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ABSTRACT 
 

 

 

IMPROVING SOIL PROPERTY PREDICTIONS FOR APPLICATIONS IN TAILINGS AND 

TERRAMECHANICS 

 

 

 

Soil properties are used by engineers and scientists to better understand the state and 

behavior of soils. For example, soil properties can be used to estimate surficial soil strength for 

vehicle mobility models and can be used to better understand the engineering characteristics of 

mine waste (tailings) stored in tailings storage facilities. Soil and tailings properties often have 

high spatial variability and often require high resolution data for engineering analyses. Standard 

laboratory procedures are commonly used to determine soil properties but are often impractical 

for large spatial extents. While some existing soil data products provide estimates of surficial soil 

properties, the fidelity of soil data products is often poorly understood and insufficient for many 

applications. Additionally, some field tests used to estimate soil properties, such as the cone 

penetration test (CPT), rely on empirical correlations that cannot be used for some soils. There 

remains a need for procedures which improve the speed and accuracy of soil property estimates 

across large spatial extents. The objectives of this study are to (i) evaluate how surficial soil 

moisture and soil strength vary with soil and landscape attributes across a large spatial extent, (ii) 

explore the use of field-based hyperspectral sensing and machine learning for the prediction of 

surficial soil properties across a landscape, and (iii) assess the use of laboratory hyperspectral 

sensing and machine learning for the prediction of tailings properties for potential application in 

situ via direct push methods. Soil and landscape attributes were determined at sampling locations 

across a semi-arid foothills region and used to assess how soil moisture and soil strength vary 
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with soil and landscape attributes. Then, hyperspectral data were captured at select sampling 

locations and used to train and assess the performance of a convolutional neural network (CNN) 

for the predictions of soil properties. Finally, a diverse tailings-hyperspectral dataset was 

prepared in the lab and used to train and assess a CNN to provide proof of concepts for 

prediction of material properties relevant to TSF stability analyses.   
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EXECUTIVE SUMMARY 

 

 

 

Introduction 

Spatially extensive information on soil properties is needed for a range of geotechnical 

and terramechanics applications including the prediction of vehicle mobility across terrain and 

for the design and management of tailings storage facilities (TSF). Specifically, assessing soil 

properties for vehicle mobility and tailings applications requires fine resolution data across large 

spatial extents. However, determining fine resolution soil properties across large spatial extents 

can be costly, time intensive, and may not be practical in many applications.  

Vehicle mobility applications require fine resolution (5- to 30-m) estimates of surficial 

soil strength, which is informed by soil moisture, particle size distribution, soil plasticity, and 

other soil characteristics. Soil moisture estimates are available nearly globally at coarse 

resolutions (9-60-km) (Njoku et al., 2003; Kerr et al, 2010; O’Neill et al., 2010) from microwave 

satellites and various downscaling procedures can be used to obtain fine resolution soil moisture 

estimates (10- to 30-m) (Merlin et al., 2006; Coleman and Niemann, 2013; Peng et al., 2016; 

Sadeghi et al., 2017; Fang et al., 2018). Many soil moisture downscaling procedures rely on the 

relationship between soil moisture and topographic, soil, and vegetation attributes (Coleman and 

Niemann, 2013; Ranney et al, 2015; Cowley et. al, 2017; Deshon et al., 2020). However, these 

modeling procedures assume the relationship of soil moisture with topographic, vegetation, and 

soil attributes is constant throughout a downscaling extent. Studies have explored how soil 

moisture relationships vary spatially with soil and topographic attributes in small catchments 

(Mohanty et al., 2000; Western et al., 2004; Lin et al, 2006; Kim et al., 2007; Rosenbaum et al., 

2012; Mascaro et al., 2011; Liang et al., 2017), however, there is a poor understanding of how 

soil moisture relationships vary within a coarse-resolution microwave remote sensing grid cell. 
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An improved understanding of spatial variability in these relationships may better inform soil 

moisture downscaling procedures and corresponding soil moisture estimates, therefore providing 

a higher quality input into soil strength and vehicle mobility models. The first objective of this 

study is to evaluate how soil moisture and soil strength relationships vary with topography, 

vegetation, and soil attributes within a microwave remote sensing grid cell.  

