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ABSTRACT 
 

 

 

ASSESSING THE INFLUENCE OF MODEL INPUTS ON PERFORMANCE OF THE EMT+VS 

SOIL MOISTURE DOWNSCALING MODEL FOR A LARGE FOOTHILLS REGION IN 

NORTHERN COLORADO 

 

 

 

Soil moisture is an important driving variable of the hydrologic cycle and a key 

consideration for decision-making in off-road vehicle mobility, crop modeling, drought 

forecasting, flood prediction, and a variety of other applications. Soil moisture can be estimated 

at coarse resolutions (>1 km) using satellite remote sensing or land surface models; however, 

coarse resolution estimates are unsuitable for many applications. Downscaling these products to 

finer resolutions (~10 m) creates soil moisture maps that are more useful. This study applies the 

Equilibrium Moisture from Topography, Vegetation, and Soil (EMT+VS) model to Maxwell 

Ranch, a 4,000-ha cattle ranch in Northern Colorado that represents a diverse range of 

topographic, vegetation, and soil characteristics and a wide range of soil moisture conditions. 

The EMT+VS model is a physically based geo-information method that downscales coarse 

resolution soil moisture estimates using ancillary fine resolution datasets of topography and 

vegetation. Input data to the EMT+VS model contain inherent sources of error that can impact 

the uncertainty of downscaled estimates. 

 The objective of this study is to identify sources of uncertainty in inputs and assess their 

influence on the error of the EMT+VS model output. The study finds changes in vegetation input 

or digital elevation model (DEM) resolution introduce substantial errors in the EMT+VS model 
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output; however, these errors can be mostly overcome when recalibration with local in-situ data 

is possible. The highest errors (RMSE = 0.20 cm3/cm3) tend to occur in locations with thick 

vegetation and high contributing area, which are difficult to accurately estimate with available 

remote sensing data sources. 
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1 INTRODUCTION 

 
 

 

Soil moisture (volumetric water content) is an important variable in the hydrologic cycle, 

driving various atmospheric, hydrologic, and biological processes (Legates et al., 2011). Fine 

resolution maps of soil moisture provide useful information for various applications such as 

drought forecasting (Hirschi et al., 2011), flood prediction (Komma et al., 2008), agricultural 

production (Krishnan et al., 2006; Ines et al., 2013), and off-road vehicle mobility (Pundir & 

Garg, 2022). Fine resolution (3-30 m) soil moisture data required for these applications can be 

achieved through downscaling existing coarse resolution (~1-50 km) data. Satellite remote 

sensing, land-surface models (LSMs), or an average of measurements from an in-situ data 

network can be used as coarse resolution soil moisture from which to downscale. 

Satellite Microwave Remote Sensing Platforms 

There are several satellite microwave remote sensing platforms in use dedicated to 

monitoring surface soil moisture. The Soil Moisture Active Passion (SMAP) mission, launched 

by NASA in 2015, continuously monitors global soil moisture through passive microwave 

remote sensing using an L-band radiometer. SMAP’s baseline mission requirement is to provide 

estimates of soil moisture in the top 5 cm of soil with an error no greater than 0.04 cm3/cm3 at a 

10 km spatial resolution with 3-day average intervals globally, with some landcover exclusions 

(Entekhabi et al., 2014). This accuracy has been upheld according to numerous studies that have 

validated select passive, active-passive, and passive-enhanced products (Zeng et al., 2016; Chen 

et al., 2017; Chan et al., 2018). Chen et al. (2017) compared the performance of four SMAP 

radar and/or radiometer products at the Little Washita Watershed in Oklahoma and found that the 

Level 3 passive enhanced product had the lowest error, with an unbiased root mean square error 
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(RMSE) of 0.026 cm3/cm3. However, other SMAP products have been developed, such as the 

Level 2 SMAP radiometer/Copernicus Sentinel-1 soil moisture product and the Level 4 model-

based product, which differ in method of retrieval, use of ancillary datasets, spatial resolution, 

accuracy, and temporal coverage (Das et al., 2019, 2020; Reichle et al., 2021) and  therefore 

have different sources of error. 

The Soil Moisture Ocean Salinity (SMOS) missions was launched by the European Space 

Agency (ESA) in early November 2009 and continues to provide global soil moisture estimates. 

Like SMAP, SMOS uses an L-band radiometer and aims to retrieve soil moisture data with a 

spatial resolution of 50 km or less and a revisit time of less than 3 days (Kerr et al., 2010). The 

Advanced Scatterometer, or ASCAT, is a real aperture radar instrument that uses backscatter 

data to derive soil moisture retrievals and is used onboard various satellite missions, primarily 

the MetOp satellite series (Bartalis et al., 2007). The spatial resolution of ASCAT ranges from 

approximately 25 to 50 km, achieving daily near-global coverage since initial launch of MetOp-

A in 2007, with increasing coverage since the addition of more satellites (Wagner et al., 2013; 

Brocca et al., 2017). The Advanced Microwave Scanning Radiometer 2 (AMSR2), launched in 

May 2012 onboard the Global Change Observation Mission-Water (GCOM-W) satellite, is the 

successor to other AMSR instruments. GCOM-W uses a microwave radiometer to retrieve global 

soil moisture coverage every 2-3 days at a spatial resolution of 0.25° (~25 km) (Imaoka et al, 

2010, Burgin et al. 2017).  

Burgin et al. (2017) compared SMAP passive soil moisture products with other existing 

satellite products including SMOS, ASCAT, and AMSR2. They found that SMOS provided 

measurements most similar to SMAP, whereas ASCAT tended to predict wetter than SMAP and  

AMSR2 tended to predict drier, except in desert regions. All these satellite products are useful 
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for observing soil moisture consistently across a global scale at coarse resolutions, but they use 

different sensors, resolutions, and data collection techniques that yield deviations between soil 

moisture estimates. 

Land Surface Models 

 Land surface models (LSMs) are also commonly used to simulate physical or biophysical 

processes on the earth’s surface, including modeling the water balance. A wealth of LSMs exist 

that can be applied at regional or global scales to model soil moisture at various depths. The 

complexity and considerations involved in LSMs vary, but oftentimes these models consider a 

combination of meteorological data, soil properties, vegetation cover, land use, and topography. 

Koster et al. (2009) compared seven land surface models from the second phase of the Global 

Soil Wetness Project (GSWP-2) and found that the differences in modeled global soil moisture 

were substantial, despite using the same driving meteorological variables. However, different 

models generally captured the same temporal variability of soil moisture. Therefore, despite 

differences in the estimates across models, the relationship of one model to another could be 

characterized by a transformation, rather than interpreting the modeled soil moisture as a d irect 

estimate. Implicit uncertainties in LSMs are also due to the coarse resolution (~100 km) of these 

models. On a more regional scale, the second phase of the North American Land Data 

Assimilation System (NLDAS-2) database includes soil moisture data from four land surface 

models: Noah, Mosaic, Sacramento soil moisture accounting (SAC), and Variable Infiltration 

Capacity (VIC) at a 1/8th degree grid spacing (~12 km). Xia et al. (2015) evaluated these four 

LSMs against soil moisture observations from hundreds of sites across several U.S. states and 

found, while all models could generally capture seasonal variation in soil moisture, affirming the 

study by Koster et al., 2009, Mosaic demonstrated the lowest error for estimates in Colorado. 
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Furthermore, Xia et al., (2015) found that both SAC and Mosaic tended to estimate drier than the 

observations, whereas Noah and VIC tended to estimate wetter. 

In-situ Soil Moisture 

 In-situ soil moisture data are collected using sensors or probes inserted or permanently 

installed in the ground to measure soil moisture in a natural environment in real time. In-situ 

sensors provide accurate measurements of soil moisture at a specific location, but these types of 

measurements are not available on a global scale. However, there are various experimental 

watersheds or expansive in-situ networks that exist in different regions throughout the world, 

which are useful for providing an abundance of data for use in hydrologic models or to validate 

soil moisture estimates from satellites (Gruber et al., 2013; Colliander et al., 2017), LSMs 

models (Caldwell et al., 2019), or downscaling models (Grieco et al., 2018; Gambill et al., 2020). 

These in-situ networks are usually intended to measure average, or “typical”, conditions, and the 

average estimate from the network is used to validate the accuracy coarse-resolution estimates. 

As such, however, in situ networks typically do not capture the full range of conditions at a site 

and therefore leave out potentially critical information for many applications, particularly for 

mobility assessments. 

Previous Efforts in Soil Moisture Downscaling 

Downscaling methods take advantage of widely used, readily available, and temporally 

frequent coarse resolution soil moisture data from sources such as remote sensing platforms, 

LSMs, or in-situ network averages. Various downscaling (a.k.a. disaggregation) methods exist, 

which vary in their data inputs, methodologies, and output resolutions. Recent overviews of 

existing downscaling methods can be found in Peng et al. (2017), Ajami & Sharma (2018), and 

Sabaghy et al. (2020).  
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Radar-based downscaling is commonly used on a global scale, which fuses active (radar) 

and passive (radiometer) microwave data. These algorithms combine the benefit of frequent 

passive observations with higher resolution, but less frequent, active radar measurements. For 

example, the SMAP/Sentinel-1 L2 Radiometer/Radar product derives brightness temperatures 

from SMAP’s 36 km radiometer and uses Sentinel-1 radar backscatter data to disaggregate them 

to higher resolution (3 km and 1 km) soil moisture retrievals (Das et al., 2019, 2020). Radar-

based methods are useful for downscaling continuously and over large extents with exiting 

satellite data but provide outputs that are still too coarse (>1 km) for certain applications. 

 Optical/thermal downscaling is another satellite-based downscaling method that 

combines the advantages of multiple data products, in this case optical and thermal data, which 

are typically available at finer resolutions (tens of meters). Optical data provides a vegetation 

index (VI), and thermal data provides land-surface temperatures (LST). The LST/VI space 

typically resembles a triangle or trapezoid shape, which is used to determine ‘dry’ and ‘wet’ 

edges and parameterize the linear relationship between LST and soil moisture. This method is 

commonly referred to as the triangle or trapezoid method (Moran et al., 1994). The 

Disaggregation based on Physical and Theoretical scale Change (DisPATCh) model is an 

example of an optical/thermal method that has been used to disaggregate SMOS and AMSR-E 

products to a 1 km resolution (Merlin et al., 2012). Alternatively, the OPTRAM method 

proposed by Sadeghi et al., (2017) uses solely optical data and is a direct estimation of soil 

moisture, rather than a downscaling method. OPTRAM calculates shortwave transformed 

reflectance (STR) from a satellite’s shortwave infrared (SWIR) band, which is analogous to LST 

in the triangle/trapezoid method and produces downscaled estimates that match the resolution of 
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the optical data source. However, these methods are limited by the availability of clear sky 

imagery and are not applicable for continuous use on a global scale. 

Statistical approaches are also commonly used, which aim to preserve statistical 

properties of empirical soil moisture observations across scales (Mascaro et al. 2010, Deshon et 

al., 2020). Empirical Orthogonal Function (EOF) analysis is an example of a statistical method, 

which can be used to downscale soil moisture based on statistical relationships with observed 

properties, such as topography (Busch and Niemann, 2012). In recent work, machine learning 

has also been increasingly common for soil moisture downscaling. Commonly used machine 

learning algorithms include artificial neural network (ANN) (Xu et al., 2021; Alemohammad, 

2018), Support Vector (Ahmad et al., 2010; Jin et al., 2020), regression trees (Wei, Z. et al., 

2019, Liu et al., 2020b), and the Random Forest (RF) model (Zhao et al., 2018; Chen et al., 

2020). Liu et al. (2020a), Srivastava et al. (2013), and Im et al. (2016) compared different 

machine learning techniques for viability in downscaling satellite soil moisture. 

