rank) particularly when it is calibrated
to soil moisture climatology and predictions are rescaled by the catchment mean soil moisture and standard
deviation. Incorporating amore complex autocorrelation structure in the MAR1models does not improve soil
moisture predictions compared to the univariate models.

The temporal stability approach tends to perform better than the AR1 models with the default and soil
moisture climatology parameterizations during the 2006 (dry) validation year. However, AR1 models
typically perform better than the temporal stability method during years with average or wetter conditions
(2008 or 2010).

Comparing ranges of daily spatial variance of soil moisture across the 15 statistical disaggregation models
against observations confirms that the entire domain parameterizations well resemble the spatial patterns
of observations (Figure 11). The best performing methods based on the entire domain data are the temporal
stability method in 2006 and univariate AR1models based on soil moisture climatology in 2008 and 2010. For
the distributed cross sections, the UAR1 models based on the joined soil moisture climatology and standard

Figure 9. Ranges of daily KGE values of soil moisture predictions for a given simulation year obtained from three UAR1models calibrated to a different 10-day period
using 2008 and climatology time series. The AR1 models are UAR1, UAR1.c, and UAR1.SD. Minimum and maximum KGE values are shown in light blue, and 25th
and 75th percentiles are shown in dark blue. The 50th percentiles of daily KGE values are in red. KGE = Kling-Gupta efficiency; UAR1: univariate AR1model; AR1 = first-
order autoregressive model; UAR1.c = univariate AR1 model parameterized with soil moisture climatology; UAR1.SD = UAR1 model with the standard deviation
rescaling.
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deviation rescaling or standard deviation rescaling perform better than other alternatives particularly in 2006
and 2008. The numbers of outliers are larger in 2010 across all the models.

Finally, the temporal dependence of disaggregation methods for 2006, 2008, and 2010 is compared with
ParFlow-CLM simulations using the temporal dependence metrics described in section 2.4.3. As can be seen
in Figure 12, the temporal stability method results in a constant decay time scale across all grid cells equal to
the catchment averaged soil moisture decay time scale. Among the autoregressive models, the UAR1 model
calibrated to soil moisture climatology and adjusted to soil moisture standard deviation better resembles
cumulative probability distribution of decay time scales estimated for each pixel. As expected, the decay time
scale of a drier year (2006) is longer than 2008 and 2010. The decay time scale distribution in 2010 is larger
than the average year (2008). This result highlights the role of precipitation amount on impacting soil moist-
ure memory time scale.

4.3. Comparing the AR1 Model Performance Against the TOPMODEL Approach

The TOPMODEL soil moisture distribution approach based on the catchment averaged soil moisture deficit
and TWI distribution has been widely used in hydrologic and land surface models. The TOPMODEL estimates
soil moisture deficit at every pixel by assuming a steady state condition and an exponential decline of hydrau-
lic conductivity with depth:

Di;j tð Þ ¼ D tð Þ �m TWIi;j � TWI
� �� lnT0 � lnT0

� �� �
(19)

where Di, j is the soil moisture deficit at pixel i,j and time t,m is a constant scaling parameter, TWIi, j is the topo-
graphic wetness index of pixel i,j,Dand TWI are catchment-averaged soil moisture and TWI, respectively, T0 is
the local transmissivity at saturation, and T0 is catchment-averaged transmissivity (Beven, 1997). We com-
pared soil moisture predictions from the univariate AR1 model with the TOPMODEL disaggregation by
assuming a homogenous soil (the second term on the right-hand side of equation (19) becomes zero) and
replacing soil moisture deficit by soil moisture.

Catchment-scale soil moisture disaggregation from the TOPMODEL approach with a constant rescaling para-
meter results in poor model predictions (negative daily NSE values). To improve the model performance,
parameter m is estimated for every pixel using ParFlow-CLM simulations from 1 to 10 January 2008.
Distributed parameter values (m) estimated from the entire domain simulations improve soil moisture predic-
tions in 2006 relative to the UAR1model, but results are worse than the temporal stability method (Figure 13).
This outcome is related to the differences in parameterizations between the TOPMODEL and temporal stabi-
lity method. The TOPMODEL assumes that the relationships between the catchment-averaged soil moisture
and local-scale soil moisture have a slope of 1, and the only changing parameter is the local TWI fixed at every
time step. For the distributed cross-section cases, the UAR1.SD is the best performing model as the

Figure 10. Ranking of 10 disaggregation methods parameterized based on the distributed cross section simulations. The
best performing model has the highest rank. TS = temporal stability.
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Figure 12. Cumulative distribution function of pixel-based soil moisture decay time scale for ParFlow-CLM simulation, temporal stability method calibrated to soil
moisture climatology, and UAR1.cS and MAR1.cS models. All models are parameterized based on soil moisture simulations from distributed cross sections except for
the UAR1-Full model that includes data from the entire ParFlow-CLM domain. The temporal stability method results in a constant decay time scale equal to the
decay time scale of catchment-averaged soil moisture time series. CLM = Common Land Model; UAR1.cS: UAR1 model parameterized with soil moisture climatology
and rescaling is based on standard deviation; MAR1.cS = MAR1 model parameterized with soil moisture climatology and rescaling is based on standard deviation;
UAR1 = univariate AR1 model.