Estimates of soil characteristics which help inform surficial soil strength are typically 

available from digital soil mapping (DSM) procedures, such as the Soil Survey Geographic 

Database (SSURGO) (Soil Survey Staff, 2023) and are used in soil moisture downscaling and 

soil strength modeling procedures (Coleman and Niemann, 2013; Ranney et al, 2015; Choi et al., 

2019; Pauly, 2019; Bindner, 2020; Bullock, 2023). However, the fidelity of DSM data is often 

unreported and may negatively impact the performance of soil moisture and soil strength 

modeling procedures. Laboratory procedures can be used to characterize relevant soil attributes, 

although this is typically impractical given the resolution of soil properties needed for soil 

strength and vehicle mobility modeling. Hyperspectral data captured in controlled laboratory 

environments have shown strong promise for characterizing soil properties (Gupta et al., 2016; 

Tsakiridis et al., 2020; Knadel et al., 2021; Purushothaman et al., 2024). However, collection of 

laboratory hyperspectral data requires field soil sampling and soil processing which can be time 

intensive. Field captured hyperspectral data using instruments mounted on vehicles or drones 

may provide faster data collection, although there is little understanding if field captured 

hyperspectral data on undisturbed surficial soils under natural lighting conditions can be used for 

the prediction of soil properties. The second objective of this study is to explore how 

hyperspectral data captured in field environments can be used to predict soil properties.  
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In addition to aerial extents, characterization of soil strength with depth is critical for 

understanding the stability of tailings in TSFs (Morrison, 2022). While tailings behavior can be 

characterized using in situ testing such as the cone penetration test (CPT), not all relevant tailings 

properties are predicted and estimates of tailings properties from CPT rely on empirical 

relationships. Undisturbed samples can be used for the laboratory characterization of tailings 

properties. However, obtaining enough undisturbed samples for characterization at high spatial 

resolutions is generally impractical providing the spatial extent of many TSFs. Hyperspectral 

imagery on ex situ samples has shown promise for the prediction of tailings properties including 

moisture content, solids content, and particle size distribution (Entezari et al., 2022). However, 

the use of hyperspectral imagery for the prediction of degree of saturation, void ratio, porosity, 

and density is not well understood. The third objective of this study is to assess how 

hyperspectral imagery and machine learning can be used to predict tailings properties relevant to 

TSF analyses.    

Methods and Materials 

A field site in northern Colorado was identified for study objectives related to surficial 

soil moisture and strength for vehicle mobility applications (objectives one and two). Sampling 

locations were identified at multiple geographically separated regions (Regions A-D) for soil 

moisture and strength sampling (n=86) and hyperspectral imaging (n=48). Soil moisture and soil 

strength data were collected at sampling locations on 10 dates during May-August of 2022 and 

hyperspectral data were collected on three dates in August-October of 2023. Soils at sampling 

locations were characterized using laboratory procedures to determine particle size distribution 

parameters, soil plasticity (liquid limit, plastic limit, and plasticity index), and organic content. 

Pedotransfer functions were used to estimate soil porosity and hydraulic conductivity based on 

soil PSD. Topography and vegetation at the sampling locations were characterized using remote 
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sensing products including the National Elevation Dataset (USGS, 2022) and Sentinel 2 satellite 

data (ESA, 2016). Hyperspectral data were collected using a broadband spectrometer (~300-1000 

nm).  

As part of the first objective of this study, correlation analysis was used to understand 

variability in the strength of soil moisture and soil strength relationships with topographic, 

vegetation, and soil attributes between regions. The regression slope of the relationships of soil 

moisture and soil strength with topography, vegetation, and soil were compared between regions 

to understand how these relationships deviate from average behavior.  

To achieve the second study objective, hyperspectral data were split into training and 

testing datasets using conditioned Latin Hypercube Sampling (cLHS). The training dataset was 

used to cross validate a convolutional neural network (CNN). The model was then trained on the 

entirety of the training dataset for the prediction of percent sand, percent silt, percent clay, 

organic content, liquid limit, plastic limit, and soil moisture. The model performance was 

evaluated using the testing dataset.  

To better understand the use of hyperspectral sensing for the characterization of tailings 

properties (viz. study objective three), tailings from a gold, silver, lead, and zinc producing mine 

were processed to obtain 100 artificial samples with unique particle size distributions. Each of 

the 100 samples were prepared to three unique moisture and density conditions and hyperspectral 

data were captured using a broadband spectrometer (350 – 2500 nm) and the properties of each 

sample were measured or calculated. The hyperspectral dataset was split into training and testing 

data. Training data were used to cross validate a CNN then train the model. Testing data were 

used to evaluate the performance of the model for the predication of percent sand, silt, clay, fines 
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content, solids content, gravimetric moisture content, volumetric moisture content, saturation, 

void ratio, porosity, total density, and dry density.  