 While statistical and machine learning methods rely on empirical relationships, geo-

information methods use fine resolution ancillary data (such as topography, vegetation, or soil 

data) and their physical influence on soil moisture to inform the downscaling process (Busch et 

al., 2012; Werbylo and Niemann, 2014; Schröter et al., 2017). GeoWATCH is an example of a 

geo-information method that estimates high-resolution global soil moisture based on data 

assimilation from static (land use, soil texture, and DEM) and dynamic (meteorological 

variables) datasets (Eylander et al., 2023). GeoWATCH ingests coarse resolution (~10 km) data 

from the United States Air Force (USAF) 555th Weather Wing (557WW), which uses the Noah 

LSM, as a base estimate of soil moisture. The GeoWATCH downscaling algorithm is based on 

the STOPMODEL approach, which considers flow within shallow soils based on topographic 
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attributes (Walter et al., 2002). GeoWATCH produces 30-90 m resolution, soil moisture maps 

every 3-hours for the near-surface layer of 0–10 cm (Eylander et al., 2023). GeoWATCH 

downscaled estimates have been compared to catchment studies at Tarrawarra and Shale Hills 

where the modeled soil moisture outperformed the TDR average on most dates (Eylander et al., 

2023). Additionally, GeoWATCH has been evaluated against USDA Soil Climate Analysis 

Network (SCAN) in-situ soil moisture measurements across 34 states. GeoWATCH had a lower 

RMSE for clayey soils (0.08 cm3/cm3) and a higher RMSE for sandy soils (0.11 cm3/cm3) 

(Gambill et al. 2020). While GeoWATCH has been evaluated at a small catchment-scale and a 

large regional scale, the algorithm performance has not yet been assessed at large study regions 

with high-resolution soil moisture networks, which might better showcase the effects of 

variations in terrain (Eylander et al., 2023).  

This study focuses on the application of a geo-information method called the Equilibrium 

Moisture from Topography (EMT), Vegetation, and Soil (+VS) model. The original EMT model 

considered the dependence of soil moisture on topographic attributes. The model captured 

valley-dependent patterns, showing wetter conditions tend to occur in valley bottoms, as well as 

hillslope-dependent patterns, in which wetter conditions tend to occur on slopes oriented away 

from the sun (Coleman et al., 2013). The EMT model was later amended to include vegetation 

and soil considerations. Ranney and Niemann (2015) found that model performance improves 

when fine resolution spatial vegetation data are used.  The EMT+VS model has been 

successfully applied at a variety of sites that represent a wide range of climate and vegetation, 

characteristics. Instrumentation also varied from site to site, with either permanent installations 

or portable TDR measurements, and depths ranging from 5 cm to 30 cm. Climates have ranged 

from sub-humid catchments in Australia and New Zealand to semi-arid regions in Colorado, 
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collectively representing grasslands, shrublands, and forests (Ranney et al., 2015; Grieco et al., 

2018; Pauly et al., 2020). Testing beyond the catchment scale was conducted at two large and 

extensively monitored SMAP validation sites – the mountainous Reynolds Creek and the alpine 

Tibetan Plateau (Cowley et. al, 2017; Grieco et al., 2018). Reynold’s Creek boasts the most 

forest cover and greatest topographic relief of any of the sites studied thus far. At this site, 

Cowley et al. (2017) assessed the impacts of incorporating elevation-dependent variables, such 

as precipitation and potential evapotranspiration (PET), into the EMT+VS model and found that 

adding downscaled PET data improved model performance. The robustness of the EMT+VS 

model in a variety of environments is demonstrated by the prediction of soil moisture with a 

root-mean-squared error of ~0.03–0.06 (Table A1).  

Additionally, the EMT+VS model is adaptable in that the model can intake any user-

specified dataset or locally known information, and/or the model can be calibrated using local 

observations. Greico et al. (2018) tested the method on a variety of catchment and large-scale 

study sites to assess the model performance if using global datasets for parameterization instead 

of local calibration. The study found that, while using global datasets still provides reasonable 

performance, site-specific calibration, though not always practical to implement, results in better 

performance and captures greater spatial variability. Nonetheless, global datasets, local 

calibration, or a combination of both, can be implemented in the EMT+VS model.  

Unlike methods that aim to reproduce statistical patterns in soil moisture, or machine 

learning methods that are based on empirical training data, the EMT+VS model is a physically 

based approach that aims to estimate soil moisture as physically accurate as possible. Werbylo et 

al. (2014) found that the EMT+VS model outperformed an EOF method when fewer locations 

for in-situ data were available. Statistical methods like EOF likely require very large in-situ 
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datasets to fine-tune performance, whereas the EMT+VS model is constrained by physical 

considerations and can more accurately predict soil moisture without extensive in-situ networks. 

Additionally, unlike optical-thermal methods that rely on clear-image satellite data such as 

Sentinel-2 for their predictions, EMT+VS can be used for all dates, regardless of cloud cover.  

 Although the EMT+VS model has been tested extensively and successfully, further 

testing of model robustness to different landscape features is warranted as is exploration of the 

impact of varying input datasets on performance. This testing is needed to expand the 

applicability of the EMT+VS model to a wider variety of sites and data sources. Additionally, 

the EMT+VS model has not yet been tested in a realistic application scenario. Prior testing has 

been conducted in small catchments (Deshon et al., 2020), or with sparse in-situ networks across 

very large regions (Hoehn et al., 2017; Grieco et al., 2018). These studies have primarily used in-

situ spatial average soil moisture and field measurements of vegetation, which are not practical 

to collect in any given region. Instead, using remote sensing data for these features may allow for 

more expansive use of the EMT+VS model. However, while the use of remote sensing data as 

inputs to the model will expand model usefulness, these data will have inherent errors that may 

propagate through the model and impact the error in the fine scale soil moisture estimates. So far, 

there has been limited consideration of the sources of error in these remote sensing platforms and 

the subsequent error caused when they are applied to the EMT+VS model. 

The overarching purpose of this study is to (1) to evaluate the performance of the EMT+VS 

model when applied to a realistic field scale (approximately the size of a satellite coarse 

resolution grid cell) using an in-situ validation dataset that captures spatial variability of 

topography, vegetation, and soil and (2) to determine how the choice of inputs (including coarse 

resolution soil moisture, vegetation data, and topography data) affect the model performance.  
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2 METHODOLOGY 

 
 

 

The EMT+VS model estimates fine resolution soil moisture for a specific date based on 

the coarse resolution average soil moisture and fine resolution data for topography and 

vegetation. The model can also use fine resolution data for soil properties, but Ranney et al. 

(2015) found only small improvements in the accuracy when fine resolution soil properties are 

considered.  

The EMT+VS model estimates the fine resolution soil moisture using a water balance for 

the uppermost soil layer. The model considers four processes in the water balance: infiltration, 

deep drainage, lateral flow, and evapotranspiration (ET). Infiltration F (mm/day) is estimated 

based on a coarse resolution precipitation 𝑃̅ (which eventually cancels out of the model) and an 

interception loss:  

 𝐹 = 𝑃̅(1 − 𝜆𝑉) (1)  

where 𝜆 is an interception efficiency parameter and V is the fractional vegetation cover. Cowley 

et al. (2017) included a term describing orographic effects on precipitation and Pauly et al. 

(2020) included a term that accounts for runoff production. However, neither term is used here 

because they both produced only small improvements in the accuracy of the soil moisture 

estimates from the model. 

Deep drainage G (mm/day) is calculated from Darcy’s Law assuming gravity controls the 

vertical hydraulic gradient, and the Campbell (1974) equation describes the unsaturated 

hydraulic conductivity. Deep drainage is calculated as:  

 𝐺 =  𝐾𝑠,𝑣 ( 𝜃𝜙+𝜒𝑉)𝛾𝑣
 (2) 
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where 𝐾𝑠,𝑣 is the vertical saturated hydraulic conductivity (mm/day), 𝛾𝑣  is the vertical pore 

disconnected index, 𝜃 is the soil moisture, 𝜙 is the bare soil porosity, and 𝜒 adjusts the bare soil 

porosity to account for organic matter. The parameter 𝜒 has not been considered in prior 

applications of the EMT+VS model but  was added here because the application region includes 

locations with very dense vegetation mats that are underlain by peat. Peat soils can have very 

high porosity (Rezanezhad et al., 2016; Park et al., 2021) which is poorly represented by a 

calibrated and spatially constant porosity value that is meant to characterize nonorganic soils. 

Pauly et al. (2020) also considered a residual water content in the EMT+VS model, but this 

feature is also not included here because the addition produced little improvement in 

performance.  

Lateral flow L (m2 mm/day) is also derived from Darcy’s Law and the Campbell (1974) 

equation for unsaturated hydraulic conductivity. In this case, the hydraulic gradient is a function 

of the topographic slope, and the thickness of the soil layer is a function of topographic 

curvature. The resulting expression is: 

 𝐿 = 𝛿0 (𝜅𝑚𝑖𝑛−𝜅𝜅𝑚𝑖𝑛 ) 𝑐𝜄𝐾𝑠,𝑣 ( 𝜃𝜙+𝜒𝑉)𝛾ℎ 𝑆 𝜖 (3) 

where 𝛿0 is the layer thickness (m) where topographic curvature is zero, 𝜅 is the topographic 

curvature, 𝜅𝑚𝑖𝑛 is the minimum topographic curvature that has a soil layer, 𝑐 (m) is the length of 

the digital elevation model (DEM) grid cells (and the final downscaled soil moisture grid cells), 𝜄 
is the anisotropy of saturated hydraulic conductivity,  𝛾ℎ  is the horizontal pore disconnectedness 

index, 𝑆 is the topographic slope, and 𝜖 is a parameter relating the hydraulic gradient to the 

topographic slope.  

Evaporation and transpiration (ET) E (mm/day) is determined using the expression: 
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 𝐸 =  𝐸𝑝̅̅ ̅[1 + 𝜔(𝑍̅ − 𝑍)][𝜂𝑉 + (1 − 𝑉)𝜇 ] [ 𝐼𝑝1+𝛼 ( 𝜃𝜙+𝜒𝑉)𝛽𝑟 + 𝛼1+𝛼 ( 𝜃𝜙+𝜒𝑉 )𝛽𝑎] (4) 

where 𝐸𝑝 is a coarse resolution potential ET (mm/day). The term [1 + 𝜔(𝑍̅ − 𝑍)] adds fine 

resolution variations to the potential ET based on elevation. The parameter 𝜔 controls the 

elevation dependence, Z is the local elevation (m), and 𝑍̅ is average elevation in the coarse 

resolution grid cell. The term [𝜂𝑉 + (1 − 𝑉)𝜇 ] describes the effect of fractional vegetation cover 

on the transpiration and evaporation. The parameter 𝜂 is the portion of the transpiration that 

comes from the modeled soil layer and 𝜇 describes the effect of shading on soil evaporation. The 

final term in the ET equation describes the effects of topography and moisture limitations on ET. 𝐼𝑝 is the potential solar radiation index (which depends on the topographic slope and aspect) 

(Lee, 1964; Swift, 1976; Dingman, 2015), 𝛼 is the Priestly-Taylor coefficient minus one 

(Priestley & Taylor, 1972), and 𝛽𝑎 and 𝛽𝑟 describe the effects of moisture limitations on 

aerodynamic and radiative ET, respectively. 

