
THESIS  

 

 

INCORPORATING VEHICLE TRAILS IN SOIL MOISTURE DOWNSCALING  

FOR MOBILITY ASSESSMENTS IN COARSE GRAINED SOILS 

 

Submitted by  

Holly E. Proulx 

Department of Civil and Environmental Engineering  

 

 

 

In partial fulfillment of the requirements  

For the Degree of Master of Science  

Colorado State University  

Fort Collins, Colorado 

Spring 2024 

 

 

Master’s Committee: 

 Advisor: Jeffrey D. Niemann 

 Co-Advisor: Joseph Scalia  

 

 Stacy Lynn 

  



ii 
 

 

 

 

 

 

 

 

Copyright by Holly Ellen Proulx 2024 

All Rights Reserved 

  



ii 
 

ABSTRACT 

 

 

 

INCORPORATING VEHICLE TRAILS IN SOIL MOISTURE DOWNSCALING 

FOR MOBILITY ASSESSMENTS IN COARSE GRAINED SOILS 

 

 

 

Fine resolution (10-30 m) soil moisture maps are critical for determining vehicle mobility 

in agricultural, forestry, recreational, and military applications.  Microwave satellites provide soil 

moisture products, but the spatial resolutions of these products are too coarse for such 

applications.  Soil moisture downscaling methods, such as the Equilibrium Moisture from 

Topography Plus Vegetation and Soil (EMT+VS) model, can downscale soil moisture to fine 

resolutions.  However, the EMT+VS model (like most other downscaling models) does not 

explicitly consider vehicle trails, which may have different soil moisture than undisturbed 

landscape locations.  The objective of this study is to generalize the EMT+VS model to explicitly 

estimate the soil moisture of trails.  The generalized model incorporates two hypothesized effects 

of vehicle traffic on trails (reduced vegetation cover and reduced porosity).  To evaluate the 

generalized model, porosity and soil moisture observations were collected across a study region 

in the foothills of the Colorado Front Range.  Data were collected at paired trail and landscape 

locations as well as unpaired landscape locations on six dates in Summer 2023.  On average, the 

porosity of the trail locations was 86% of the paired landscape locations.  Soil moisture on trails 

was on average 73% to 88% of the moisture of the paired landscape locations.  Including the 

vegetation and porosity adjustments in the EMT+VS model reduced the tendency of the model to 

overestimate the moisture on trails and improved the root mean squared errors.  
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1 INTRODUCTION 

 

 

 

Soil moisture, or volumetric water content, is an important variable for many applications 

including climate and weather forecasting, water management, wildfire prediction, and vehicle 

mobility assessments (Dobriyal, 2012).  Vehicle mobility assessments are needed for agricultural, 

forestry, recreational, and military activities including both frontline fighting and disaster relief 

(Hestera, 2018).  To be useful for mobility applications, soil moisture estimates must span large 

geographic regions (e.g., ~10-km extents), have fine spatial resolution (e.g., ~10 m grid cells), 

and consider both undisturbed landscape locations and vehicle trails.  A vehicle trail refers to any 

trail created by and used for vehicles from native soil without engineered improvements.  Trails 

are important in mobility applications because they are often preferred travel routes.   

The hydrology of trails can differ from the undisturbed landscape due to the vehicular 

traffic, which causes compaction.  Botta et al. (2009) showed that trails experience the most 

compaction within the first four to five vehicle passes in clayey soils of former agricultural 

fields.  Trails with at least five passes were considered well-developed because their density 

tended to stabilize irrespective of further vehicle traffic.  Compaction can cause trails to have 

increased bulk density (Najafi et al., 2010), decreased porosity (Hansson et al., 2019), and 

decreased infiltration capacity (Johnson et al., 1980).  Each of these phenomena were shown in 

studies conducted on forest soils.  Additionally, trails can serve as preferential paths for surface 

runoff and sediment transport, as modeled at agricultural fields by Heathwaite et al. (2005).  The 

hydrology of trails can also be influenced by rutting from vehicle traffic (Sadeghi et al., 2022).  

Hansson et al. (2019) found that decreased vegetation on trails can lead to higher soil moisture 
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when compared to nearby undisturbed areas.  This was shown on glacial till soils with high stone 

and boulder content (50% of the soil consisted of rocks with diameters >20 mm).   

Soil moisture can be obtained for mobility applications by downscaling estimates from 

microwave satellites.  These satellites provide frequent (e.g., 3-day intervals) soil moisture 

estimates over large spatial extents (Peng et al., 2021).  However, the data has coarse resolutions.  

The European Space Agency’s Soil Moisture and Ocean Salinity (SMOS) satellite has 40 km 

resolution, NASA’s Advanced Microwave Scanning Radiometer Eos (AMSR-E) has 15 km 

resolution, and NASA’s Soil Moisture Active Passive (SMAP) has 9 km resolution (some 

products from these satellites have other resolutions).  To reach fine spatial resolutions, 

downscaling is needed.  Various soil moisture downscaling methodologies have been proposed, 

which can be categorized by the fine resolution data they emphasize when inferring the fine 

resolution variations of soil moisture or the downscaling methodology employed.  

Comprehensive reviews of such downscaling methods are provided by Sabaghy et al. (2018) and 

Peng et al. (2021).   

Focusing on the fine-resolution datasets that are used, downscaling methods can be 

classified as radar, optical/thermal, or topographical methods.  Radar-based downscaling uses 

fine-resolution active microwave data to supplement the coarse information from passive 

microwave radiometers (Bindlish et al, 2008, Wu et al, 2014).  Optical/thermal methods use the 

visible and near-infrared parts of the spectrum to infer vegetation properties and thermal data to 

derive the land-surface temperature.  For example, the triangle/trapezoid method uses 

optical/thermal data to define linear relationships between land surface temperature and soil 

moisture for use in downscaling (Merlin et al., 2006, Fang et al., 2013).  Topographic methods 

infer spatial variations in soil moisture from topographic attributes that have been shown to 
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impact soil moisture (such as slope and drainage area) (Perry and Niemann, 2007; Ranney et al., 

2015; Eylander et al., 2023). 