Major Findings  

This study highlights the potential of remote sensing, machine learning, and spatial 

analysis techniques for advancing surficial soil property prediction and tailings characterization 

essential to large-scale applications. Each chapter of this study was prepared as a stand-alone 

document.  

In Chapter 1, soil moisture and soil strength correlations with topographic, vegetation, 

and soil attributes indicate the strength of the relationships can vary substantially within a 

microwave remote sensing grid cell. Soil moisture is strongly correlated to topography, 

vegetation, and soil in Region A, strongly correlated to vegetation and soil in Region C, and 

somewhat correlated to vegetation and soil in Region D. Correlations between soil moisture and 

topographic, vegetation, and soil attributes in Region B were generally weak. Soil strength has 

somewhat strong correlations with soil attributes in Region D but has poor correlations with soil 

and landscape attributes in all other regions. The regression slopes of the relationships between 

soil moisture and topographic, vegetation, and soil attributes are also observed to vary 

substantially within the microwave remote sensing grid cell. Region A has the greatest slopes for 

relationships between soil moisture and topography, and Regions A and C have greater slopes 

for relationships of soil moisture with vegetation and soil than Regions B and D. The variations 

in these relationships highlight the complexity of interactions between environmental factors and 

soil moisture and strength. Results indicate that soil moisture downscaling procedures, and 

associated soil strength modeling procedures, are likely to have suboptimal performance when 

constant parameters are used across a soil moisture downscaling extent.  
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In Chapter 2, field captured hyperspectral data and a CNN are successfully used to 

predict surficial soil properties. Soil property predictions from the CNN are compared with 

SSURGO predictions and results show that predictions from the CNN have lower errors than 

SSURGO predictions. Predictions of percent sand, silt, and clay using hyperspectral data have 

RMSEs of 10.8%, 7.5% and 8.5%, respectively, compared to SSURGO predictions of 11.0%, 

10.4%, and 9.4% respectively. The CNN modeling procedure also outperformed SSURGO 

predictions of organic content, liquid limit, and plastic limit with CNN RMSEs of 6.3%, 9.8% 

and 10.7%, respectively, and SSURGO predictions with RMSEs of 10.5%, 16.5% and 17.7%, 

respectively. Additionally, CNN predictions better capture the variability in soil properties than 

SSURGO for percent sand, percent silt, percent clay, organic content, liquid limit, and plastic 

limit, with the CNN resulting in better coefficients of determination (COD) compared to 

SSURGO for all compared soil properties. Finally, although SSURGO does not provide 

estimates of soil moisture, the CNN yielded an RMSE of 0.04 cm3/cm3 and an COD of 0.66 for 

soil moisture predictions. The use of field captured hyperspectral imagery under uncontrolled 

lighting conditions shows promise for the characterization of undisturbed surficial soil samples.  

In Chapter 3, hyperspectral data captured on tailings samples and a CNN are successfully 

used to predict tailings properties. Predictions from the CNN show promise for the estimation of 

tailings percent sand, percent silt, percent clay, fines content, solids content, gravimetric water 

content, volumetric water content, and saturation with RMSEs of 5.4%, 5.1%, 1.2%, 5.3%, 1.4%, 

2.2%, 2.8%, and 8.3%, respectively Additionally, the prediction of void ratio, porosity, total 

density, and dry density show promise (RMSEs of 0.23, 0.05, 0.16 Mg/m3, and 0.14 Mg/m3 

respectively), especially when samples have a high degree of saturation (RMSEs reduced to 0.01, 

0.03, 0.07 Mg/m3, and 0.07 Mg/m3 for saturations greater than 50%, respectively). The results 
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indicate hyperspectral sensing could serve as a method to rapidly characterize tailings properties 

relevant to geotechnical engineering.   
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1. SOIL MOISUTRE AND STRENGTH VARY WITH TOPOGRAPHY VEGETATION 
AND SOIL WITHIN A SMAP GRID CELL 

 

 

 

1.1. Introduction 

Understanding surficial soil strength across a landscape is important for assessing vehicle 

mobility for recreational, agricultural, and military purposes (Wulfohn et al., 1996; Priddy et al., 

2012; Uusitalo et al., 2018; Schönauer et al., 2022). However, soil strength can be highly 

variable spatially and temporally due to variations in soil moisture and soil texture (percent 

gravel, sand, silt, and clay) (Fredlund, 2006). Therefore, fine-resolution (5- to 30-m) soil strength 

estimates are required.  