Coleman and Niemann (2013) developed a solution strategy that allows calculation of 

fine resolution soil moisture by assuming equilibrium. Four explicit analytical solutions for soil 

moisture were derived by assuming each outflow term dominates. The final soil moisture is a 

weighted average of the four analytical soil moisture estimates: 

 𝜃 = 𝑤𝐺 𝜃𝐺 +𝑤𝐿𝜃𝐿 +𝑤𝑅 𝜃𝑅 +𝑤𝐴𝜃𝐴𝑤𝐺+𝑤𝐿+𝑤𝑅 +𝑤𝐴  (5) 

where 𝜃𝐺 , 𝜃𝐿 , 𝜃𝑅 , and 𝜃𝐴  are the analytical estimates if deep drainage, lateral flow, radiative ET, 

and aerodynamic ET, respectively, dominate the water balance. The weights 𝑤𝐺 , 𝑤𝐿, 𝑤𝑅 , and  𝑤𝐴  are determined based on the actual magnitude of deep drainage, lateral flow, radiative ET, 

and aerodynamic ET in the water balance.  The analytical soil moisture estimates are: 

 𝜃𝐺 = 𝜃̅ 𝐷𝐷𝐼𝐷𝐷𝐼̅̅ ̅̅ ̅̅  (6) 
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 𝜃𝐿 = 𝜃̅ 𝐿𝐹𝐼𝐿𝐹𝐼̅̅ ̅̅ ̅  (7) 

 𝜃𝑅 = 𝜃̅ 𝑅𝐸𝐼𝑅𝐸𝐼̅̅ ̅̅ ̅ (8) 

 𝜃𝐴 = 𝜃̅ 𝐴𝐸𝐼𝐴𝐸𝐼̅̅ ̅̅ ̅ (9) 

where 𝜃̅ is the coarse resolution soil moisture, DDI is the deep drainage index, LFI is the lateral 

flow index, REI is the radiative ET index, and AEI is the aerodynamic ET index. The bar above 

each index in the denominators indicates the spatial average within the coarse grid cell. The DDI, 

LFI, REI, and AEI are fine resolution (temporally invariant) patterns that control the soil 

moisture pattern.  They are calculated as: 

 𝐷𝐷𝐼 = (𝜙 + 𝜒𝑉) (1−𝜆𝑉𝐾𝑠,𝑣 )1/𝛾𝑣
 (10) 

 𝐿𝐹𝐼 =  (𝜙 + 𝜒𝑉) (1−𝜆𝑉𝐾𝑠,𝑣 )1/𝛾ℎ ( 𝐴𝑐𝑆𝜖 )1/𝛾ℎ ( 𝜅𝑚𝑛𝜅𝑚𝑖𝑛−𝜅)1/𝛾ℎ
 (11) 

 𝑅𝐸𝐼 = (𝜙 + 𝜒𝑉) { 1+𝛼𝐸𝑝[1+𝜔(𝑍̅−𝑍)]}1/𝛽𝑟 ( 1𝐼𝑝 )1/𝛽𝑟 [ 1−𝜆𝑉𝜂𝑉+(1−𝑉)𝜇 ]1/𝛽𝑟
 (12) 

 𝐴𝐸𝐼 = (𝜙 + 𝜒𝑉) { 1+𝛼𝛼𝐸𝑝[1+𝜔(𝑍−𝑍)]}1/𝛽𝑎 [ 1−𝜆𝑉𝜂𝑉+(1−𝑉)𝜇 ]1/𝛽𝑎
 (13) 

The weights associated with each analytical solution vary in time based on the coarse resolution 

soil moisture. These weights are calculated as: 

 𝑤𝐺 = ( 𝜃̅𝐷𝐷𝐼̅̅ ̅̅ ̅̅ )𝛾𝑣
 (14) 

 𝑤𝐿 = ( 𝜃̅𝐿𝐹𝐼̅̅ ̅̅ ̅)𝛾ℎ
 (15) 

 𝑤𝑅 = ( 𝜃̅𝑅𝐸𝐼̅̅ ̅̅ ̅)𝛽𝑟
 (16) 

 𝑤𝐴 = ( 𝜃̅𝐴𝐸𝐼̅̅ ̅̅ ̅)𝛽𝑎
 (17) 
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The mathematical structure of the EMT+VS model allows the spatial structure of the fine 

resolution soil moisture to vary as the coarse resolution soil moisture varies in time (Coleman 

and Niemann, 2013). However, the spatial structure does not consider any hysteresis in the soil 

moisture patterns (a given coarse resolution soil moisture always produces the same spatial 

structure in the fine resolution pattern). 
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3 APPLICATION TO STUDY REGION 

 
 

 

3.1 Study Region 

For this study, the EMT+VS model was applied at Maxwell Ranch, a 4,000-ha working 

cattle ranch located in Northern Colorado, approximately 53 km northwest of Fort Collins in the 

Laramie foothills. The site has an average elevation of 2,150 m and ~325 m of topographic 

relief, representing hilltops and plains. Soils in the region are predominantly coarse loamy soils 

(Soil Survey Staff, 2022). The climate at Maxwell Ranch is semiarid, with an annual potential 

ET of approximately 16 cm (Trabucca & Zomer, 2019) and an average annual rainfall of ~42 

cm, according to historical data from a nearby weather station (location shown in Figure 1). 

Vegetation includes shrublands, short-grass prairies, and scattered ponderosa pine forests.  

3.2 Datasets Used for Model Evaluation 

An extensive soil moisture sampling campaign was conducted at Maxwell Ranch to 

collect data to evaluate the soil moisture estimates from the EMT+VS model. Four subregions — 

named Region A, B, C, and D (shown in Figure 1) — were specified to cluster sampling 

locations, which facilitated field data collection and allowed for a wide range of conditions to be 

observed throughout the ranch. Within each subregion, 18 to 22 sampling locations were selected 

(86 points total across the ranch), aiming to capture a diverse combination of topographic, 

vegetation, and soil conditions at the selected points. At each sampling location, three 

measurements were taken using a portable Stevens Water HydraProbe II, which uses coaxial 

impedance dielectric reflectometry to measure the average volumetric water content in the top 5 

cm of the soil. According to the manufacturer, the HydraProbe provides soil moisture 

measurements with a high accuracy of ± 0.01 to 0.03, depending on soil type (Stevens Water, 
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2018). Additionally, an average of three measurements at each point was taken, which helps 

reduce randomness in the data. 

 

Figure 1. Map of Maxwell Ranch study region and four subregions where field data were 

collected. The modeling extent corresponds to the boundary of a 9 km SMAP Level 3 Enhanced 
Passive soil moisture grid cell. 

Figure 2 shows daily total precipitation data throughout the study period, which was 

obtained from the nearby Virginia Dale weather station (shown on map in Figure 1). Field dates 

and their respective average soil moisture according to the HydraProbe site average are also 

indicated. Between the months of May and August 2023, data was collected at ten sampling 

dates that captured a variety of moisture conditions, including wetting and drying cycles in 

response to precipitation events. The sampling campaign was conducted during the summer to 

avoid the effects of snow, which are not considered by the model. 
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Figure 2. Precipitation recorded at Virginia Dale weather station (see location in Figure 1) 

during study period. 
 

Average site soil moisture from the HydraProbe data generally follows the precipitation 

trends. The wettest sampling date occurred on 2 June after a substantial precipitation event on 31 

May, which was followed by a drying cycle through 23 June. The next wettest sampling date, 29 

July, was followed by another period of drying through 5 August.  
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4 MODEL INPUTS AND APPLICATION 

 
 

 

Application of the EMT+VS model requires coarse resolution soil moisture and fine 

resolution topographic and vegetation data as inputs, which together provide spatial data for 

average soil moisture, elevation, slope, aspect, contributing area, curvature, potential solar 

radiation index (PSRI), and fractional vegetation cover. This section discusses inputs used in the 

EMT+VS model application at Maxwell Ranch. 

4.1 Coarse resolution Soil Moisture 

Daily Spatial Average of HydraProbe Measurements 

In previous studies using the EMT+VS model (Coleman and Niemann, 2013; Werbylo 

and Niemann, 2014; Ranney et al., 2015; Cowley et al., 2017; Hoehn et al., 2017; Grieco et al., 

2018; Pauly et al., 2020), the average of point data was used as the coarse resolution soil 

moisture input. The spatial averages of the HydraProbe measurements on each date were also 

used as a coarse resolution input in this study. However, because the points selected in this study 

are sparse and intended to capture a variety of conditions, the average of point data might not be 

representative of overall average conditions across the ranch, despite the point data itself having 

high accuracy. 

Cosmic Ray Neutron Rover 

In addition to HydraProbe data, a cosmic-ray neutron rover (CRNR), subsequently 

referred to as the ‘rover,’ was used to provide intermediate-scale soil moisture estimates during 

field data collection. A non-invasive technique to estimate soil moisture at an intermediate scale 

(hundreds of meters) using cosmic ray neutrons was first introduced by Zreda et al. (2008). 

Estimating soil moisture from cosmic rays is based off the relationship between neutron intensity 
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and hydrogen content. Cosmic-ray neutrons in soil are moderated, or slowed, by hydrogen 

atoms. Therefore, the intensity of neutron backscatter is inversely correlated to gravimetric water 

content. In other words, higher water content in the soil leads to more effective moderation of 

neutrons and thus lower backscatter intensities (Hendrick and Edge, 1966; Kodama et al., 1985). 

Cosmic-ray neutron sensing can be applied using stationary instruments that continuously 

monitor soil moisture over a large static footprint (Zreda et al., 2008; Fersch et al., 2020) or, as is 

the case with the rover used in this study, the sensor can be mounted on a ground-based vehicle 

to measure the spatial variability of soil moisture over large extents (Desilets et al., 2010; Schrön 

et al., 2018). 

Calibration is required to determine the dry neutron count, N0, which relates neutron 

counts from the cosmic ray neutron sensor to gravimetric water contents. At Maxwell Ranch, the 

rover was parked at five calibration locations (shown in Figure 1) while ~25 HydraProbe 

measurements were taken incrementally up to a radius of 60 m, which captures the area of the 

footprint with the strongest influence on total neutron counts (Köhli et al. 2015). Soil samples 

were collected at calibration locations to determine bulk densities used to convert between 

gravimetric water content and volumetric water content. N0 was determined for each calibration 

location at each date so that the soil moisture from the rover matched the HydraProbe average 

within the footprint. A final site wide N0 value of 1741 was determined by averaging N0 values 

across all calibration locations and dates. This final N0 was used in subsequent analysis to 

determine the soil moisture from the neutron counts collected by the rover throughout the ranch. 

The rover was driven over ~43 km of access roads throughout Maxwell Ranch on each 

sampling date, capturing data along the path within a radius of ~290 m (footprint determined as a 

function of air pressure, vegetation height, and soil moisture according to Köhli et al., 2015). 
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Figure 3 shows the rover soil moisture estimates along the path, as well as the HydraProbe point 

measurements collected at Regions A, B, C, and D on the same field dates. Due to logistical 

challenges, HydraProbe data were not collected at two regions on two dates (27 May and 5 July), 

and the rover did not cover all roads on 27 May. In total, the final dataset includes a total of 775 

HydraProbe observations (each the average of three measurements) and rover data along access 

roads across Maxwell Ranch. 
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Figure 3. Maps of soil moisture measured with portable HydraProbes and a cosmic ray neutron 
rover on all sampling dates superimposed on satellite imagery of the study region. Average 

spatial soil moisture, 𝜃̅, is calculated from the average of rover data. 
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As shown in Figure 3, the rover captures soil moisture conditions over a much larger 

extent than the HydraProbe measurements alone, occupying most of the eastern portion of the 

ranch. The rover average, because the instrument captures soil moisture across a larger extent, 

may be a better representation of average soil moisture conditions across the site than the 

average of the HydraProbe data. Therefore, the site-wide average of rover data on each date was 

also tested as a coarse resolution soil moisture input to the EMT+VS model. 

Soil Moisture Active Passive (SMAP) 

SMAP products are desirable due to their accessibility, spatial coverage, temporal 

coverage, and reported accuracy. These products have varying spatial and temporal resolutions 

depending on the specific product and the instruments used. For this study, only products with a 

9 km resolution or smaller were selected because Maxwell Ranch is fully captured in a single 

grid cell (see ‘Modeling Extent’ in Figure 1); therefore, a single SMAP value may provide a 

reasonable estimate for the spatial average soil moisture estimate of the site. The products used 

were the Enhanced Level 3 Radiometer (L3_SM_P_E), the SMAP L4 surface soil moisture 

(L4_SM), and the Level 2 SMAP radiometer/Copernicus Sentinel-1 soil moisture (L2_SM_SP), 

all which output surface soil moisture in the top ~5 cm of the soil layer. 