From a methodological perspective, downscaling methods can be classified as either 

statistical, empirical, or mechanistic.  Statistical methods focus on reproducing the statistical 

properties of fine-resolution soil moisture patterns (such as the range of values and the spatial 

correlation structure) rather than accurately estimating the soil moisture value at each location.  

Statistical methods include multifractal (Mascaro et al., 2010) and geostatistical (Deshon et al., 

2020) approaches.  Empirical methods infer the relationships between potential explanatory 

variables and soil moisture using fine-resolution soil moisture observations.  These methods 

include empirical-orthogonal-function downscaling (Perry and Niemann, 2007), regression 

models (Loew and Mauser, 2008), random forest machine learning (Schönauer et al., 2023), 

support vector machines (Ahmad et al., 2010; Jin et al., 2020), and neural networks 

(Alemohammad et al., 2018; Xu et al., 2022).  Mechanistic downscaling approaches emphasize 

the physical processes that govern soil moisture dynamics.  For example, GeoWATCH is a data 

assimilation method that uses static (DEM, soil texture, land use) and dynamic (meteorological) 

datasets to downscale soil moisture (Eylander et al., 2023).   

The Equilibrium Moisture from Topography Plus Vegetation and Soil (EMT+VS) model 

is among the most studied downscaling methods.  The EMT+VS model uses a mechanistic 

approach to infer soil moisture variations and fine-resolution topographic, vegetation, and soil 

attributes.  The model was originally developed for small catchments and has been shown to 

reproduce temporally varying spatial structures of soil moisture (Coleman and Niemann, 2013) 

and observed dependencies on vegetation and soil characteristics (Ranney et al., 2015).  Because 

the EMT+VS model is mechanistic, it can outperform empirical models when calibration data 
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are limited (Werbylo and Niemann, 2014).  Cowley et al. (2017) and Hoehn et al. (2017) 

extended the model to apply to large regions by modeling spatial variations in precipitation and 

potential evapotranspiration and allowing multiple coarse resolution grid cells.  Grieco et al. 

(2018) proposed and tested methods for parameter estimation when field measurements of soil 

moisture are unavailable for calibration, and Pauly et al. (2020) evaluated key model 

assumptions related to runoff production and residual water content.  Deshon et al. (2020) added 

a stochastic component to the EMT+VS model that simulates random fluctuations in soil 

moisture, and Fischer (2024) examined the model performance when using different input 

datasets.  Pauly (2019), Bindner (2020), and Bullock (2023) used soil moisture from the 

EMT+VS model in a soil strength model designed for mobility assessments (the STRength of 

Surface Soils, STRESS, model).  However, the current EMT+VS model focuses on estimating 

soil moisture at undisturbed landscape regions and ignores the potential impacts of trails on soil 

moisture.   

Schönauer et al. (2023) used a random forest algorithm to downscale soil moisture on and 

near forest trails that are sensitive to machine traffic.  They collected soil moisture observations 

with a portable moisture meter (6 cm depth) and a permanent soil sensor network (10 cm depth).  

A variety of topographic indices, temporal data, and soil data were considered as potential 

explanatory variables for the downscaling method.  However, depth-to-water (a topographic 

index) and temporal information (year, month, season) had the highest correlations with the soil 

moisture observations and were selected as inputs.  The coarse-resolution soil moisture input was 

a 9x9 km product from ERA5-Land, which combines ground-based and satellite-derived data 

using reanalysis.  The downscaling model predicted observed soil moisture with a Kendall’s 

correlation coefficient of 0.64.  The modeled soil moisture data also predicted the measured rut 
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depths with a Kendall’s correlation coefficient of 0.63.  The study did not provide a direct 

comparison of soil moisture modeling capabilities at trails and landscape points.  Also, the 

modeling approach is empirical, so it may not apply to other regions with different physical 

characteristics.   

The objective of this study is to predict soil moisture on trails by generalizing the 

EMT+VS model framework.  The EMT+VS model is selected due to its mechanistic basis and 

extensive prior evaluation.  Based on the reviewed literature, the primary impacts of the vehicle 

traffic are hypothesized to be reductions in vegetation cover and porosity.  However, the net 

effect of these impacts on the soil moisture of trails is unclear (Figure 1).  The EMT+VS model 

is generalized to include these two hypothesized effects and applied to Maxwell Ranch (an active 

cattle ranch in the foothills of the Front Range in northern Colorado).  To evaluate the model 

performance, porosity and in-situ soil moisture observations were collected at paired trail and 

landscape locations.  Soil moisture observations were also collected at unpaired landscape 

locations across the study region.   

 

Figure 1.  Conceptual diagram illustrating the hypotheses of how a well-developed trail can 
impact soil moisture. 
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2 MATERIALS AND METHODS 

 

 

 

2.1 Pre-Existing EMT+VS Model 

The EMT+VS model is based on a water balance of the surface soil layer and considers 

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

on the average precipitation 𝑃̅ within the coarse resolution grid cells and accounts for 

interception by vegetation using:  

 𝐹 = 𝑃̅(1 − 𝜆𝑉) (1) 

where 𝑉 is the fractional vegetation cover and 𝜆 is the canopy interception efficiency.  𝑃̅ 

eventually cancels out of the model equations, so it does not need to be specified.  Equation (1) 

neglects runoff.  Pauly et al. (2020) considered a generalized infiltration equation that accounts 

for runoff and found only minor improvements in the EMT+VS soil moisture estimates for 

undisturbed landscape locations.  We also tested that equation for trails and found only minor 

improvements in the soil moisture estimates.  Thus, runoff was left out for simplicity.   