For vehicle mobility applications, surficial soil strength is commonly quantified using the 

Rating Cone Index (RCI), which is calculated by multiplying the cone index (CI) by the remold 

index (RI) (Stevens et al., 2013). Cone index can be measured in the field by pressing a cone 

penetrometer into the soil profile at a constant rate and measuring the pressure required to 

advance the cone. The remold index quantifies the tendency of a soil to lose strength under 

vehicle loading and is determined on a remolded soil sample (Stevens et al., 2013). For coarse 

grained soils, the RI is 1, so RCI and CI are interchangeable.  

Field measurement of RCI is impractical across large spatial extents, so the RCI is often 

inferred from soil composition and moisture information. For example, the Strength of Surface 

Soils (STRESS) model uses average soil strength and soil-water retention parameters for texture 

classifications to estimate fine resolution surficial soil strength (Pauly, 2019). Other soil strength 

modeling procedures include the North Atlantic Treaty Organization Reference Mobility Model 

(NRMM), which empirically estimates vehicle mobility based on vehicle, terrain, and 

environmental factors (Jurkat et al., 1975; Haley et al., 1979; Ahlvin and Haley; 1992). 
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McCollough et al. (2017) introduced the Next Generation NRMM (NG-NRMM), which 

implements complex terramechanics models (Choi et al., 2019) and requires a comprehensive 

understanding of soil properties. However, obtaining high fidelity fine resolution soil moisture 

and soil composition data can be difficult. 

Soil moisture products are available nearly globally at resolutions ranging from 9- to 60-

km grid cells from microwave satellites. Such products are generated by the Advanced 

Microwave Scanning Radiometer-EOS (AMSR-E) (Njoku et al., 2003), Soil Moisture Ocean 

Salinity (SMOS) (Kerr et al, 2010), and Soil Moisture Active Passive (SMAP) (O’Neill et al., 

2010) instruments. However, these datasets do not have the fine spatial resolution needed for soil 

strength and vehicle mobility modeling. Various methods have been proposed to downscale 

coarse resolution soil moisture data. Coarse resolution microwave data has been downscaled to 1 

km grid cells based on fine-resolution soil temperature and land-atmosphere interaction 

parameters (Merlin et al., 2006). Optical/thermal data are available at fine resolutions (tens of 

meters) and can be used to directly estimate fine resolution soil moisture based on vegetation 

indices from optical data and land-surface temperatures from thermal data (Sadeghi et al., 2017). 

Data from optical/thermal sources have also been used for soil moisture downscaling procedures 

(Peng et al., 2016; Fang et al., 2018). Other approaches for downscaling soil moisture rely on 

relationships between soil moisture and topographic, vegetation, and soil attributes. For example, 

the Equilibrium Moisture from Topography, Vegetation, and Soil (EMT+VS) model (Coleman 

and Niemann, 2013; Ranney et al, 2015; Cowley et. al, 2017; Deshon et al., 2020) can be used to 

downscale soil moisture to 10- to 30-m grid cells using fine-resolution topographic, vegetation, 

and soil data.  
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Some soil moisture downscaling methods that are informed by soil and landscape 

attributes currently assume the relationships between soil moisture and topography, vegetation, 

and soil composition are constant throughout a coarse resolution grid cell (Cowley et. al, 2017). 