L3_SM_P_E provides daily estimates of global soil moisture on a 9 km grid through the 

combined use of the SMAP radiometer (36 km retrieval) and brightness temperature data at a 9 

km resolution (Chan et al., 2018; O'Neill et al., 2021). For this study, L3_SM_P_E was obtained 

for each date and projected to NAD 1983 UTM 13. The value for the grid cell overlaying 

Maxwell Ranch, which corresponds with the modeling extent boundary shown in Figure 1, was 

used as the coarse resolution soil moisture input.  
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L4_SM, also available at a 9 km resolution, is a model-based product, which merges 

SMAP radiometer brightness temperature observations into a land surface model, producing 

global estimates at 3-hour time intervals (Reichle et al., 2021). Specifically, the 3-hr time block 

from UTC 15-18 was selected because the time range most closely corresponds with the 

approximate time frame in which field measurements were taken (~9:00am-12:00pm Mountain 

Standard Time). Again, the value of the grid cell overlaying Maxwell Ranch was used as the 

coarse soil moisture input.  

L2_SM_SP merges SMAP radiometer data disaggregated by finer-resolution Sentinel-1 

radar data, resulting in a finer-resolution product (3 km) (Das et al., 2019). However, L2_SM_SP 

lacks the temporal frequency of other products; although the SMAP radiometer has a 2–3-day 

revisit time, the Sentinel-1 orbit has a revisit frequency of ~12 days, which limits the overall 

temporal availability of this product and creates considerable gaps in the data. Between May and 

August 2022, the window for data collection at Maxwell Ranch, L2_SM_SP data is available for 

eight dates, and only one of those dates exactly matches a field date (23 June). To use 

L2_SM_SP data as a coarse resolution soil moisture input for the other field dates, data were 

temporally interpolated from the nearest available dates before and after. Temporal interpolation 

may introduce some uncertainty in the estimates because nonlinear changes in soil moisture that 

occur in between dates would not be captured. The interpolated product with a 3 km grid size 

was clipped to the 9 km modeling extent (Figure 1) and the spatial data was implemented into 

the EMT+VS model as the coarse resolution soil moisture input with multiple values.  

Land Surface Models 

A coarse soil moisture input to the EMT+VS model can also be obtained from land 

surface models. Data from the Noah and Mosaic were obtained from Phase 2 of North American 
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Land Data Assimilation System (NLDAS project, 2021). VIC data was also available for the 

study period but was ultimately not used because VIC drastically overestimated the average soil 

moisture conditions observed in the field. These products have hourly temporal resolutions and 

1/8-degree spatial resolution (~12 km), coarser than the SMAP products used in this study. Like 

the SMAP L4 3-hourly model, the average of the hourly estimates from UTC 15-18 was used to 

correspond with early morning field data collection. Despite covering a region larger than 

SMAP, a single value from the Noah and Mosaic grid cell most closely aligned with the 

Maxwell Ranch boundary was used for the coarse resolution soil moisture input over the 

modeling extent.  

4.2 Topography 

Topographic inputs used for the EMT+VS model were derived from DEMs with 

resolutions of 30, 10, and 3 m. DEMs for Larimer County with 30 and 10 m resolutions were 

obtained via the Natural Resources Conservation Service (NRCS), which provides UTM-

projected DEMs by county (USDA/NRCS). These DEMs are a part of the National Elevation 

Database (NED), which uses a mosaic of best-available elevation data from various sources. 

Additionally, a 1 m DEM from USGS is available for the study region, produced from high-

resolution LiDAR source data (USGS, 2022). However, the finest resolution vegetation data 

available, discussed in the next section, is at a resolution of 3 m. Therefore, the 1 m DEM was 

resampled to a 3 m resolution to match the grid cell size of the finest vegetation and to reduce 

data processing. Each of these inputs were processed in ArcGIS Pro to obtain pit-removed 

elevation, slope, aspect, and contributing area using a combination of GIS tools and the TauDEM 

toolbox (Tarboton, 2003). Subsequently, curvature was calculated based on elevation (Heimsath 

et al., 1997) and PSRI was calculated based on latitude, slope, aspect, and day of year (Lee, 
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1964; Swift, 1976; Dingman, 2015). The day of the summer solstice was used for trials discussed 

in this study to correspond with the summer field campaign.  

Coarser resolution DEMs are subject to more uncertainty because small-scale variations 

in topography are not captured. Additionally, errors in the initial elevation estimates propagate as 

the DEM is processed to obtain other attributes. Thompson et al. (2001) compared DEM-derived 

products at different resolutions (10 and 30 m) from different sources (field survey and USGS 

DEM, respectively). They found the coarsening DEM resolution caused more moderate slope 

gradients, underestimating slopes at steep locations and overestimating slopes at flatter locations, 

with the largest errors occurring on the extremes. Additionally, as DEM resolution coarsened, 

larger contributing areas were attributed to upper landscapes, and inversely, lower contributing 

areas were attributed to lower landscapes. Lastly, Thompson et al. (2001) noted that differences 

in source data makes the most difference when considering drainage pathways; the field survey 

DEM was better able to capture local depressions and more accurate flow paths than the USGS 

DEM.  Erskine et al. (2007) investigated the sensitivity of terrain attributes to DEM resolution 

and found that bias and RMSEs of topographic attributes including slope, aspect, and curvature 

generally increased with increasing DEM grid size, with curvature being the most sensitive to 

resolution changes. Like Thompson et al. (2001), Erskine et al. (2007) also found that curvature 

values were reduced at coarser resolutions. 

4.3 Vegetation   

Various sources of multispectral satellite imagery are available from which fractional 

vegetation cover can be calculated. This study applies data from two primary sources: 10-m 

Sentinel-2 (ESA, 2022), and 3-m Planet Cube Sat (Planet Labs, 2022). Cloud-free images were 

available on different dates depending on the source. Sentinel-2 images were available on 26 
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May and 15 June 2022, and a Planet CubeSat image was available on 13 June 2022. The earliest 

available date after the start of the field campaign that began in late spring was preferred to 

represent a variety of conditions before summer storms saturated the site. Various indices can be 

used to estimate fractional vegetation cover, V, based on available multispectral bands from these 

three sources. In this study, V was characterized using Normalized NDVI, Normalized NDVI2, 

SAVI, and EVI, which are described here. 

The Normalized Difference Vegetation Index (NDVI), a common measure of vegetation 

greenness and health (Rouse et al., 1974), is calculated: 𝑁𝐷𝑉𝐼 = 𝑁𝐼𝑅  −𝑅𝐸𝐷𝑁𝐼𝑅 +𝑅𝐸𝐷                    (18) 

where NIR and RED are the reflectances in the red and near-infrared bands. NDVI values range 

from +1 (dense green-leafy vegetation) to -1 (water bodies). However, many authors point out 

flaws in using NDVI as a direct measure of fractional vegetation cover, stating that NDVI values 

are highly sensitive to atmospheric effects and subject to errors due to soil brightness (Liu and 

Huete, 1995; Carlson and Ripley, 1997) 

 To account for these effects and to obtain an estimate for V between 0 and 1, negative values 

of NDVI are removed and not considered, and positive values are adjusted using the following 

normalization equation (Montandon and Small, 2008): 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑁𝐷𝑉𝐼 = 𝑁𝐷𝑉 𝐼𝑝𝑖𝑥𝑒𝑙  −𝑁𝐷𝑉 𝐼0𝑁𝐷𝑉 𝐼∞ −𝑁𝐷𝑉𝐼0                                                      (19) 

where 𝑁𝐷𝑉𝐼𝑝𝑖𝑥𝑒𝑙  is the NDVI value for each pixel, 𝑁𝐷𝑉𝐼0 is the bare soil NDVI, and 𝑁𝐷𝑉𝐼∞  is 

the fully vegetated NDVI. 𝑁𝐷𝑉𝐼0  and 𝑁𝐷𝑉𝐼∞ , which are unique to each satellite platform, were 

determined by identifying locations with bare and fully vegetated soil in satellite photos. For the 

study region, 𝑁𝐷𝑉𝐼0 ranged from 0.12 to 0.25 (Table A3), which is larger than previous studies 
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that estimated 𝑁𝐷𝑉𝐼0 = ~0.05 (Gutman and Ignatov, 1998; Gan and Burges, 2006; Matsui et al., 

2005; Li et al., 2003; Ek et al., 2003; Zeng et al., 2000); however, some studies suggest that 𝑁𝐷𝑉𝐼0  is often under-estimated which leads to an overestimation of V (Montandon and Small, 

2008). 𝑁𝐷𝑉𝐼∞ values at Maxwell Ranch ranged from 0.73 to 0.77, similar to previous studies. 

Timilsina et al. (2021) also assessed vegetation at a Colorado Front Range site and found  𝑁𝐷𝑉𝐼∞  

= 0.70. Overall, normalizing NDVI based on reference bare and fully vegetated pixels helps 

standardize NDVI values and enhances sensitivity to vegetation changes by removing soil 

background influence. 

To further reduce soil background and enhance sensitivity to greenness, several authors 

have suggested a quadratic model for estimating V, which uses Normalized NDVI2 (Carlson and 

Ripley, 1997; Choudhury et al., 1994): 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑁𝐷𝑉𝐼2 = (𝑁𝐷𝑉𝐼𝑝𝑖𝑥𝑒𝑙  −𝑁𝐷𝑉𝐼0𝑁𝐷𝑉 𝐼∞−𝑁𝐷𝑉𝐼0 )2
                                                     (20) 

This method to estimate V allows for further amplification of the variations in vegetation from 

bare to highly vegetated soils and has been shown to result in lower overestimations of fractional 

vegetation cover (Montandon and Small, 2008).  

 The soil-adjusted vegetation index (SAVI) also corrects for the influence of soil 

brightness in regions with low vegetation. Like NDVI, SAVI is calculated using the red and near 

infrared bands, with the addition of a soil brightness correction factor, L: 𝑆𝐴𝑉𝐼 = 𝑁𝐼𝑅  −𝑅𝐸𝐷𝑁𝐼𝑅 +𝑅𝐸𝐷+𝐿 (1 + 𝐿)      (21) 

Huete et al. (1988), who originally proposed SAVI, assessed the influence of different L values 

and found that the optimal L depends on vegetation densities, generally ranging from L = 1 at 

low vegetation densities to L = 0.25 at higher densities. However, they recommend L = 0.5 for 

intermediate vegetation densities and state that using this adjustment is appropriate for most land 
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cover types and should offer an improvement from NDVI alone. For this reason, and because 

Maxwell Ranch has intermediate vegetation cover, L = 0.5 was selected for this study. 