 Deep drainage 𝐺 (mm/day) is characterized using Darcy’s Law and assumes vertical flow 

is gravity driven.  The unsaturated hydraulic conductivity is determined using the Campbell 

(1974) equation, and the porosity depends on the vegetation cover to account for the effect of 

organic matter (Fischer, 2024).  The resulting equation is:  

 𝐺 =  𝐾𝑠,𝑣 ( 𝜃𝜙+𝜒𝑉)𝛾𝑣
  (2) 

where 𝐾𝑠,𝑣 is the vertical saturated hydraulic conductivity (mm/day),  𝜃 is the fine-resolution soil 

moisture, 𝛾𝑣 is the vertical pore disconnected index, 𝜙 is the bare soil porosity, and 𝜒 adjusts the 

bare soil porosity to account for organic matter.   
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 Lateral flow 𝐿 (m2mm/day) is also described using Darcy’s Law and the Campbell (1974) 

equation.  The lateral flow equation accounts for anisotropy of the soil and assumes that the 

lateral hydraulic gradient is related to the topographic slope.  The thickness of the soil layer is 

assumed to depend on the topographic curvature.  The resulting equation is:  

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

where 𝛿0 is the thickness of the hydrologically active layer (m) where topographic curvature is 

zero, 𝜅𝑚𝑖𝑛 is the minimum topographic curvature that has the soil layer, and 𝜅 is the topographic 

curvature (positive for convergent terrain and negative for divergent terrain).  The variable 𝑐 (m) 

is the length of the digital elevation model (DEM) grid cells (and the spatial resolution of the 

fine-resolution soil moisture estimates).  The parameter 𝜄 is the anisotropy of the saturated 

hydraulic conductivity, which is used to transform 𝐾𝑠,𝑣 to the horizontal saturated hydraulic 

conductivity.  The parameter 𝛾ℎ is the horizontal pore disconnectedness index, 𝑆 is the 

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

topographic slope.   

 Evapotranspiration 𝐸 (mm/day) is calculated using:  

 𝐸 =  𝐸𝑝̅̅ ̅[1 + 𝜔(𝑍̅ − 𝑍)][𝜂𝑉 + (1 − 𝑉)𝜇 ] [ 𝐼𝑝1+𝛼 ( 𝜃𝜙+𝜒𝑉)𝛽𝑟 + 𝛼1+𝛼 ( 𝜃𝜙+𝜒𝑉)𝛽𝑎] (4) 

where 𝐸𝑝̅̅ ̅ is the spatial average potential evapotranspiration within a coarse resolution grid cell 

(mm/day).  The first bracketed term adds fine resolution variability to the potential 

evapotranspiration using elevation variations.  The parameter 𝜔 controls elevation dependence, 𝑍 

is the local elevation (m), and 𝑍̅ is the spatial average elevation within the coarse resolution grid 

cell.  The second bracketed term describes the effect of the fractional vegetation cover on the 

transpiration and evaporation.  The parameter 𝜂 is the portion of the transpiration that is from the 
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modeled soil layer, and 𝜇 describes the effect of vegetation shading on soil evaporation.  The 

third bracketed term includes the radiative and aerodynamic contributions to the total 

evapotranspiration.  The variable 𝐼𝑝 is the potential solar radiation index, which is calculated 

using the slope and aspect from the DEM, 𝛼 is the Priestly-Taylor coefficient minus one, 𝛽𝑟 

describes the effect of moisture limitations on radiative evapotranspiration, and 𝛽𝑎 describes the 

effect of moisture limitations on aerodynamic evapotranspiration.   

The fine resolution soil moisture is calculated by a weighted average of four analytical 

soil moisture estimates:  

 𝜃 = 𝑤𝐺𝜃𝐺+𝑤𝐿𝜃𝐿+𝑤𝑅𝜃𝑅+𝑤𝐴𝜃𝐴𝑤𝐺+𝑤𝐿+𝑤𝑅+𝑤𝐴  (5) 

where 𝜃𝐺 , 𝜃𝐿, 𝜃𝑅, and 𝜃𝐴 are the analytical soil moisture estimates when deep drainage, lateral 

flow, radiative evapotranspiration, and aerodynamic evapotranspiration dominate the water 

balance, respectively.  The weights 𝑤𝐺, 𝑤𝐿, 𝑤𝑅, and 𝑤𝐴 are determined from the magnitudes of 

those four processes in the water balance (Ranney et al., 2015).   

In the end, the EMT+VS model requires fine-resolution vegetation and topographic data 

(and can optionally use fine resolution soil data) along with a coarse resolution grid soil moisture 

(or single average soil moisture value) to determine all the terms in the weighted average. The   

EMT+VS model also requires specification of the 16 parameters.  Ranney et al. (2015) and 

Cowley et al. (2017) provide more details about the derivation as well as the analytical solutions 

that are used in the weighted average. 

2.2 Incorporation of Trail Hypotheses in the EMT+VS Model 

The locations of trails are assumed to be known before applying the EMT+VS model.  To 

incorporate trails in the model, a binary raster is used to indicate whether a trail is present in each 

fine-resolution grid cell.  This raster is denoted 𝑇 and has a value of 1 in cells where trails occur 
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and 0 for all other (undisturbed landscape) cells.  As discussed earlier, vehicle traffic is expected 

to reduce the vegetation cover on trails.  Because the fine-resolution grid cell (10 m) is typically 

larger than the trails (~2-5 m), the uncorrected vegetation cover of a trail cell reflects a 

combination of the trail and landscape conditions.  To explicitly consider the conditions of the 

trail, the fractional vegetation cover of each trail cell (where 𝑇 = 1) is set to:  

 𝑉𝑇 = 𝜁𝑇𝑉 (6) 

where 𝑉𝑇 is the trail-adjusted fractional vegetation cover and 𝜁𝑇 describes the impact of the 

vehicle traffic on the vegetation cover (𝑉 is the original fractional vegetation cover of the cell).  

Similarly, vehicle traffic is also expected to compact the soil of the trail, which reduces the 

porosity.  Thus, the (bare soil) porosity of each trail cell (where 𝑇 = 1) is set to:  

 𝜙𝑇 = 𝜌𝑇𝜙 (7) 

where 𝜙𝑇 is the trail-adjusted porosity and 𝜌𝑇 describes the effect of vehicle traffic on the 

porosity (𝜙 is the original porosity, which describes undisturbed conditions).  Both 𝜁𝑇 and 𝜌𝑇 are 

new trail-related parameters that need to be calibrated. 