Ali et al. (2010) studied the spatial relationships between soil moisture and topographic variables 

at different scales and found that for larger extents (0.54 ha – 1.4 ha), the dependence of soil 

moisture on topography is significant, but for smaller extents (0.02 ha – 0.54 ha), topography 

does not have strong correlations to soil moisture. Furthermore, soil moisture estimates can be 

inaccurate when model parameters are adjusted uniformly for the entire modeling extent 

(Mascaro et al., 2011), which indicates non-uniform relationships between soil moisture and soil 

and landscape attributes. Yu et al. (2018) conducted statistical analyses on the effects of micro-

topography and vegetation type on soil moisture in a large gully (49 ha) and found that soil 

moisture has varying dependence on topographic attributes, depending on the location within the 

catchment. Additionally, Liang et al. (2017) studied the dependence of soil moisture on 

topographic, soil, and vegetation features at a site (0.16 ha) within a small headwater catchment 

and determined that soil moisture is most strongly correlated with different topographic, soil, and 

vegetation features within various portions of the catchment. While such studies have 

highlighted the variability in soil moisture dependencies within small spatial extents (Mohanty et 

al., 2000; Western et al., 2004; Lin et al, 2006; Kim et al., 2007; Rosenbaum et al., 2012), there 

is less understanding of how soil moisture and soil strength dependencies vary among different 

regions within the spatial extent of a microwave remote sensing grid cell. An improved 

understanding of how these dependencies vary within such extents may better inform soil 

moisture and associated soil strength modeling procedures.  
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The objective of this study is to examine the spatial variability in the dependence of both 

soil moisture and soil strength on topographic, vegetation, and soil composition attributes across 

a 9-km SMAP grid cell. Four geographically separated regions with varying soil, topography, 

and vegetation were selected within a 9-km region. Soil moisture and soil strength were 

measured at 86 sampling locations on 10 dates between May and August of 2022. Soil samples 

were collected at each sampling location and used to determine soil texture, plasticity, and 

organic content. Landscape attributes were derived from a digital elevation model (DEM), and 

vegetation indices were determined from multispectral satellite products. The Pearson correlation 

coefficient (𝑟) was used to quantify the dependence of soil moisture and soil strength on soil and 

landscape attributes within each sampling region, and Pearson p-values were used to assess the 

statistical significance of the correlations. To assess how the significant relationships deviate 

from the average behavior, the relationship slopes in each region were compared to the slopes for 

the entire dataset. 

1.2. Materials and Methods 

1.2.1. Study Site 

The study site (Maxwell Ranch) is approximately 50 km northwest of Fort Collins, 

Colorado in the Laramie Foothills, which mark the transition between the Great Plains and the 

Rocky Mountains. Maxwell Ranch includes 4000-ha of land, spanning approximately 9 km in 

both the north-south and east-west directions. Elevations at the site range from 1964 m to 2286 

m with an average slope of 0.22 m/m. Soils are predominately coarse loams weathered from 

granite and (to a lesser extent) sandstone. Vegetation includes grasses, shrubs (primarily 

Antelope Bitterbrush and Mountain Mahogany), and pine forests (primarily Ponderosa and Piñon 

pine) (MRLC, 2019).  
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Four sampling regions (A, B, C, and D) were identified to capture the varying topography, 

vegetation, and soil conditions at the study site (Figure 1.1a). Region A, located in the 

northernmost portion of the study site, is characterized by forested hillslopes and a grassy valley 

bottom with a stream (Figure 1.1b). Region B consists of rolling hills and open-canopy 

Ponderosa pine forests (Figure 1.1c). Region C is comprised of rolling grassland hills with a 

grassy valley bottom containing a stream (Figure 1.1d). Region D is located near the southern 

boundary of the study site and is predominately vegetated by Mountain Mahagony shrubs and 

has several rock outcrops (Figure 1.1e). Within each region, sampling locations were selected to 

observe diverse soil, topography, and vegetation conditions. Regions A, B, C, and D contain 22, 

22, 24, and 18 sampling locations, respectively.  

The site is in a semi-arid continental climate and receives approximately 430 mm of 

annual precipitation, with most precipitation events occurring during the winter as snowfall. Soil 

moisture and strength sampling were conducted between May and August of 2022 to avoid the 

frozen soil and snow cover that can occur during winter. A private weather station (KCOLIVER 

12) is located immediately west of the ranch. Figure 1.2 shows the daily precipitation during the 

sampling period and average soil moisture (𝜃̅) at the sampling locations (HydraProbe) and for 

the SMAP extent on each sampling date. Sampling dates were selected to capture a wide range 

of soil moisture conditions. Two major precipitation events occurred before sampling on 06-02 