Lastly, the Enhanced Vegetation Index (EVI), another correction to NDVI, was assessed 

in this study for use in the EMT+VS model. EVI considers three hyperspectral bands (red, near 

infrared, and blue) and includes additional coefficients that reduce background canopy or 

atmospheric effects. EVI is calculated: 𝐸𝑉𝐼 = 𝐺 𝑁𝐼𝑅 −𝑅𝐸𝐷𝑁𝐼𝑅 +𝐶1∗𝑅𝐸𝐷−𝐶2∗𝐵𝐿𝑈𝐸 +𝐿      (22) 

Coefficients C1 and C2 account for atmospheric resistance from aerosols, L adjusts for canopy 

background effect, and G is a gain factor that rescales EVI. Values for G, C1, C2, and L were set 

to 2.5, 6, 7.5, and 1, respectively, in accordance with Huete et al. (2002). EVI is shown to be 

more sensitive to densely vegetated regions in comparison to NDVI, which, despite capturing a 

similar range of values, asymptotically approaches a maximum and loses sensitivity to changes 

in highly vegetated regions (Huete et al., 2002). 
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5 MODEL TESTING AND EVALUATION 

 

 

 

5.1 Performance Metrics 

The performance of each trial is evaluated via RMSE, spatial NSCE, and space-time 

NSCE. RMSE is a simple metric that describes how far off the EMT+VS modeled predictions 

are from the actual values, on average. Spatial NSCE is calculated by averaging the NSCE on 

each date. Values of NSCE range between -∞ and 1; a value of NSCE = 1 indicates a perfect 

match between observed and predicted data (Nash and Sutcliffe, 1970). When used to evaluate 

downscaling within a single coarse grid cell, any spatial NSCE above zero indicates that the fine 

resolution soil moisture is a better prediction of the soil moisture observations than the spatial 

average in the coarse grid cell, thus indicating a gain in accuracy due to downscaling. Space-time 

NSCE is a single NSCE calculated for all locations and dates at once, which also depicts the 

model’s ability to capture temporal variability. This method generally reports higher values and 

might produce values above zero even if downscaling provides no value because space-time 

NSCE still captures some temporal variability. Cowley et al. (2017) also observed space-time 

NSCEs that were consistently higher than spatial NSCEs.  

By construction, the spatial average of the EMT+VS model output should reproduce the 

coarse resolution input and therefore results in a mean bias error of zero, so long as observed soil 

moisture does not exceed the porosity specified by the model, which constrains the modeled 

estimates. If observed soil moisture does exceed the model-specified porosity, then the average 

of modeled estimates will not exactly reproduce the coarse average input, and bias will be 

nonzero but still small.   
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5.2 Calibration Procedure 

For each set of model inputs, 17 single-value parameters describing the climate at the 

site, vegetation, and soil properties were specified or calibrated. For the scenarios discussed, only 

one parameter was directly specified: the thickness of the hydrologically active layer (δ0), which 

was defined as 5 cm, the depth that soil moisture samples were taken. For the other 16 calibrated 

parameters, feasible ranges were assumed based physical constraints and prior work (Coleman 

and Niemann, 2013; Werbylo and Niemann, 2014; Ranney et al., 2015; Cowley et al., 2017; 

Hoehn et al., 2017; Grieco et al., 2018; Pauly et al., 2020). Calibration was conducted by 

generating random initial parameters within feasible ranges, then optimizing those parameters to 

achieve the maximum space-time NSCE, across all points and dates.  

5.3 Comparative Methods 

The performance of the EMT+VS model was compared with two alternative methods: 

OPTRAM, an optical fine-scale predictive method, and GeoWATCH, a physically based data 

assimilation downscaling method. These models were assessed using the Maxwell Ranch soil 

moisture dataset for performance comparison to the EMT+VS model results. 

OPTRAM 

OPTRAM, proposed in Sadeghi et al. (2017), is an optical method which estimates 

surface soil moisture based on the linear relationship between soil moisture and shortwave 

infrared transformed reflectance (STR), which is calculated from the shortwave-infrared band. 

Like the EMT+VS model, OPTRAM can accept optical data from Sentinel-2. Applying the 

OPTRAM method to Maxwell Ranch provides context for EMT+VS model performance. 

Parameterization for the OPRAM model is based on ‘wet’ and ‘dry’ edges of the STR-

NDVI space, whose scatter trapezoidal in shape. Sadeghi et al., (2017), in their original 
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description of OPTRAM, described that the model achieved an RMSE of 0.042 and 0.039 

cm3/cm3 using Sentinel-2 data for two study sites, with 40 cloud-free images available for testing 

and validation. Because OPTRAM uses optical data, the model is limited to estimating soil 

moisture only on dates where cloud-free satellite images are available, which could result in 

significant data gaps as is illustrated in this study. At Maxwell Ranch, only two cloud-free 

Sentinel-2 images were available (26 May and 15 June) that closely corresponded to field dates. 

The OPTRAM method was applied as described by Sadeghi et al. (2017) using parameterization 

based on these two images. The output soil moisture estimates were validated with the respective 

field data on 27 May and 15 June 2022. 

GeoWATCH 

GeoWATCH is a comparable method to EMT+VS but has only been tested on a sparsely 

instrumented national scale or a heavily instrumented catchment scale national scale (Gambill et 

al., 2020; Eylander et al., 2023). GeoWATCH has not been evaluated at a larger and more 

diverse study region with abundant in-situ measurements, such as Maxwell Ranch. To assess the 

performance of GeoWATCH at Maxwell Ranch and fill this gap in knowledge, GeoWATCH 

data for surface soil moisture (0 – 10 cm depth) was obtained for all field dates, specifically for 

the 3-hr block from UTC 15-18. The GeoWATCH estimates, which provide 30 m gridded 

estimates, were evaluated against HydraProbe data at the corresponding sampling locations on 

all dates to provide comparison to the performance of the EMT+VS model. 
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6 RESULTS AND DISCUSSION 

 

 

 

6.1 Evaluation of Downscaling Inputs 

Each input used in the EMT+VS model is subject to varying degrees of uncertainty which 

may impact the error in the final downscaled estimates. Errors could be due to the derivation, 

resolution, or inevitable stochastic variations of a given input product. This section compares 

errors produced in soil moistures predicted by the EMT+VS model when implemented with 

different input sources for the coarse resolution soil moisture, fractional vegetation cover, and 

topography. Observed differences between different data sources are also discussed. Comparison 

metrics used include mean bias error (MBE), ratio of standard deviations (RSD) calculated as the 

standard deviation of the y-axis variable over the standard deviation of the x-axis variable, 

NSCE, and RMSE.  

Coarse resolution Soil Moisture 

Figure 4 compares the coarse resolution soil moisture sources to the average of the rover 

data on each date. The rover provides ground-based intermediate-scale measurements that cover 

much of Maxwell Ranch, so the average measured soil moisture is expected to provide the most 

accurate estimate of spatial average soil moisture. The other coarse resolution soil moisture 

datasets include the average of the in-situ HydraProbe data, three different SMAP products, and 

two NLDAS land-surface models. 
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Figure 4. Comparison of coarse resolution soil moisture estimates to rover estimates with mean 
bias error (MBE), ratio of standard deviations (RSD), Nash-Sutcliffe coefficient of efficiency 

(NSCE), and root mean squared error (RMSE). Rover average soil moisture is on the x-axis for 
each plot. The y-axes show: (a) HydraProbe average soil moisture, (b) soil moisture from SMAP 

L2/Sentinel-1 product, (c) soil moisture from SMAP L3 Enhanced Passive product, (d) soil 
moisture from SMAP L4 product, (e) soil moisture from Noah land surface model, and (f) soil 

moisture from Mosaic land surface model. 



35 

 

Figure 4a illustrates that the spatial average soil moisture from the HydraProbes has the 

lowest error when compared to the rover average. The low error is partially expected because 

both datasets are from ground-based sensors collected over the same period each sampling day. 

However, the in-situ measurement locations were selected to capture diverse conditions within 

the study region, not to be representative of average conditions.  The HydraProbes also measure 

soil moisture over 0-5 cm depth, whereas the rover is likely sensitive to deeper soil moisture; 

generally, the rover penetration depth varies from 12-76 cm depending on radial distance from 

the sensor and the soil moisture, although the rover measurements are most sensitive to near 

surface conditions (Köhli et al., 2015).  Furthermore, the HydraProbe data collectively represent 

a miniscule portion of the study region.  Nonetheless, the HydraProbe data have a small bias, a 

similar standard deviation to the rover data, and similar RMSE to the expected HydraProbe 

measurement error of ± 0.03 (Stevens Water, 2018). 

Figure 4b compares the temporally interpolated Level 2 SMAP radiometer/Copernicus 

Sentinel-1 soil moisture values to the average values from the rover.  Although the interpolated 

product has relatively small bias, the standard deviation is smaller than that of the rover data 

(RSD = 0.60). By interpolating in time, unobserved dates with extremely high and low soil 

moisture are poorly estimated. Nonetheless, the NSCE is high relative to the other products and 

the RMSE also remains relatively low.  This SMAP product is expected to characterize the soil 

moisture in the top ~5 cm of the soil, while the rover is sensitive to deeper moisture.  However, 

the difference in depths between these sensors is unlikely to cause substantial errors given the 

similarity of the HydraProbe and rover data shown earlier. 

Figure 4c compares the soil moisture values from SMAP’s Level 3 Passive Enhanced 

product to the average from the rover.  This SMAP product tends to overestimate the spatial 
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average soil moisture (positive bias) but produces a similar range of soil moisture values (RSD = 

1.00). SMAP’s Level 3 Passive Enhanced product displays an RMSE that meets the SMAP 

mission requirement of <0.04 cm3/cm3 (Entekhabi et al., 2014). 

Figure 4d compares the SMAP L4 soil moisture estimates to the average of the rover 

data.  The Level 4 product displays a similar positive bias to the Level 3 product and 

underestimates the range of soil moisture values (RSD<1).  The NSCE is low, which suggests 

that the temporal variations in the spatial average soil moisture are poorly captured. The RMSE 

of the Level 4 product is the highest among the SMAP products tested. As a model-derived 

product rather than a direct retrieval, SMAP L4 assimilates other relevant data sources, such as 

precipitation and meteorological information, and errors in those ancillary data or in the 

mathematical structure of the model could cause the higher RMSE in comparison to other SMAP 

products. 

The average soil moisture from the Noah model greatly overestimates the spatial average 

soil moisture from the rover (Figure 4e).  This result is consistent with other studies that have 

shown that Noah overestimates soil moisture in the top layer (Xia et al., 2015; Zhuo et al., 2015). 

The Noah model also underestimates the range of soil moisture values through time. The high 

RMSE and very negative NSCE of the Noah model indicate poor estimates of the rover data. 

Soil moisture estimates from the VIC model were also obtained from NLDAS-2 for the study 

region (not shown in Figure 4). VIC overestimates the spatial average soil moisture even more 

than Noah.  

The Mosaic model (Figure 4f) provides much better estimates of the rover average soil 

moisture than the Noah model. The bias in estimates from the Mosaic model is small, but the 

model substantially underestimates the range of spatial average soil moisture values though time 
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(RSD = 0.56).  Mosaic tends to overestimate the moisture during dry conditions and 

underestimate the moisture during wet conditions. Nonetheless, the soil moisture from the 

Mosaic model has the highest NSCE and lowest RMSE aside from the HydraProbe average. 

Overall, the results support Xia et al. (2015) who found that, out of the four NLDAS land surface 

models, Mosaic estimates had the lowest RMSE for surface soil moisture in Colorado, with a 

slight tendency for underestimation in wet soils. 

Topography  

 Figure 5 compares the topographic attributes calculated at each sampling location from 

the three DEM resolutions (3 m, 10 m, and 30 m). For these plots, the attribute values from the 3 

m DEM are displayed on the x-axis because they have the finest resolution.  Of note, the source 

data differs between the 3 m DEM and the 10 and 30 m DEMs, which may also cause some 

differences between datasets.  
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Figure 5. Comparison of topographic attributes from 30 m, 10 m, and 3 m DEMs with mean bias 

error (MBE), ratio of standard deviations (RSD), Nash-Sutcliffe coefficient of efficiency 
(NSCE), and root mean squared error (RMSE). Plots on the left compare attributes from the 30 

m DEM to the 3 m DEM. Plots on the right compare attributes from the 10 m DEM to the 3 m 
DEM. Plots (a) and (b) compare elevations, plots (c) and (d) compare slope, plots (e) and (f) 
compare natural log of contributing area, plots (g) and (h) compare summer solstice potential 

solar radiation index (PSRI), and plots (i) and (j) compare curvature. 
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The elevation estimates at the sampling locations are very similar for all three DEM 

resolutions (Figure 5a and 5b).  Both the 10 m and 30 m DEMs have small positive biases (~3 

m), which might be due to different source data.  In the EMT+VS model, elevation is used to 

model spatial variations in the potential ET.  These results suggest that those variations would be 

similar for all three DEM resolutions. 