2.3 Study Area  

Maxwell Ranch is a 4000-ha cattle ranch in the Laramie Foothills in northern Colorado 

(Figure 2).  This region has been previously used for testing the EMT+VS model (Fischer, 2024) 

and an associated soil strength model (Bullock, 2023) at undisturbed locations.  Maxwell Ranch 

has an average elevation of ~2,210 m and minimum and maximum elevations of 1,960 and 2,290 

m, respectively.  The soils across Maxwell Ranch are primarily thin gravelly sandy loams 

derived mostly from weathered granite (Soil Survey Staff, 2022; Bullock, 2023).  Peats occur in 

some valley bottoms (Bullock, 2023; Fischer, 2024).  The vegetation consists of short-grass 
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prairies with scattered shrubs and Ponderosa Pine trees.  The site has ~46 km of trails that are 

double track, comprised of native soils, and traversed by ranch vehicles (pickup trucks) and 

occasional horse traffic.  These trails are considered well-developed as they pre-date Google 

Earth imagery from 1985 and have therefore been trafficked for over 40 years (Google, 2022).   

 

Figure 2. Map showing the sampling locations within the northern portion of Maxwell Ranch. 

2.4 Sampling Location Selection   

Figure 2 shows the sampling locations used in this study.  Regions B and C were 

previously identified and used by Bullock (2023) and Fischer (2024).  Within these two regions, 

they identified undisturbed sampling locations that span a diverse array of topographic, 
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vegetation, and soil conditions.  Region B has 22 sampling locations, and Region C has 24 

locations.  These same locations are also used in the present study.   

In addition, 30 paired trail and landscape sampling locations were identified for the 

present study.  The trail locations were selected to observe trail conditions for diverse 

combinations of topographic, vegetation, and soil characteristics.  Topographic attributes 

considered in the selection process included elevation, log of specific contributing area, slope, 

curvature, and cosine of aspect (topographic variables that appear in the EMT+VS model).  The 

log transformation of specific contributing area is often used for hydrologic applications as it 

reduces the dominance of extreme values.  Similarly, the cosine of aspect better represents the 

impact of solar radiation on slopes than aspect.  Trail locations were initially selected using a 

Latin hypercube approach (Werbylo and Niemann, 2014) and then finalized based on field 

inspection.  Trail sections with culverts or substantial rutting or erosion were avoided to reduce 

the number of trail factors influencing soil moisture.   

Each trail location has a paired landscape site that is upslope from the trail and intended 

to represent the conditions that would have existed without the presence of the trail.  Paired 

locations were determined based on field inspections.  The location of every site was surveyed 

using a Geode GN3S receiver with ~5 cm accuracy.  The final dataset includes 106 sampling 

locations, including 60 paired locations (30 trail and 30 landscape) and 46 unpaired landscape 

locations in Regions B and C (Figure 2).   

2.5 Laboratory Analysis of Soils 

At each trail and paired landscape location, soil samples were extracted in the top ~5 cm 

of the soil column and tested in the laboratory for sand, silt, and clay fractions, organic matter, 

and dry density.  For each location, these characteristics were determined by combining three soil 
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samples collected within approximately 1 m of the sampling location.  Each sample was 

approximately 150 g.  USDA sand, silt, and clay fractions were obtained via sieve and 

hydrometer analysis in accordance with ASTM D6913 and ASTM D7928, respectively (ASTM 

International, 2017; ASTM International, 2021).  A ~50 g sub-sample was also used to measure 

organic content in accordance with ASTM D2974, Method A (ASTM International, 2020). The 

dry density was measured using the in-situ sand cone method in accordance with the ASTM 

D1556 (ASTM, 2016). 

2.6 Soil Moisture Sampling 

Soil moisture sampling was conducted at Maxwell Ranch during the spring and summer 

of 2023 to avoid snow and frozen ground that can occur in winter.  Within the study period, the 

sampling dates were selected to observe the widest possible range of moisture conditions on the 

ranch.  A CoAgMET weather station (Station ID 058690) is located about 0.5 km north of the 

ranch (at 40.9656°N, 105.2186°W) and records daily precipitation data.  Figure 3 shows the 

precipitation during the study period along with the sampling dates.  Sampling occurred on six 

dates including: 09 May 2023, 01 June 2023, 14 June 2023, 09 July 2023, 25 July 2023, and 12 

September 2023.  Increasingly wet conditions occurred until mid-July followed by a gradual dry-

down during the remainder of the study period.     
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Figure 3. Daily precipitation recorded at the Virginia Dale CoAgMet weather station (Station ID 
058690) near Maxwell Ranch along with soil moisture sampling dates. 

 

Volumetric soil moisture was measured in the top 5 cm of the soil using a Stevens 

HydraGo portable HydraProbe.  This device uses coaxial impedance dielectric reflectometry to 

measure soil moisture and has an accuracy of ± 0.01 to 0.03 cm3/cm3, depending on the soil type 

(Stevens Water, 2018).  Three measurements were made within approximately 1 m of each 

sampling location and averaged to determine the soil moisture of the sampling location.  The 

HydraProbe could not be inserted into the trails due to their compaction.  Thus, soil samples of 

approximately 80 g were extracted at the trail and paired landscape sites in the top ~5 cm of the 

soil to quantify gravimetric soil moisture via the ASTM D2216 oven dry method (ASTM, 2019).  