(MM-DD) and 07-27, and two dry-down periods occurred approximately from 06-01 to 07-05 

and from 07-28 to 08-05 (Figure 1.2). The difference between HydraProbe average soil moisture 

and SMAP soil moisture was generally less than 0.05 cm3/cm3. The greatest difference is 

observed on 07-05 because a precipitation event occurred within the SMAP grid cell but not at 

the sampling regions.  
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Figure 1.1 (a) Map of Maxwell Ranch including ranch boundary, study regions, weather station, 
and sampling locations (map extent corresponds to a SMAP 9-km grid cell); (b-e) maps of 
Regions A, B, C, and D with corresponding sampling locations and photos at each region.  
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Figure 1.2. Daily precipitation, average soil moisture at sampling locations (HydraProbe), and 
SMAP soil moisture for sampling dates in 2022. SMAP soil moisture was determined using the 
Enhanced Level 3 Radiometer data product (Chan et al., 2018; O’Neill et al., 2021). SMAP data 
were unavailable for 05-27. Precipitation data were recorded by the KCOLIVER 12 weather 
station. Dashed vertical lines represent sampling dates.  

1.2.2. Data Collection 

1.2.2.1.Topography and Vegetation Characterization 

Remote sensing data products were used to characterize topography and vegetation at the 

sampling locations and the 9-km region associated with the SMAP Enhanced Level 3 

Radiometer product (Chan et al., 2018; O’Neill et al., 2021). The DEM was obtained at 10-m 

resolution from the National Elevation Dataset (USGS, 2022) and processed using the Terrain 

Analysis Using DEM tools in ArcGIS (TAUDEM) (Tarboton, 2008). Topographic attributes 

were selected based on prior use in soil moisture downscaling (Cowley et al., 2017; Eylander et 

al., 2023), including elevation, log of specific contributing area (log SCA), slope, cosine of 

aspect, and potential solar radiation index (PSRI) for the summer solstice, which is calculated 
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using slope, aspect, latitude, and date of the summer solstice (Lee, 1964; Swift, 1976; Dingman, 

2015).  

The density of green vegetation cover was characterized using multispectral imagery at 

10-m resolution from the Sentinel 2 satellite (ESA, 2016). Due to cloud cover on multiple dates 

during the sampling period, a single image from 05-26 was used to calculate the Normalized 

Difference Vegetation Index (NDVI) (Kriegler et al., 1969) and the Enhanced Vegetation Index 

(EVI) (Liu and Huete, 1995; Huete et al., 1997). NDVI is calculated using only the red and near-

infrared bands, while EVI also uses the blue band.  

Soil data were retrieved from the Soil Survey Geographic Database (SSURGO) and used 

to obtain U.S. Department of Agriculture (USDA) soil composition including percent sand, silt, 

and clay across the region (Soil Survey Staff, 2023).  

1.2.2.2.Soil Moisture Measurement  

Surface soil moisture (𝜃; cm3/cm3) measurements were recorded at each sampling 

location and date using a Stevens HydraProbe Soil Sensor (Stevens Water Monitoring Systems 

Inc., 2018). The HydraProbe has four 5.7 cm-long, 0.3 cm diameter measurement tines and uses 

dielectric impedance to determine soil moisture with an accuracy of ±0.03 cm3/cm3 and precision 

of ±0.001 cm3/cm3 (Stevens Water Monitoring Systems Inc., 2018). At each sampling location, 

three HydraProbe measurements were collected within approximately 1 m of the sampling 

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

1.2.2.3.Soil Strength Measurement 

Soil strength was measured using a cone penetrometer with a 1 in2 (6.45 cm2) cone and 

load cell with 0.1 psi (0.7 kPa) accuracy (Humboldt Mfg., 2023). The penetrometer cone tip was 

advanced into the soil at a constant rate until the cone base reached 1 in (2.54 cm) below the soil 

surface. The cone penetrometer measures the force required to advance the cone into the soil, 
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which can be divided by the cone area to produce CI. The RI was not measured for fine grained 

soils at the site (which are rare); therefore, the CI (kPa) is reported for strength measurements. 

Three cone penetrometer measurements were collected within approximately 1 m of each 

sampling location and averaged to determine the soil strength for that sampling location.  

1.2.2.4.Soil Texture Sampling  

Soil samples were collected at each sampling location for laboratory soil composition 

analysis. Three soil samples were collected within approximately 1 m of each sampling location 

and approximately within the top 5 cm of the soil surface. Vegetation and leaf litter were 

removed from the soil surface prior to sampling. The three soil samples collected at each 

sampling location were combined for laboratory analyses.  