The DEM resolution has a more notable effect on the slope values (Figure 5c and 5d).  As 

the DEM resolution increases, the slopes are increasingly underestimated (more substantial 

negative biases), the range of slope values decreases (smaller RSD values), and RMSEs increase.  

These errors occur because local variations in slope are being averaged out due to the larger grid 

sizes. Erskine et al. (2007) had similar findings, noting reduced sensitivity to slope with 

increasing grid cell size and thus an increase in error, as well as a negative bias that increased 

with coarsening resolution. In the EMT+VS model, slope is used to calculate the hydraulic 

gradient for lateral flow and the PSRI for radiation ET.  Because the slopes exhibit some scatter 

in these plots, those components of the model will also include errors. The most substantial 

errors may occur on steeper slopes that tend to be underestimated by the DEM. 

Among all the attributes, specific contributing area exhibits the most substantial 

deviations around the 1:1 line for both the 30 m and 10 m data (Figure 5e and 5f), and the scatter 

is largest for large contributing areas. At finer resolutions, two adjacent cells can have vastly 

different contributing areas depending on small differences in the relative elevations of adjacent 

points and the implications on the d-infinity flow accumulation algorithm.  On average, 

contributing areas are larger for the 30 m DEM but exhibit a smaller range of values, which also 

aligns with observations from the study by Thompson et al. (2001). In the EMT+VS model, 

contributing area is used to simulate the accumulation of flow due to lateral redistribution.  The 
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scatter observed here suggests that the true pattern of lateral flow is difficult to estimate in 

practice.   

Some scatter is observed in the PSRI values (which depend on the slope and aspect) 

when different DEM resolutions are used (Figure 5g and 5h).  However, the performance metrics 

indicate small biases and small RMSE values.  These results occur because most sampling 

locations have PSRI values near one (i.e., nearly flat locations) and those PSRI values are 

consistent among the different DEM resolutions.  However, more disagreement occurs for points 

that have low PSRI values, due to changes in slope and aspect between DEMs. PSRI is used to 

calculate the spatial pattern of radiative ET.  These results suggest that the largest errors in this 

pattern likely occur where PSRI is small, which typically occur on hillslopes.   

Curvature is dramatically affected by changes in DEM resolution (Figure 5i and 5j). As 

resolution coarsens, the range of curvature values greatly decreases, and substantial scatter is 

observed. This behavior occurs because the curvature is being calculated over larger spatial 

scales.  Erskine et al. (2007) found that curvature estimates are highly sensitive to DEM errors 

and suggests that finer resolution DEMs may not improve estimates of curvature; in fact, 

curvature estimates may be more accurate for coarser grid cell size. In the EMT+VS model, 

curvature is used to calculate the thickness of the hydrologically active layer, which affects 

lateral flow. In prior applications of the EMT+VS model, the model parameters have been 

consistently calibrated to minimize the dependence on curvature (and use a spatially constant 

layer thickness) (Cowley et. al, 2017; Grieco et al., 2018; Deshon et al., 2020).  The errors in the 

calculated curvature values may explain dependance on curvature in prior EMT+VS applications 

has been minimal. 
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Vegetation 

Figure 6 shows alternative estimates of fractional vegetation cover to compare the 

difference between vegetation indices, the date of the satellite image used, and the source 

satellite. Figures 6a and 6b compare SAVI and EVI with NDVI to assess differences between 

vegetation indices themselves if derived from the same image (Sentinel 2 image from 26 May 

2022). Figure 6c compares values from two Sentinel-2 images on different dates (15 June vs. 26 

May 2022) using normalized NDVI, whereas Figure 6d compares the same two dates but using 

the normalized NDVI2 metric. Figures 6e and 6f compare satellite two satellite sources (Planet 

CubeSat and Sentinel-2) from similar dates (13 June and 15 June 2022) using both Normalized 

NDVI (Figure 6e) and Normalized NDVI2 (Figure 6f). For these comparisons, Planet CubeSat 

(originally 3 m resolution) was upscaled to 10 m to match the resolution of the Sentinel-2 image. 
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Fig. 6. Comparison of veg indices, satellite image date, and satellite source for estimating 
fractional vegetation cover (V) with mean bias error (MBE), ratio of standard deviations (RSD), 
Nash-Sutcliffe coefficient of efficiency (NSCE), and root mean squared error (RMSE). (a) 

Compares SAVI and NDVI from a Sentinel-2 image from 26 May 2022. (a) Compares EVI and 
NDVI from a Sentinel-2 image from 26 May 2022. (c) and (d) compare 15 June 2022 and 26 

May 2022 Sentinel-2 images with both Normalized NDVI and Normalized NDVI2. (e) and (f) 
compare a Planet CubeSat image from 13 June 2022 with a Sentinel-2 image from 26 May 2022 
with Normalized NDVI and Normalized NDVI2, respectively. 
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Figure 6a shows that SAVI estimates tend to be lower than NDVI, with an approximately 

linear transformation that has greater deviation for larger values. This difference in indices is due 

to the addition of the constant L in calculating SAVI (equation 21), which corrects NDVI for the 

influence of soil brightness and therefore tends to lower the values (Huete et al., 1988). Figure 6b 

shows that EVI and NDVI are more similar than SAVI and NDVI, with most points falling near 

the 1:1 line. However, EVI has a wider range (RSD > 1) and estimates larger values for highly 

vegetated regions because EVI is designed to be more sensitive to thicker vegetation (Huete et 

al., 2002). 

Figure 6c shows a noticeable scatter between dates, with 15 June 2022 exhibiting a wider 

range of values than 26 May 2022. 15 June is a later (mid) summer date, and the ground has a 

higher water content because of precipitation events, increasing vegetation greenness, which also 

results in a positive bias. Squaring the Normalized NDVI metric in Figure 6d highlights a clearer 

distinction between highly vegetated locations and locations with moderate/low vegetation 

cover. 

Figure 6e shows that Planet CubeSat estimates are substantially higher than Sentinel-2 

using same vegetation index and nearby dates. The Planet CubeSat image from 13 June may 

have been greener than the Sentinel-2 image from 15 June because of drying that occurred 

between the two dates; however, Planet CubeSat lacks the radiometric quality of a larger satellite 

like Sentinel-2 and is made up of a constellation of small satellites that may suffer from 

inconsistencies (Houborg et al., 2018), so there is also the possibility that this deviation is more 

likely due to inconsistency between instruments. The nonlinear relationship shown in Figure 6e 

is mostly due to the resampling of Planet CubeSat data from 3 m to 10 m, a process which uses 

averaging and thus causes more values to fall in the middle range rather than the extremes. 
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Planet CubeSat has a much wider range of values, which is especially highlighted in Figure 6f, 

which shows Normalized NDVI2 for both sources and reports a high RSD.  

Failure to properly distinguish vegetation cover could lead to substantial errors in the 

EMT+VS model output. The influence of V in the EMT+VS model is highly controlled by the 

parameters that determine interception, shading, and transpiration effects. Depending on the 

calibrated parameters, higher vegetation could cause locations to be drier (through interception 

and transpiration) or wetter (due to shading).  

6.2 Evaluation of Fine Resolution Soil Moisture for Base Case 

A base case was developed using inputs that were anticipated to give the most accurate 

EMT+VS model estimates based on prior studies. For the coarse resolution soil moisture input, 

the spatial average soil moisture from the rover was selected. The 10 m DEM was used to 

describe the topography because the 3 m DEM required excessive computation times for 

repeated calibrations. Fractional vegetation cover was estimated from Sentinel-2 because the data 

product grid size matched the resolution of the DEM. A Sentinel-2 image from 26 May 2022 was 

selected for the base case because the fractional vegetation cover values distinguished the 

vegetation cover for both sparse and thickly vegetated areas without noticeable saturation. The 

fractional vegetation cover was calculated using normalized NDVI2 (equation ) to reduce 

overestimation of fractional vegetation cover (Montandon and Small, 2008).  

To establish a base parameter set, the EMT+VS model was calibrated to the HydraProbe 

data from all dates and locations. The calibrated parameters are shown in Table A2. The soil 

moisture estimates from the EMT+VS model are determined as a weighted average of four 

underlying estimates, which are associated with aerodynamic ET, radiative ET, lateral flow, and 

deep drainage (equation 5). The weights associated with each estimate in the calibrated model 
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are plotted as a function of spatial average soil moisture in Figure 7. Aerodynamic ET has the 

highest influence on the soil moisture patterns for dry conditions.  The soil moisture pattern from 

aerodynamic ET produces wetter conditions where vegetation is thicker because the vegetation 

shades the soil surface and reduces evaporation.  For intermediate soil moisture values, radiative 

ET has the greatest weight. This soil moisture pattern depends not only on the vegetation pattern 

but also on the insolation, which depends on PSRI.  Deep drainage becomes dominant only for 

the wettest conditions while lateral flow plays a secondary role for all conditions.  Lateral flow 

produces wetter conditions in the valley bottoms where flow accumulates. The four maps in 

Figure 7 show the explicit solutions for aerodynamic ET, deep drainage, lateral flow, or radiative 

ET for 27 May 2022, which has an intermediate spatial average soil moisture value of 0.118 

cm3/cm3. The maps show Region A because this sampling region exhibits the most topographic 

variation.  
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Figure 7. Relative weights plotted against spatial average soil moisture for base case 
EMT+VS model. Explicit solutions for aerodynamic ET, deep drainage, lateral flow, and 

radiative ET are shown for the highlighted date (27 May 2022) at Region A. 
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Maps of the EMT+VS soil moisture estimates for the base case are shown along with the 

HydraProbe measurements for all dates in Figure 8. Overall, the valley bottoms (which also tend 

to be more thickly vegetated) tend to be wet on all sampling dates. The rest of the study region 

has much drier conditions that generally follow the spatial average soil moisture through time. 

Despite the changing influence of aerodynamic ET, radiation ET, lateral flow, and deep drainage 

between dates, the spatial structure of the soil moisture pattern appears similar on all dates. This 

similarity occurs because thicker vegetation tends to occur in valley bottoms. Thus, the spatial 

patterns associated with the different processes are similar, since all four processes consider 

valley bottoms the wettest (as shown in the maps in Figure 7). 
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Figure 8. Fine resolution soil moisture maps from the base case EMT+VS model for all 

sampling dates, overlaid with ranch boundary and HydraProbe in-situ soil moisture 

measurements at sampling locations. 
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The soil moisture patterns from the base case have an overall RMSE of 0.077 cm3/cm3, 

an average spatial NSCE of 0.644, and an overall NSCE of 0.693. Previous studies have applied 

the EMT+VS model to smaller catchments and achieved RMSE values 0.028–0.047 cm3/cm3 

(Ranney et al., 2015), as well as to larger regions and achieved RMSEs of 0.053–0.055 cm3/cm3 

(Grieco et al., 2018). The high RMSE at Maxwell Ranch occurs in part due to the very wide 

range in in-situ soil moisture values.  Soil moisture varies from 0 to 0.67 cm3/cm3, with the 

highest values occurring in peats that occur in some valley bottoms.  The consistent secondary 

influence of lateral flow may also contribute to the higher errors because the lateral flow pattern 

is difficult to estimate accurately (as shown in the prior section). Despite the high RMSE, the 

NSCE values indicate that the model captures much of the spatial and space-time variability of 

the soil moisture.  An additional validation experiment was performed in which 50% of the 

sampling locations were used for calibration and the remaining locations were used for 

evaluation, where each subset contained a diversity of soil, vegetation, and topographic 

characteristics. When applied in this manner, the RMSE for the evaluation dataset is 0.004 

cm3/cm3 higher than the calibration RMSE, and the NSCE for the evaluation dataset is 0.08 

lower than the calibration NSCE. This calibration/validation experiment shows that performance 

is similar whether using a subset of data or the entire dataset, provided that the subset is 

comparably heterogeneous to the full dataset. For simplicity, and to ensure the best performance 

possible, the entire dataset is used to both calibrate and validate the EMT+VS model throughout 

this study. 