Figure 11. Spatial variance of predicted daily soil moisture from the 15 statistical models parameterized using the full
domain data and distributed cross sections. The red boxplots show the range of observed spatial variance based on
ParFlow-CLM simulations. CLM = Common Land Model. TS = temporal stability; TS.c = temporal stability model parame-
terized with soil moisture climatology; UAR1 = univariate AR1 model; UAR1.c = univariate AR1 model parameterized with
soil moisture climatology; UAR1.SD = UAR1 model with the standard deviation rescaling; UAR1.cS = UAR1 model para-
meterized with soil moisture climatology and rescaling is based on standard deviation; MAR1 = multivariate AR1 model;
MAR1.c = MAR1 model parameterized with soil moisture climatology; MAR1.SD = MAR1 model rescaled with catchment
scale standard deviation; MAR1.cS = MAR1 model parameterized with soil moisture climatology and rescaling is based on
standard deviation.
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time-varying ratio of local soil moisture to catchment-averaged value at every time step cannot be captured
using the non-time-varying TWI indicators in TOPMODEL (Figure 13).

4.4. Application of AR1 Models in Semidistributed Hydrologic Modeling

Semidistributed hydrologic models such as SMART delineate a series of subbasins in a particular catchment
and has multiple approaches for delineating the computational elements in a subbasin. In SAMRT, these ele-
ments are either series of two-dimensional distributed cross-sections perpendicular to a stream or equivalent
cross sections (ECSs) representative of each hillslope in a subbasin (Ajami et al., 2016). In the case of distrib-
uted pixel-based cross sections, SMART delineates a series of distributed cross sections across a subbasin and
obtains model parameters per pixel (Figure S1 in the supporting information). By adjusting the distance
between the cross sections, this formulation can represent a fully distributed simulation case. For the ECSs
approach, SMART first delineates a series of cross sections per hillslope and then aggregates hillslope para-
meters (e.g., slope, vegetation, and soil types) for every landform (HRU) to formulate an ECS for every
hillslope. In SMART, these HRUs are delineated based on variation in topographic and geomorphologic
descriptors of the entire catchment in relation to distance from a stream (Khan et al., 2013) and are classified
as upslope, midslope, footslope, and alluvial flats landforms. The ECS formulation in SMART substantially
reduces the computational time by decreasing the number of cross sections from 67 from the fully distribu-
ted pixel based to 3. SMART assumes a uniform soil moisture distribution across regions with similar
hydrologic response units. Therefore, there is a need to disaggregate subbasin soil moisture values to fine
resolution for certain applications.

Here we examined whether the autoregressive coefficient (A) estimated from the distributed cross sections
using ParFlow-CLM simulations (Figure 1) can approximate fine-resolution soil moisture using subbasin-
averaged soil moisture values of the three ECSs approach for every time step. As the two-dimensional unsa-
turated zone hydrologic model (U3M-2D; Tuteja et al., 2004) in SMART is different than ParFlow-CLM, another
reference data are required to assess UAR1 model performance. As a result, a fully distributed cross-section
simulation with 67 cross sections is performed using SMART. U3M-2D solves the two-dimensional Richards
equation for soil moisture predictions and uses daily potential evapotranspiration to estimate

Figure 13. Daily KGE values of soil moisture predictions from the temporal stability method, UAR1, UAR1.SD model and TOPMODEL with distributed parameter
values (TOPMODEL.D) calibrated to a 10-day calibration period in 2008. While the temporal stability model produces the best predictions in 2006 and 2008 using
the entire domain data for its parameterization (top row), the UAR1 model produces the best results using the distributed cross sections (bottom row). KGE = Kling-
Gupta efficiency; UAR1 = univariate AR1 model; UAR1.SD = UAR1 model with the standard deviation rescaling; TOPMODEL = a TOPography based hydrological
MODEL; TS = temporal stability.
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evapotranspiration, and current version of SMART does not have a groundwater module. Despite this
limitation, previous investigations have shown that the ECS formulation is able to capture subbasin scale
(Ajami et al., 2016; Khan et al., 2014) and catchment mean soil moisture temporal dynamics (Khan et al.,
2018) compared to observations obtained from soil moisture monitoring probes or satellite observations,
respectively. In addition, runoff simulations from the three ECSs approach without any calibration were
comparable to observed discharge and simulations from four calibrated conceptual models at catchment
scale (Khan et al., 2018).