The dry density was then used to convert the gravimetric water content to the volumetric water 

content.  At the paired landscape locations, these volumetric water contents were compared to the 

HydraProbe measurements remove any bias in the gravimetric measurements and ensure 

consistency between the different measurement methods. 
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2.7 EMT+VS Model Inputs 

Coarse resolution soil moisture for each date was obtained at a 9 km resolution from the 

SMAP Level 3 passive enhanced product via the Earthdata portal (O’Neill et al., 2021).  Two of 

the six sampling dates did not have a Level 3 product available, so a product from an adjacent 

day was used.  This SMAP product was selected because Fischer (2024) showed that it 

accurately estimates the spatial average soil moisture across Maxwell Ranch.  The product for 

15:00 to 18:00 UTC was used as this timeframe most closely aligns with the fieldwork.  A single 

SMAP grid cell captures the entirety of Maxwell Ranch.  The fine resolution topographic 

attributes were calculated by Fischer (2024) based on a 10-m DEM from the Natural Resources 

Conservation Service.  Fractional vegetation cover was estimated as the enhanced vegetation 

index (EVI), which is based on the red, blue, and near-infrared reflectance.  EVI was used 

because Fischer (2024) showed that this vegetation index produces the best soil moisture 

estimates among the vegetation indices tested.  EVI can only be obtained when the sky is clear, 

so the EVI from August 9th was applied for all sampling dates.  This date was selected because its 

EVI had the highest Pearson correlation coefficient (𝑟 = 0.81) with soil moisture among the 

available dates.  The binary raster identifying trail locations was developed by digitizing trail 

locations based on satellite imagery in Google Earth (Google, 2022). 

2.8 EMT+VS Model Application  

The EMT+VS model was run for four scenarios.  In the first scenario, the pre-existing 

EMT+VS model (without trail adjustments) was applied to Maxwell Ranch.  In particular, the 

model parameters were calibrated using the undisturbed landscape locations in Regions B and C 

as well as the paired landscape locations.  Then, the performance is investigated not only for 

these landscape points but also the trail points.  When calibrating this scenario, the thickness of 
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the hydrologically active layer (𝛿0) was set at the measurement depth (5 cm), which is consistent 

with prior applications of the EMT+VS model (Pauly et al., 2020; Ranney et al., 2015).  The 

remaining parameters were calibrated within the feasible ranges previously used at Maxwell 

Ranch by Fischer (2024).  The parameter values were selected to maximize the Nash-Sutcliffe 

Coefficient Efficiency (NSCE) when combining all dates together (i.e., the space-time NSCE) 

(Nash and Sutcliffe, 1970).  The space-time NSCE has a value of one when the observations are 

perfectly reproduced and lower values (even below zero) as errors increase.  Using the space-

time average soil moisture as a model would produce a value of zero.  Thus, values above zero 

indicate viable models. 

In the second scenario, the vegetation adjustment was allowed for the trail locations.  In 

this scenario, all the parameters associated with undisturbed locations were kept at the values 

obtained in the first scenario.  The vegetation adjustment parameter 𝜁𝑇 was calibrated to 

maximize the space-time NSCE for the trail points, so the strength of the trail adjustment is 

determined by the calibration.   

In the third scenario, the porosity adjustment was allowed for the trail locations (the 

vegetation adjustment was not included).  Again, all parameters were kept at the values of the 

first scenario except the porosity adjustment parameter 𝜌𝑇, which was calibrated to maximize the 

space-time NSCE for the trail points.   

In the fourth scenario, both the vegetation and porosity adjustments were allowed for the 

trail locations.  Again, all parameters were kept at the values of the first scenario except the 

vegetation adjustment parameter 𝜁𝑇 and the porosity adjustment parameter 𝜌𝑇, which were 

calibrated to maximize the space-time NSCE for the trail points.   

 



16 

 

3 RESULTS 

 

 

 

3.1 Observed Topography and Vegetation 

Figure 4 shows the histograms of the topographic and vegetation characteristics across all 

the trail and paired landscape sampling locations.  The topographic characteristics evaluated here 

are the most important ones in the EMT+VS model including elevation, log of specific 

contributing area, slope, and the cosine of aspect.  The last two characteristics affect the potential 

solar radiation index.  Curvature is used to predict soil depth but has little effect on the model 

results.  The distributions show that characteristics at trail sampling locations are generally 

similar to those at the paired landscape locations.  However, the log of contributing area is higher 

on average for trails than paired landscape locations (because the paired landscape locations are 

upslope of the trails). 
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Figure 4.  Histograms of (a) elevation, (b) log of specific contributing area, (b) slope, (c) cosine 
of aspect, and (d) enhanced vegetation index for all locations within the SMAP grid cell, all trail 

locations, and the trail sampling locations. 
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3.2 Observed Soil Compositions 

Figure 5 shows histograms for the fractions of sand, silt, clay, and organic matter across 

the paired trail and landscape sampling locations.  Overall, sand is the dominant particle size, 

followed by silt.  The trail locations typically have lower silt content and greater sand content 

than the paired landscape locations.  On average, the silt fraction is 0.11 lower at trail sites than 

landscape sites.  On average, the sand fraction is 0.12 higher at trail sites than landscape sites.  

The reduction in silt for trail locations may occur because trails have less vegetation cover, 

which exposes the surface to greater wind and water erosion (removing the easier-to-transport 

silt particles).  For a different field site in the Front Range of Colorado, Ranney et al. (2015) also 

observed less silt at locations where vegetation cover is thinner.  The higher sand fraction is 

partially a consequence of the lower fraction of silt because the sand, silt, and clay fractions sum 

to one.  Organic matter is also slightly lower (0.001) for trail locations than landscape locations, 

which is expected from the lower vegetation cover on trails.   

Figure 5e directly compares the sand, silt, clay, and organic matter values for individual 

pairings of landscape and trail points.  For the sand, silt, and clay fractions, the correlations 

between the paired trail and landscape values are 0.52, 0.55, and 0.43, respectively.  These values 

suggest that a higher fraction of sand, silt, or clay at a landscape point has some association with 

a higher value at the associated trail point, but substantial random differences also occur.  For the 

organic matter, the correlation between the paired trail and landscape locations is 0.05, which 

suggests almost no association between the landscape and trail conditions.    
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Figure 5.  Histograms of the (a) sand, (b) silt, (c) clay, and (d) organic matter fractions for paired 
landscape and trail sampling locations. (e) Comparisons of the sand, silt, clay, and organic matter 

fractions for individual pairs of trail and landscape locations.  LS denotes landscape, and 𝑟 
denotes correlation coefficient. 

 

3.3 Observed Porosity 

Figure 6a shows the histograms of porosity for the paired trail and landscape locations.  