A direct comparison of each EMT+VS model estimate to corresponding HydraProbe 

measurement is shown in Figure 9 for the base case. Points represent measurements for all 

locations and dates, divided by subregion. Performance metrics are also reported by subregion. 
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Additionally, the map in Figure 9 shows squared error at each sampling location for 2 June 2022, 

overlaid on the map of log specific contributing area. 2 June 2022 had an overall RMSE of 0.094 

cm3/cm3, the highest error of any individual date other than 27 May 2022 (RMSE = 0.099 

cm3/cm3), which was an incomplete sampling day only capturing data for Regions A and B. 

 

Figure 9. Base case EMT+VS soil moisture estimates plotted against HydraProbe soil moisture 
measurements for all sampling dates and locations (left) and map of squared error for 2 June 
2022 for all sampling locations, overlaid on log specific contributing area map (right). 2 June 

2022 had an RMSE of 0.094 cm3/cm3. 
 

Figure 9 shows substantial scatter around the 1:1 line, which is consistent with the overall 

RMSE. The model has little bias for all four subregions because spatial average soil moisture 

from the rover is enforced.  The EMT+VS model underestimates the spatial variability of soil 

moisture within each subregion (RSD < 1) because estimates near the average tend to produce 

lower errors than estimates that are extreme, so large variations may be reduced through 

calibration. A similar underestimation of the range of values was observed by Cowley et al. 

(2017). The RMSE values are similar among all four regions, while the NSCE values differ. The 
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best performance occurs in Region A because the region has highly variable topography and 

strong variations in vegetation cover, which produce strong and predictable spatial variations in 

soil moisture. Region B lacks very wet observations, which reduces the observed range of soil 

moisture values and thus the NSCE.  Region C has several wet locations that are incorrectly 

predicted to be dry by the model, which occur at locations with thick vegetation that lie adjacent 

to a stream. These points are likely wet due to water loss from the stream (a dependence that is 

not represented by the model). Nonetheless, Region C has a wide range of soil moisture values 

that are mostly captured by the EMT+VS model and therefore a relatively large NSCE. NSCE is 

worst for Region D because this region has a small range of moisture conditions, but RMSE 

remains low. The map in Figure 9 indicates that the highest errors tend to occur at locations near 

drainage pathways or streams, likely due to errors in contributing area estimation or 

mischaracterization of vegetation cover in valley bottoms, which tend to be thickly vegetated. 

The map also shows that errors at most locations are low, but a few locations with high errors 

cause the overall RMSE to be large. 

Another possible source of error in the soil moisture predictions is the assumption that the 

model parameters are constant over the entire study region. To explore how much heterogeneity 

affects the results, the EMT+VS model was calibrated separately for each region.  The resulting 

RMSE values for Regions A, B, C, and D are 0.049, 0.055, 0.067, and 0.060 cm3/cm3 and the 

NSCE values are 0.917, 0.665, 0.822, and 0.402, respectively. The improved performance 

suggests that the parameters vary spatially over Maxwell Ranch. Spatial variations are most 

notable in the calibrated soil parameters, such as saturated hydraulic conductivity Ks, anisotropy 

ι, as well as horizontal and vertical pore disconnectedness indices γh and γv.  
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6.3 Comparison of Base Case Performance to Alternative Methods 

If the coarse resolution soil moisture input for the base case (the rover average) is used as 

an estimator of the HydraProbe data (without downscaling), an RMSE of 0.132 (vs. 0.077 from 

the base case downscaled model) cm3/cm3 and an NSCE of 0.107 (vs. 0.693 from the base case 

downscaled model) are achieved. Therefore, downscaling using the EMT+VS model 

substantially improves accuracy of soil moisture. Additionally, two alternative soil moisture 

estimation methods, OPTRAM and GeoWATCH, were also applied to Maxwell Ranch and 

compared to the HydraProbe dataset.   

The application of OPTRAM at Maxwell Ranch was limited to two dates because only 

two cloud-free Sentinel-2 images are available during the study period. Using the two available 

images (26 May and 15 June) and data from the closest sampling dates (27 May and 15 June), 

the OPTRAM method described by Sadeghi et al. (2017) produced RMSE values of 0.151 

cm3/cm3 and 0.162 cm3/cm3 (vs. 0.099 and 0.076 from the base case downscaled model) and 

spatial NSCEs of 0.176 and -0.211 (vs. 0.650 and 0.730 from the base case downscaled model). 

A 1:1 plot of OPTRAM vs. HydraProbe soil moisture can be found in the appendix (Figure A1). 

Several factors likely contribute to the weaker performance of OPTRAM.  First, 

OPTRAM uses only multispectral data to estimate soil moisture, while the EMT+VS model uses 

a coarse resolution soil moisture value, multispectral data to estimate vegetation cover, and 

topographic data. Second, the EMT+VS model has a mechanistic basis, while OPTRAM is 

empirical. Third, even though OPTRAM does involve a type of calibration through identification 

of the wet and dry edges of the STR-NDVI space, OPTRAM is not calibrated to in-situ soil 

moisture observations like the EMT+VS model. This calibration is likely the most important 

reason that the EMT+VS model outperforms OPTRAM for these dates. 



53 

 

 GeoWATCH estimates are available for all sampling dates. A 1:1 plot of GeoWATCH 

vs. HydraProbe soil moisture can be found in the appendix (Figure A2). Comparing to the 

HydraProbe data, GeoWATCH achieves an overall RMSE of 0.153 cm3/cm3 (vs. 0.077 from the 

base case downscaled model), an NSCE of  -0.191 (vs. 0.693 from the base case downscaled 

model), and an average spatial NSCE of -0.453 (vs. 0.644 from the base case downscaled 

model). The higher NSCE than the average spatial NSCE suggests that GeoWATCH captures 

some of the temporal variability in the soil moisture observations but does not capture the 

observed spatial variations. GeoWATCH performs better on wetter dates than drier dates. For 

example, June 2nd was the wettest sampling date, and GeoWATCH performs the best on this date 

with a spatial NSCE of 0.125.  GeoWATCH is expected to perform better for wet conditions 

because the model was developed primarily for use in mobility assessments, which are most 

concerned with wet conditions. 

  GeoWATCH’s poor performance at Maxwell Ranch likely occurs for several reasons. 

First, GeoWATCH limits soil moisture to the range between assumed values for the wilting point 

and porosity. Across all dates, the minimum soil moisture prediction from GeoWATCH is 0.047 

cm3/cm3, and the maximum predicted value is 0.465 cm3/cm3. However, the HydraProbe data 

ranges from 0 cm3/cm3 to 0.67 cm3/cm3. Second, GeoWATCH tends to overestimate soil 

moisture at Maxwell Ranch.  The overestimation could be due to the deeper depths depth (0-10 

cm) in GeoWATCH data inputs compared to the 0-5 cm captured by the HydraProbes. However, 

the rover is also sensitive to deeper moisture and produces similar results to the HydraProbes. 

Third, GeoWATCH uses data from a land surface model (Noah) that may have higher errors due 

to slightly coarser resolution and model structure.  Fourth, GeoWATCH uses a 30 m DEM, 

whereas the EMT+VS model uses a 10 m DEM.  Fifth, GeoWATCH’s description of vegetation 
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relies primarily on landcover type rather than the multispectral imagery that is used to 

characterize vegetation density in the EMT+VS model. Sixth, GeoWATCH is not calibrated to 

the in-situ soil moisture observations.   

Overall, the results suggest that the EMT+VS model predictions, despite their relatively 

high RMSE values, are more accurate than using OPTRAM and GeoWATCH at Maxwell 

Ranch. Additionally, using the coarse resolution soil moisture from the rover as an estimate of 

HydraProbe point data also outperforms OPTRAM and GeoWATCH, showing that these two 

methods do not improve performance despite their fine output resolutions. 

6.4 Sensitivity to Inputs 

This section discusses the performance of the EMT+VS model when the inputs are 

changed from the base case. For each change in the inputs, the EMT+VS model is run using (1) 

the base case parameters and (2) recalibrated parameters. The results from these trials are 

summarized in Figure 10. 
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Figure 10. Performance comparison of EMT+VS model scenarios using base parameters and 
recalibrated parameters. Plots on the left show root mean squared error (RMSE), and plots on the 

right show Nash-Sutcliffe coefficient of efficiency (NSCE). Plots (a) and (b) depict results from 
trials where the coarse resolution soil moisture input was changed from the base case. Plots (c) 

and (d) depict results from trials where the vegetation input was changed. Plots (e) and (f) depict 

results from trials where the topography and vegetation resolution were changed. 
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Changing Coarse Resolution Soil Moisture  

Figure 10a and 10b examine the effect of the coarse resolution soil moisture input on the 

EMT+VS model performance.  Using the HydraProbe average instead of the rover average as the 

coarse resolution input results slightly better performance than the base case, and recalibration 

offers no improvement. The averages of the HydraProbe measurements are similar to the 

averages from the rover as shown in Figure 4, so similar performance is expected.  When the 

SMAP products are used as inputs, the EMT+VS model achieves similar performance before and 

after recalibration but has slightly higher RMSEs and slightly lower NSCEs than the base case. 

Of the three SMAP products, SMAP L3 performs the best, followed by SMAP L2/Sentinel-1, 

and finally SMAP L4, but the differences are small. These differences in performance align with 

the errors observed in Figure 4 and show that higher errors in the inputs produce higher errors in 

the outputs. Recalibration only offers improvement for SMAP L3 to adjust for the positive bias. 

Using the Noah land-surface model as the coarse resolution input results in much poorer 

EMT+VS model performance when the base parameters are used. The poor performance is 

expected given the large bias in the Noah soil moisture values observed in Figure 4.  However, 

the EMT+VS model performance is substantially improved by recalibration, achieving an RMSE 

of 0.079 cm3/cm3, which is only slightly worse performance than the base case. When Mosaic is 

used as the coarse resolution input, the EMT+VS model performs similarly to when the SMAP 

products are used.  Again, a slight improvement in performance occurs when the parameters are 

recalibrated, but the model still performs slightly worse than the base case. Overall, these results 

indicate that the EMT+VS model can achieve similar performance using a variety of coarse 

resolution soil moisture inputs.  However, if the input has a substantial bias (like Noah), the 

parameters must be adjusted to compensate for that bias.  
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Changing Vegetation  

Figure 10c and 10d examine the accuracy of the EMT+VS model soil moisture estimates 

when the vegetation pattern is estimated in different ways.  Using (normalized) NDVI instead of 

(normalized) NDVI2 (i.e., the base case) produces a substantial reduction in performance unless 

the parameters are recalibrated.  After recalibration, the performance using NDVI (RMSE = 

0.079 cm3/cm3) is similar to the performance using NDVI2 (RMSE = 0.077 cm3/cm3). The index 

that is used to estimate the fractional vegetation cover (NDVI, SAVI, or EVI) has a substantial 

effect on EMT+VS model performance.  SAVI produces worse performance than NDVI after 

both approaches are recalibrated.  In contrast, EVI produces better performance than the base 

case after calibration (RMSE = 0.066 cm3/cm3). EVI might produce better performance than 

NDVI because NDVI becomes saturated in high biomass regions, whereas EVI is more sensitive 

to changes in vegetation density for these regions (Huete et al., 2002). A plot of the EMT+VS 

model estimates from the EVI case vs. the HydraProbe data is included in the Appendix, Figure 

A3. In comparison to Figure 9 (the base case), Figure A3 shows that the EVI case noticeably 

corrects for some underestimated points at Regions A, B and C, resulting in better overall 

performance. However, the positive bias of estimates at Region B is increased with the EVI case, 

possibly due to Region B’s prominent forest cover where the shading effect causes points to be 

drier in reality than what is predicted by the model. 