To be consistent with ParFlow-CLM, daily reference potential evapotranspiration was estimated using hourly
forcing data of ParFlow-CLM and the soil depth over the catchment was assumed at 5 m. This depth repre-
sents the CLM exchange zone with ParFlow. Soil moisture disaggregation results demonstrate that the
ParFlow-CLM-derived A coefficient with subbasin soil moisture values from the three ECSs approach pro-
duces similar soil moisture distributions to the fully distributed pixel-based cross-section formulations of
SMART as indicated by small daily RMSD values (Figure 14). This result indicates that SMART has the potential
to derive parameters of UAR1 models and due to its computational efficiency has the potential for large scale
simulations and derivation of soil moisture disaggregation parameters. In the next step, sensitivity of UAR1
model to catchment characteristics such as topography, horizontal, and vertical subsurface heterogeneity
using SMART will be explored.

4.5. Sensitivity of a UAR1 Model to Catchment Characteristics Using SMART

To assess sensitivity of a UAR1 model to catchment characteristics such as steepness, horizontal, and vertical
subsurface heterogeneity, five simulation scenarios are designed using Baldry data as the basis for model
simulations. The details of scenarios are as follows: (I) Scenario 1—homogenous subsurface with the existing
land cover. This scenario represents the baseline condition and is similar to the ParFlow-CLM set-up. (II)
Scenario 2—similar to scenario 1 with the exception of multiplying catchment elevation by a factor of 10
to increase the slope. (III) Scenario 3—similar to scenario 1 with the exception of representing the subsurface
using a randomly generated soil texture field with four soil texture classes: sand, loamy sand, sandy loam, and
loam (Figure S2a). (IV) Scenario 4—similar to scenario 1 with the exception of representing the subsurface by
four soil texture classes that follow topography: sand, loamy sand, sandy loam, and loam (Figure S2b). (V)
Scenario 5—similar to scenario 1 with the exception of representing the subsurface with four vertical soil
layers of different texture. These texture classes and their corresponding thicknesses from top to the bottom
layers are as follows: sand (0.3 m), silt (0.3 m), silty loam, (0.4 m) and clay loam (4 m).

For every scenario, three model simulations are performed: (I) a fully distributed model simulations by dis-
cretizing the catchment to 67 cross sections perpendicular to the stream to cover the entire catchment.
These simulations are used as virtual observations for comparison with the UAR1 model; (II) a
semidistributed model simulation by discretizing the catchment to 15 cross sections, 3 cross sections

Figure 14. Daily RMSD values of disaggregated catchment mean soil moisture using mean soil moisture values of three ECSs simulations at every time step and
ParFlow-CLM derived A coefficient from the UAR1.c approach. Fine scale soil moisture values of SMART distributed pixel-based simulations are used as the
virtual observations. RMSD = root-mean-square difference; UAR1.c = univariate AR1 model parameterized with soil moisture climatology; ECS = equivalent cross
section; CLM = Common Land Model; SMART = Soil Moisture And Runoff simulation Toolkit.
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for the headwater, and 6 cross sections for each side slope (Figure S1). These cross sections are used to
develop the UAR1 model A matrix; and (III) an ECS approach by delineating one ECS per hillslope
(headwater, right bank and left bank). These ECSs are used to obtain the catchment mean soil
moisture for soil moisture disaggregation.

Comparing daily RMSD values of each scenario for 2006, 2008, and 2010 simulation years shows that horizon-
tal and vertical heterogeneity of subsurface parameters increases RMSD of the disaggregated soil moisture
by the UAR1 model (Figure 15). The largest error is caused by the random indicator field followed by the four
soil zones field that follow topography scenario and layered soils scenario. The magnitude of RMSD for the
steep catchment is the same as the scenario 1 (Figure 15).

Figure 15. Daily RMSD values of UAR1.c disaggregated soil moisture fields against the fully distributed SMART simulations for every scenario. RMSD = root-mean-
square difference; UAR1.c = univariate AR1 model parameterized with soil moisture climatology; SMART = Soil Moisture And Runoff simulation Toolkit.