The porosity values for the landscape locations are highly variable, exhibiting a total range of 

0.89.  Although high porosity values can occur in highly organic soils (Rezanezhad et al., 2016), 

the porosities near one and close to zero in Figure 6a are likely due to measurement errors.  The 

porosity values for the trail locations are much less variable (the range is 0.36).  The smaller 

range could suggest that vehicle traffic has a homogenizing influence on porosity and/or that 

measurement errors are lower for trails.  The primary source of measurement error in the 

porosity values is the estimation of the excavated volume in the sand cone method (which is used 

to determine the dry density).  On average, the porosity at the trail sites is 0.05 lower than at the 

landscape sites or 86% of the porosity of the paired landscape sites.  The lower porosity is 

expected because vehicle traffic compacts the soil matrix.  The small difference in the average 
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porosities of the trail and landscape locations is likely due to the coarse-grained soil.  Figure 6b 

compares the porosities for the individual pairings of trail and landscape locations.  The 

correlation coefficient 𝑟 = 0.43 suggests that the landscape porosity has only a weak association 

with the adjacent trail porosity.   

 

Figure 6. (a) Histograms of porosity for paired landscape and trail sampling locations and (b) 
comparison of porosities for individual pairings of landscape and trail locations.  LS denotes 

landscape, and 𝑟 denotes correlation coefficient. 
 

3.4 Observed Soil Moisture 

Figure 7 shows maps of the observed soil moisture values for the unpaired landscape 

locations in Regions B and C and the paired trail and landscape locations.  For the paired 

locations, each inner circle indicates the trail soil moisture, and each outer circle indicates the 

paired landscape soil moisture.  The paired landscape soil moisture shown in these maps is from 

the HydraProbe.  The first two dates have moderate soil moisture, the middle two dates have 

high soil moisture (with June 14 being the wettest date), and the last two dates have low soil 

moisture (with July 25 being the driest date).  Overall, locations in the valley bottoms tend to 

have wet conditions for all sampling dates, while the other locations vary between dates.   
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Figure 7.  Volumetric soil moisture values derived from oven drying at paired trail points as well 
as volumetric soil moisture values from HydraProbe measurements at paired landscape points 

and unpaired landscape points in Regions B and C for all sampling dates.  The reported averages 
are from the HydraProbe observations for Regions B and C. 

 

Figure 8a-8f shows the histograms of observed soil moisture (volumetric water content) 

at paired trail and landscape locations for the six sampling dates.  Overall, the soil moisture is 

lower for the trail locations than the landscape locations, and the largest difference is observed 

for 2023-06-14, which is the wettest date.  Considering all dates, the soil moisture of the trail 

locations is 0.02 cm3/cm3 smaller than (or 88% of) the soil moisture of the paired landscape 



22 

 

locations when the paired landscape soil moisture derived from the oven drying method.  The 

average ratio of the trail and paired landscape soil moisture is 0.72, 1.47, 0.77, 0.77, 0.63 and 

0.89 for the six sampling dates using the oven drying data.  When the HydraProbe soil moisture 

is used for the landscape locations, the trail soil moisture is on average 0.04 cm3/cm3 smaller 

than (or 73% of) the paired landscape soil moisture.  The average ratio of the trail and paired 

landscape soil moisture is 0.68, 0.77, 0.57, 0.69, 0.64, and 1.04 for the six sampling dates using 

the HydraProbe data.   

Figure 8g compares the soil moisture (volumetric water content) at individual pairs of 

trail and landscape locations using data from the oven drying method for the landscape locations.  

Figure 8h makes the same comparison using the HydraProbe data for the landscape locations.  

Higher correlations are typically observed between the soil moisture at the paired trail and 

landscape locations on drier dates.  For example, using the soil moisture derived from the oven 

drying method, 𝑟 is 0.81 and 0.87 for July 25th and September 9th, respectively (the two driest 

dates).  In contrast, 𝑟 is 0.38 and 0.45 on June 14th and July 7th, respectively (the two wettest 

dates) using the soil moisture derived from gravimetric measurements.  When using the 

HydraProbe data, the correlations are still typically higher for the drier dates, but the correlations 

are more inconsistent. 
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Figure 8.  Histograms of soil moisture for paired trail and landscape locations on (a) 2023-05-09, 
(b) 2023-06-01, (c) 2023-06-14, (d) 2023-07-07, (e) 2023-07-25, and (f) 2023-09-12.  

Comparisons of the soil moisture at individual pairings of trail and landscape locations (g) 
derived from oven drying and (h) from the HydraProbe. 

 

3.5 EMT+VS Model Results 

The calibrated parameter set for each EMT+VS model scenario is shown in Table 1.  For 

Scenario 2, the vegetation adjustment parameter is calibrated to 0.78, which indicates that the 

original fractional vegetation cover in trail cells is multiplied by 78% to estimate the vegetation 

cover on the trails.  Although no field measurements of vegetation cover were collected, visual 

inspections indicate that almost no vegetation cover occurs in the wheel tracks of the trails.  

Thus, this calibrated value likely overestimates the extent of trail vegetation cover.  In Scenario 

3, the porosity adjustment was calibrated to a value of 0.83 (the trail porosity is 83% of the 

landscape porosity).  This number is very close to the 86% that was observed from the field 
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measurements.  In Scenario 4, both the vegetation and porosity adjustments were allowed, and 

they each calibrated to 0.86 and 0.90, respectively.   