The date of the multispectral imagery that is used to estimate the vegetation cover also 

causes a noticeable change in EMT+VS model accuracy. Base case parameters were calibrated 

based on vegetation data from 26 May 2022, but when these parameters are applied in the model 

using satellite imagery from 15 June 2022, the accuracy of the soil moisture estimates reduces. 

With recalibration, performance improves but remains worse than the base case. This result 

suggests that the choice of date is important, and selecting a late spring date may be 
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advantageous to capture conditions before summer precipitation causes overall greener 

conditions.  

The source of the multispectral data also affects the accuracy of the EMT+VS model soil 

moisture estimates. When Planet CubeSat data are coarsened to 10 m and used to calculate 

NDVI2, they produce a much wider range of values as shown in Figure 5.  The wider range 

produces much poorer accuracy in the soil moisture estimates unless the model parameters are 

recalibrated.  Once the parameters are recalibrated, the soil moisture estimates have similar 

accuracy to those produced by Sentinel-2 using a nearby date (15 June 2022).  Overall, the 

results suggest that the choice of vegetation index (NDVI, SAVI, EVI) affects the model results 

and that recalibration cannot completely overcome a poor choice.  EVI produces the best 

performance.  The date used to calculate the index also affects the accuracy of the EMT+VS 

model results. 

Changing Input Resolution  

In the prior analyses, the EMT+VS model was applied using 10 m data.  Here, the model 

is also applied using 3 m and 30 m data (Figure 10e and 10f). To isolate the effect of the spatial 

resolution on the soil moisture estimates, a consistent multispectral dataset is used to estimate the 

fractional vegetation cover in all three cases.  Specifically, Planet CubeSat data are used at 3 m, 

10 m, and 30 m resolutions to estimate NDVI2.  Because the source of vegetation data has 

changed, the base case parameters produce poor soil moisture estimates at all three resolutions.  

With recalibration, however, performance improved for each case, and a small improvement in 

performance occurs as the resolution becomes finer. The 30 m, 10 m, and 3 m scenarios achieve 

RMSE values of 0.093 cm3/cm3, 0.091 cm3/cm3, and 0.089 cm3/cm3. The NSCEs for the 30 m, 

10 m, and 3 m scenarios are 0.548, 0.575, and 0.595.  These results suggest that the EMT+VS 
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model framework is applicable to finer resolutions than those considered previously. However, 

the computational cost of the running the 3 m model for only a slight improvement in 

performance could be reason to opt instead for the 10 m model.   
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7 CONCLUSIONS 
 

 

 

In this study, the EMT+VS model was used to estimate fine resolution soil moisture 

patterns across a 6,000-ha study region with diverse topography, landcover types, and soils.  The 

estimated soil moisture values were compared to in-situ measurements from HydraProbes at 86 

locations on 10 dates.  The sampling locations were selected to include diverse combinations of 

topographic and vegetation conditions and the sampling dates were selected to span the widest 

possible range of soil moisture conditions.  For the conditions considered in this study, the 

following conclusions can be drawn: 

1. The EMT+VS model successfully reproduces a substantial portion of the spatial and 

temporal variations in the in-situ soil moisture observations.  The average spatial NSCE 

is 0.644, and the overall (space-time) NSCE value is 0.693.  Nonetheless, the soil 

moisture estimates have higher errors for this study region (RMSE = 0.077 cm3/cm3) than 

the errors reported in prior applications of the EMT+VS model (RMSE values between 

0.028 cm3/cm3 and 0.055 cm3/cm3).  The errors are likely higher for this region in part 

because the soil moisture observations span a very wide range (0 to 0.67 cm3/cm3) due to 

soils varying from coarse sandy loams to peats.  The errors may also be larger because 

the EMT+VS model parameters were assumed to be spatially constant across the region.  

Allowing spatial variations in the parameter values between subregions reduces the 

RMSE values to 0.049 to 0.067 cm3/cm3. 

2. The EMT+VS model consistently produces more accurate estimates of the in-situ soil 

moisture observations at Maxwell Ranch than a coarse resolution input alone. The 

calibrated EMT+VS model also outperforms OPTRAM and GeoWATCH. The EMT+VS 
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model uses more sources of information than OPTRAM and can be directly calibrated to 

the in-situ soil moisture observations whereas OPTRAM is calibrated by estimating the 

wet and dry edges of the STR-NDVI space. OPTRAM also can only be applied for clear 

sky conditions. GeoWATCH typically overestimates the soil moisture in the study 

region; however, porosity constraint inhibits the ability of GeoWATCH to estimate soil 

moisture in wetlands or locations with organic soil, which are present at some sampling 

locations at Maxwell Ranch. 

3. SMAP products provide reliable estimates of the spatial average soil moisture in the 

study region despite the variable topography. The RMSE values range from 0.031 

cm3/cm3 to 0.040 cm3/cm3, which are in line with the SMAP mission requirements and 

other studies of SMAP performance (Entekhabi et al., 2014; Zeng et al., 2016; Chen et 

al., 2017; Chan et al., 2018). The SMAP L3 Passive Enhanced is more accurate than the 

SMAP/Sentinel-1 L2 product (which had to be interpolated in time to compare to the 

sampling dates) and the SMAP L4 product for the study region. 

4. Among the tested land surface models from NLDAS-2 (Noah, Vic, and Mosaic), Mosaic 

produces the most accurate estimates of the spatial average soil moisture in the study 

region.  Mosaic slightly overestimates dry conditions and underestimates wet conditions 

but has a lower RMSE than the SMAP L3 product. Noah and VIC both greatly 

overestimate the spatial average soil moisture in the region. 

5. The EMT+VS model can achieve similar accuracies using diverse coarse resolution soil 

moisture inputs including the average of HydraProbe data, the average of cosmic ray 

neutron rover data, SMAP products, and land surface models from NDLAS-2.  If the 

coarse resolution input contains substantial biases, the EMT+VS model parameters must 
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be adjusted to compensate.  Otherwise, similar parameters can be used irrespective of the 

coarse resolution input. 

6. The estimation of the fractional vegetation cover has a substantial impact on the accuracy 

of the EMT+VS model’s soil moisture estimates.  For the study region, using EVI to 

estimate the fractional vegetation cover produces more accurate estimates than using 

SAVI, NDVI, or NDVI2.  Estimating the fractional vegetation cover from imagery earlier 

in the spring produces more accurate soil moisture estimates than using a later spring 

image.  Similar soil moisture accuracy is achieved using Sentinel-2 or Planet CubeSat 

imagery if both have 10 m resolution. 

7. For the study region, the accuracy of the EMT+VS model results improve as the spatial 

resolution of the input data becomes more refined.  The 10 m model outperforms the 30 

m model, and the 3 m model outperforms the 10 m model.  This behavior indicates that  

the representations of the hydrologic processes in the EMT+VS model are applicable 

down to 3 m and suggests that the EMT+VS model may be capable of producing 3 m soil 

moisture patterns in other regions.   

8. Among the topographic attributes used in the EMT+VS model, contributing area and 

curvature exhibit the largest variations when calculated using DEMs with differing 

resolutions (3 m, 10 m, and 30 m).  Slope and PRSI exhibit some scatter when compared 

between the resolutions, while elevation remains very consistent.  Curvature typically 

plays a small role in the EMT+VS model, but contributing area is used (along with other 

variables) to determine the spatial variations in soil moisture due to lateral flow.  The 

challenge of determining accurate contributing areas suggests that the EMT+VS model 
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may be less accurate when lateral flow is an important process in determining the soil 

moisture. 

The results of this study inform future research needs. Future research should explore 

using unsupervised classification methods to determine subregions where EMT+VS model 

parameters can be considered spatially constant. Accounting for spatial variations in the 

parameters is expected to be more important when the EMT+VS model is applied across larger 

regions. Future studies should also consider downscaling intermediate scale soil moisture data 

from the cosmic ray neutron rover (in this study only the average of all rover data on a given date 

was downscaled). Studies should examine performance of the EMT+VS model in other regions 

(e.g., wetter climates) or the performance of other downscaling or soil moisture estimation 

technologies using the dataset from this study. Finally, studies could also consider combining 

benefits of multiple methods to improve fine resolution soil moisture estimation. 
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APPENDIX 

 

 

 
Table A1. Summary of prior performance of EMT+VS model 

Application Region 
Depth 

Considered 

Region 

Area 
RMSE Citation 

Nerrigundah, New South Wales, Australia 15 cm 6 ha 0.047 2015 

Cache la Poudre, Colorado, U.S.A. 5 cm 8 ha 0.028 2015 

Tarrawarra, Victoria, Australia 30 cm 11 ha 0.028 2015 

Satellite Station, North Island, New Zealand 30 cm 60 ha 0.048 2018 

Drake Farm, Colorado, U.S.A. 15 cm 109 ha 0.026 2020 

Reynolds Creek, Idaho, U.S.A. 5 cm 23,900 ha 0.055 2017 

Tibet, Nagqu, China 5 cm 196,000 ha 0.053 2018 
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Table A2. Calibrated base case parameters 

 

 

Table A3. NDVI0 and NDVI∞ for satellite sources 

Source NDVI0 NDVI∞ 

Approx. Value Location Approx. Value Location 

Sentinel-2, 05/26 0.12 105.2405944°W 

40.9416319°N 

0.67 105.2623778°W 

40.9085162°N 

Sentinel-2, 06/15 0.13 105.2406160°W 
40.9417069°N 

0.73 105.2618416°W 
40.9087143°N 

PCS 06/13 0.25 105.2406906°W 

40.9415804°N 

0.77 105.2621636°W 

40.9084000°N 

 

lower optimized upper𝑉 gridded gridded gridded Sentinel -2 Norm NDVI
2
, 5/26𝜙 0.2 0.33 0.45 Posori ty𝛾_ℎ 1 1.29 36 Horizontal  pore disconnectedness𝛾_𝑣 6 13.80 36 Vertica l  pore disconnectedness𝛽_𝑟 0.1 1.73 5 Radiative ET exponent𝛽_𝑎 0.1 0.12 5 Aerodynamic ET exponent𝛼 0.1 0.10 0.4 Priestley-Taylor coefficient𝜖 1 1.14 3 Relation of hydraul ic to topographic gradient𝜂 0 0.47 1 Portion of transpiration from soi l  layer𝐾_𝑠 1 3476.27 7000 Veri tca l  saturated hydraul ic conductivi ty𝜄 1 600.00 700 Anisotropy of saturated hydraul ic conductivi ty𝛿_𝑜 0.05 Soi l  depth where topographic curvature i s  zero𝜅_𝑜 -999999 -9568.82 -0.3609 Minimum toporaphic curvature with soi l𝜆 0 0.999 0.999 Interception efficiency𝜇 1 6.24 10 Shading effect on soi l  evaporation𝑃𝐸𝑇 3 3.00 8 Potentia l  evapotranspiration𝜔 -0.0015 -0.0004 0.0015 PET elevation dependence

Veg-adj 0 0.50 0.50 Vegetation adjustment factor for poros i ty

Space-time NSCE 0.693

Spatial Average NSCE 0.644

RMSE 0.0774

Calibrated
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Figure A1. OPTRAM soil moisture estimates plotted against HydraProbe soil moisture 

measurements for 27 May and 15 June 2022 at sample locations. 
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Figure A2. GeoWATCH soil moisture estimates plotted against HydraProbe soil moisture 

measurements for all sampling dates and locations. 
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Figure A3.  Soil moisture estimates from the EMT+VS model using EVI, plotted against 
HydraProbe soil moisture measurements for all sampling dates and locations. 

 