Figure 16. Ranges of daily correlation values between spatially distributed soil moisture fields from the UAR1.c model and SMART fully distributed simulations (top
row). Percentage of the time in each simulation year where NSE values of the disaggregated soil moisture field against the fully distributed SMART simulations is
greater than 0 (bottom row). Scenarios 1 through 5 represent the following: 1 (homogenous), 2 (steep), 3 (indicator random field), 4 (soil zones follow topography),
and 5 (layered soils). UAR1.c = univariate AR1model parameterized with soil moisture climatology; SMART = Soil Moisture And Runoff simulation Toolkit; NSE = Nash-
Sutcliffe efficiency.
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One noticeable difference between these simulations and ParFlow-CLM simulation is that lateral connectivity
between neighboring cross sections in the fully distributed SMART simulations are ignored, and each cross
section is simulated independent of its neighboring cross sections. This has degraded the UAR1 model
performance. However, the UAR1 model is still the best performing alternative compare to the relative
wetness index and temporal stability disaggregation methods in this catchment (not shown).

The ranges of spatial correlations between soil moisture distributions for every simulation year are higher for
scenarios 1 and 5 and are lower for the steep and randomly heterogeneous soil texture indicator field. The
percentage of times in a simulation year where NSE is larger than 0 is larger in 2008 and 2010 relative to
the 2006 dry year and is close to 100% for scenario 4. While the UAR1.c model results in the same
catchment-averaged soil moisture as the fully distributed SMART simulation, because of the similarity of
catchment mean soil moisture between the three ECSs and the fully distributed case, the spatial standard
deviation of disaggregated soil moisture fields is higher than the SMART reference case. This results in zero
or negative NSE values in some time steps as shown in Figure 16.

NSE value of disaggregated soil moisture time series at every pixel against the SMART fully distributed
simulations for each scenario is quite high and is close to 1 in most cases (see Figure 17). These results
highlight that despite the degradation of spatial NSE, the temporal dynamics of soil moisture for every
pixel in the domain is captured well by the UAR1.c model except for scenario 3 (indicator random field)
(Figure 17).

Results of the sensitivity analysis to changes in catchment characteristics illustrate that sensitivity to soil
texture heterogeneity is higher than topography in a set of scenarios explored here. However, not all
types of subsurface heterogeneity results in larger spatial disaggregation errors, and the magnitude of
errors depends on the soil-type heterogeneity patterns. Despite decreases in spatial NSE for different sce-
narios, UAR1.c model still performs better than other alternatives for scenarios explored here particularly
with respect to preserving temporal persistence. This result suggests that the UAR1 model has the poten-
tial for disaggregating catchment mean soil moisture from satellite observations or semidistributed
model simulations.

5. Conclusions

We developed a hybrid statistical approach based on the UAR1 model to disaggregate catchment mean
soil moisture to fine-resolution soil moisture distribution. Results of validation periods show that the autore-
gressive models and temporal stability methods perform very well with daily NSE values of greater than 0.7
and 0.3, respectively, when data from the entire domain are used for model parameterization. The lower NSE
values during 2010 validation year are related to increases in water table elevation during intense rainfall
events that is not accounted for in formulating the statistical models. Overall, the AR1 model predictions
are superior to the temporal stability method during 2010 period. Using soil moisture simulations across a

Figure 17. Ranges of NSE values of disaggregated soil moisture time series at every pixel against the fully distributed SMART simulations for each scenario. Scenarios
1 through 5 represent the following: 1 (homogenous), 2 (steep), 3 (indicator random field), 4 (soil zones follow topography), and 5 (layered soils). NSE = Nash-Sutcliffe
efficiency; SMART = Soil Moisture And Runoff simulation Toolkit.
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series of distributed cross sections to parameterize the statistical models deteriorates model performance at
the interpolated pixels. Nevertheless, the UAR1 model performs best compared to the disaggregation meth-
ods based on the relative wetness index, TOPMODEL, or temporal stability methods particularly when spatial
standard deviation of soil moisture predictions from the AR1 models are updated based on the catchment
mean soil moisture. However, reliance on fine-scale model simulations for constructing the A matrix as well
as reliance on unbiased catchment mean soil moisture from satellite observations or coarse model simula-
tions remains a challenge.

Sensitivity analysis results illustrate that only 10 days of fine-resolution soil moisture simulations preferably
from a drier period is required for calibrating the statistical models using simulations from the entire domain
or cross sections. Sensitivity analysis results to changes in catchment characteristics illustrate that subsurface
heterogeneity has larger impact than the topography in a set of scenarios explored here, and the magnitude
of errors depends on soil-type heterogeneity patterns. Nevertheless, the UAR1 model preserves pixel-based
temporal variability of disaggregated soil moisture better than other alternatives in our scenarios. The advan-
tage of the cross-section approach is in its computational efficiency, and it has the potential for soil moisture
spatial disaggregation in semidistributed modeling frameworks. These fine-resolution soil moisture estima-
tions are important for evapotranspiration and runoff estimation, irrigation management, and characterizing
land-atmosphere feedbacks (Pau et al., 2016).
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