Table 1.  Calibration limits and calibrated parameter values for each EMT+VS model scenario 

Parameter 

  Calibration 

Limits 
Calibrated Parameters for Model Scenarios 

  

Lower  Upper  
1.  Non-

Adjusted  

2.  Veg.  

Trail 

Adjustment 

3.  Porosity 

Trail 

Adjustment 

4.  Veg.  & 

Porosity 

Trail 

Adjustments 

Porosity ϕ   0.20 0.45 0.45 0.45 0.45 0.45 

Horizontal pore disconnectedness γh   1.00 36.0 1.00 1.00 1.00 1.00 

Vertical pore disconnectedness γv   6.00 36.0 35.1 35.1 35.1 35.1 

Radiative ET exponent βr   0.10 5.00 1.77 1.77 1.77 1.77 

Aerodynamic ET exponent βa   0.10 5.00 0.10 0.10 0.10 0.10 

Priestly-Taylor coef.  minus one α   0.10 0.40 0.18 0.18 0.18 0.18 

Relation of hydraulic to topographic 

gradient ϵ 

  
0.10 3.00 1.46 1.46 1.46 1.46 

Portion of soil from transpiration layer η   0.00 1.00 0.01 0.01 0.01 0.01 

Vertical saturated hydraulic conductivity Ks   1.00 7000 2725 2725 2725 2725 

Anisotropy of sat. hydraulic conductivity ι   1.00 700 700 700 700 700 

Minimum topographic curvature with soil κ0 

  
-9999 -0.36 -3203 -3203 -3203 -3203 

Interception efficiency λ   0.00 1.00 1.00 1.00 1.00 1.00 

Shading effect on soil evaporation μ   1.00 10.0 4.52 4.52 4.52 4.52 

Potential evapotranspiration (PET)  Ep̅̅ ̅   3.00 8.00 3.00 3.00 3.00 3.00 

PET elevation dependence ω   -0.0015 0.0015 0.00 0.00 0.00 0.00 

Vegetation adjustment factor for porosity χ   0.00 0.50 0.14 0.14 0.14 0.14 

Trail vegetation multiplier ζT   0.00 1.00 N/A 0.78 N/A 0.86 

Trail porosity multiplier ρT   0.00 1.00 N/A N/A 0.83 0.90 

 

Figure 9 shows the soil moisture patterns produced by the EMT+VS model for the four 

scenarios.  The non-adjusted model (Figure 9a and 9b) estimates slightly drier conditions on the 

trails than nearby landscape locations, but the difference between the trail and landscape 

moisture values is subtle.  In the non-adjusted model, vegetation increases the porosity (𝜒 > 0) 

and shades the surface (𝜇 > 1), which reduces soil evaporation.  Both effects increase soil 

moisture where vegetation is thicker.  Because trail cells tend to have lower vegetation cover 

than undisturbed landscape cells, they tend to be drier.  In Scenario 2, the vegetation cover of 

trail cells is further reduced, which promotes even drier conditions in those cells.  In Scenario 3, 
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the porosity of trail cells is reduced, which also promotes drier conditions.  Lower porosity 

produces drier conditions because the hydraulic conductivity is calculated as a function of the 

soil moisture divided by the porosity.  If the porosity is lower, a lower soil moisture is sufficient 

for the outflows from the soil to balance the infiltration.  In Scenario 4, the trails are drier than 

Scenario 1 again, but less so than in Scenario 3. 

Figure 10 compares the observed and estimated soil moisture values at the trails for the 

four model scenarios.  For Scenario 1, the model typically overestimates the observed soil 

moisture values at the trails.  This result occurs because this scenario was calibrated using only 

the landscape locations, and the field observations show that trails tend to be drier than landscape 

locations.  For Scenarios 2 and 3, somewhat better agreement is observed between the 

observations and model at the trails because the model includes calibrated adjustments to 

reproduce the trail moisture conditions.  Scenario 4 shows similar agreement with the field 

observations as Scenarios 2 and 3.  All four scenarios show substantial scatter around the 1:1 

line, which suggests that the soil moisture estimates for the trails include noteworthy errors. 
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Figure 9.  Fine resolution soil moisture maps produced by the EMT+VS model for the wettest 
sampling date (2023-06-14; left side of figure) and driest sampling date (2023-07-25; right side 
of figure).  Parts (a and b) show the non-adjusted EMT+VS model, (c and d) show the model 

with the vegetation trail adjustment, (e and f) show the model with the porosity trail adjustment, 
and (g and h) show the model with both vegetation and porosity adjustments. 
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Figure 10.  Comparison of field observations and EMT+VS estimates of trail soil moisture for 
(a) the non-adjusted model, (b) the model with the vegetation trail adjustment, (c) the model with 

theu porosity trail adjustment, and (d) the model that allows both vegetation and trail 
adjustments. 

 

The accuracy of each model was evaluated using the mean bias error (MBE), root mean 

squared error (RMSE), average spatial NSCE, and space-time NSCE (Table 2).  The average 

spatial NSCE examines how well spatial variability is reproduced by the downscaling model, 

while the space-time NSCE examines how well both spatial and temporal variations are 

reproduced.  The MBE for the non-adjusted model at landscape and trail locations was 0.018 

cm3/cm3 and 0.054 cm3/cm3, respectively, which indicate overestimation of the soil moisture, 
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with higher overestimation at trail locations.  For the non-adjusted model, the RMSE is 0.080 

cm3/cm3 for landscape locations.  This RMSE is larger than the RMSE reported by Fischer 

(2024) when they considered four regions with undisturbed landscape locations and soil moisture 

observations from 2022 (their RMSE was 0.066 cm3/cm3).  The lower performance seen here 

could occur because the conditions were much wetter and diverse in 2023 than 2022.  It could 

also occur because a late summer EVI image had to be used due to spring cloud cover, and 

Fischer (2024) found that using a spring image improves performance.  For the non-adjusted 

model, the RMSE at the trail locations (0.104 cm3/cm3) is higher than the landscape locations.   

For Scenarios 2, 3, and 4, the MBE at trail locations is reduced to 0.032, 0.032, and 0.028 

cm3/cm3, respectively.  This indicates that the trail adjustments allow the model to better predict 

the soil moisture at the trails.  The MBE at landscape locations remains static because trail 

adjustments were not applied to those locations.  The space-time RMSE at the landscape 

locations is also unchanged because the trail adjustments do not apply to landscape locations and 

all other parameters remain unchanged from Scenario 1.  Small improvements in RMSE are 

observed for the trail locations for Scenarios 2, 3, and 4 compared to the non-adjusted model in 

Scenario 1.  The average spatial NSCE remains nearly the same on trails when comparing 

Scenario 1 to Scenarios 2 and 4, but greater improvement is observed for Scenario 3.  However, 

the space-time NSCE shows more substantial improvements for the trails when comparing the 

trail adjusted scenarios to the non-adjusted model.  Thus, even though considerable errors remain 

for the trails in Scenarios 2, 3, and 4, more space-time variation is explained when the trail 

adjustments are included.   
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Table 2.  Performance statistics for four EMT+VS model scenarios at the landscape locations in 
Regions B and C and the trail locations 

 

Scenario 

MBE  

(cm3/cm3) 
RMSE  

(cm3/cm3) 
Average Spatial 

NSCE (cm3/cm3) 
Space-Time  

NSCE (cm3/cm3) 
B and C Trails B and C Trails B and C Trails B and C Trails 

1.  Non-adjusted model 0.018 0.054 0.080 0.104 0.650 0.444 0.697 0.399 

2.  Vegetation adjustment 0.018 0.032 0.080 0.102 0.650 0.442 0.697 0.423 

3.  Porosity adjustment 0.018 0.032 0.080 0.098 0.650 0.506 0.697 0.472 

4.  Veg. and Por. adjustments 0.018 0.028 0.080 0.101 0.650 0.443 0.697 0.429 
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4 DISCUSSION 

 

 

 

Previous studies have shown that vehicle traffic reduces vegetation cover and porosity on 

trails.  However, as shown in Figure 1, the net effect of these alterations on the soil moisture of 

trails is unclear (they could lead to higher or lower soil moisture).  In this study, field 

measurements show that trail locations typically have lower soil moisture than paired landscape 

locations.  These results suggest that the combined effects of greater wind exposure, reduced 

shading, and lower infiltration (all of which reduce the soil moisture) are stronger than the 

combined effects of reduced interception, reduced root-water uptake, and reduced drainage (all 

of which increase soil moisture).  Furthermore, the model produced drier conditions when either 

the vegetation or the porosity was reduced.  When vegetation is reduced in the model, the effect 

of less shading outweighs the effects of less interception and less root-water uptake (wind 

exposure is not represented in the model).  Vegetation also affects the porosity in the EMT+VS 

model.  When porosity is reduced, the reduction in drainage produces drier soil moisture 

conditions because infiltration is not related to the porosity. These observations and model results 

consider primarily herbaceous vegetation, coarse-grained soils, and traffic by relatively 

lightweight vehicles (pickup trucks).  Different results could occur in different settings. 
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5 CONCLUSIONS 

 

 

 

In this study, the EMT+VS soil moisture downscaling model was generalized to 

explicitly consider the soil moisture of vehicle trails.  Specifically, methods were included that 

can reduce the vegetation cover and porosity for known trail locations.  The model was tested by 

application to the Maxwell Ranch study region, which has been previously used to test soil 

moisture downscaling and soil strength models for undisturbed landscape locations.  The region 

is semiarid and has coarse-grained soils.  Maxwell Ranch also includes ~46 km of well-

developed trails.  Porosity and soil moisture were measured at 30 paired trail and landscape 

locations, which were selected to have diverse topographic and vegetation conditions.  For the 

conditions considered in this study, the following conclusions can be made:  

1. Based on field observations, the trails have less silt and more sand than the paired 

landscape locations.  Trails may have less silt because their reduced vegetation cover 

exposes the surface to wind and water erosion.  This exposure may preferentially 

remove silt particles because they are easier to transport than sand.  Less silt was also 

observed for a nearby study region for undisturbed locations that had less vegetation 

cover (Ranney et al., 2015). 

2. The trail locations have lower observed porosities than the paired landscape locations.  

On average, the porosity of the trail locations is 86% of the paired landscape 

locations.  The lower porosities likely occur due to the compaction of the trails by 

vehicle traffic.  The porosities of the trail and landscape points are relatively similar 

because the soils in the study region are coarse-grained and usually dry and are thus 

strong under compression (Bullock, 2023). 
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3. Trails in the study region typically have lower observed soil moisture than the paired 

landscape locations.  Specifically, the trails on average have 73-88% of the moisture 

of the paired landscape locations.  The lower soil moisture can be explained by the 

lower porosities, which increase drainage on the trails.  The lower soil moisture can 

also be explained by the visibly lower vegetation cover of the trails, which allows 

more insolation and therefore more soil evaporation than the landscape locations.  

Other phenomena might also contribute to the drier soil conditions of trails.   

4. When vegetation and porosity trail adjustments are included in the EMT+VS model, 

EMT+VS more accurately explains the soil moisture of the trail locations than a non-

adjusted model that is calibrated to only undisturbed landscape locations.  The trail 

adjustments also produce trails that are drier than the adjacent landscape, which is 

consistent with the field observations.  The calibrated vegetation adjustment produces 

higher vegetation cover than visual inspection suggests, while the calibrated porosity 

adjustment is similar to the field observations.  Even with the vegetation and porosity 

adjustments, the errors are higher at the trail locations than the landscape locations.  

This result suggests that the machine-ground interaction increases the uncertainty of 

the soil moisture estimates for trails relative to the undisturbed landscape. 

The results of this study are expected to apply only to regions with similar conditions to 

the study region.  Future research should test the applicability of the trail adjustments for regions 

with wetter climates and/or fine-grained soils.  This study did not consider trail locations with 

engineered materials, culverts, rutting from vehicles, or rilling from erosion.  Microtopography 

of trails is expected to change their soil moisture.  The results of this study may also depend on 

size of the trails relative to the EMT+VS model resolution, which was 10 m in this study.  As the 



33 

 

resolution of remote sensing data becomes finer, the vegetation cover of the trails is expected to 

be captured more accurately.  Thus, vegetation adjustment on trails may become less necessary.  

Trails generated by heavier vehicles (farm or military equipment) should also be considered.  

Additionally, future research should test the abilities of automatically detecting trails for 

modeling trail adjustments. The implications of this study on the strength of trail soils should 

also be considered.  More accurate soil moisture estimates on trails will improve soil strength 

estimates, but the magnitude of the improvement is unclear. Finally, the implications for vehicle 

mobility and routing across the landscape could also be studied.   
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