1.2.2.5.Soil Characterization  

Sedimentation analysis was completed using the PARIO Soil Particle Analyzer to 

characterize the distribution of particles ranging in size from 2-63 µm according to the PARIO 

Classic Procedure (mass fraction detection error: ±0.03 g/g) (METER Group, 2017). 

Representative sedimentation specimens were obtained according to the moist specimen 

procurement procedure described in ASTM D7928 (ASTM International, 2021a). Data 

evaluation by the PARIO software is based on the integral suspension pressure method (Durner 

et al., 2017) and was used to determine percent sand, silt, and clay, after removal of gravel, based 

on the USDA particle size classifications. Porosity and saturated hydraulic conductivity 𝐾𝑠 were 

estimated using USDA percent sand and clay in pedotransfer functions (Cosby et al., 1984). 

Percent sand, silt, and clay from the sedimentation analysis were also used to classify the soil 

according to the USDA soil classification system (USDA, 1975). 

The distribution of soil particle sizes greater than 75 µm was characterized using 

mechanical sieve analysis, which was performed following ASTM D6913 (ASTM International, 
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2017c) standard. Representative sieve specimens were obtained according to the moist specimen 

procurement procedure, and the 25.4 mm, 19.0 mm, 9.5 mm, No. 4, No. 10, No. 20, No. 40, No. 

60, No. 100, and No. 200 sieves were used. Data from the mechanical sieve analysis were 

processed following the ASTM D6913 (ASTM International, 2017c) standard to obtain particle-

size distributions and related characteristics including the particle diameter corresponding to 

10% mass finer (𝐷10), 30% mass finer (𝐷30), 60% mass finer (𝐷60), and coefficient of uniformity 

(𝐶𝑢). The parameter 𝐶𝑢 is defined as the ratio of 𝐷60 to 𝐷10 and provides information about the 

soil gradation (i.e., sorting) where greater values correspond to more well graded (poorly sorted) 

soils.  

Soil plasticity testing is used to inform soil classification in the Unified Soil 

Classification System (USCS) for soils with more than 5% fines. Soil plasticity testing was 

conducted to obtain soil liquid limit (LL), plastic limit (PL), and plasticity index (PI) following 

ASTM D4318 (ASTM International, 2017b); samples were prepared using the dry preparation 

procedure. The LL was determined using the Multipoint Method, which typically has greater 

precision than the One-Point Method (ASTM International, 2017b). The PL was determined 

using the Hand Rolling procedure (ASTM International, 2017b). The USCS classification was 

determined following ASTM D2487 (ASTM International, 2017a) and based on the particle size 

distribution from mechanical sieve analysis as well as the LL and PI. 

Soil organic content was also determined. Organic content was calculated using ASTM 

D2974 Method A (ASTM International, 2020) to the nearest percent of total dry mass. 
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1.3. Results 

1.3.1. Remote Sensing Data 

Figure 1.3 shows the histograms of the topographic, vegetation, and soil composition 

attributes at the sampling locations and across the SMAP grid cell. For most attributes, the 

distribution at the sampling locations generally resembles the distribution across the SMAP grid 

cell. However, the sampling locations have more points at high elevations and steeper slopes 

than the larger SMAP grid cell. Additionally, unlike the SMAP grid cell, the sampling locations 

do not contain any locations with high clay content according to the SSURGO data (Figure 1.3). 

Figure 1.4 shows maps of topographic attributes, vegetation indices, and USDA percent 

sand, silt, and clay from SSURGO. The sampling points in Region D have the lowest average 

elevation (2067 m), while the points in Regions A, B, and C have similar average elevations 

(2163, 2172, and 2171 m, respectively). Regions A, B, C, and D have total reliefs of 85, 53, 69, 

and 72 m, respectively. The sampling points in Region B have a larger average log SCA (5.4 m) 

than the points in Regions A, B, and C (averages of 4.0, 4.2, and 3.8 m, respectively). The 

sampling points in Regions A and D have steeper slopes (averages of 0.28 and 0.20 m/m, 

respectively) than points in Regions B and C (averages of 0.17 and 0.16 m/m, respectively). 

Regions A and B tend to have more north- and south-facing sampling locations because the 

major valleys flow to the east. Regions C and D tend to have more east- and west-facing points 

because the main valleys flow to the south. The sampling points within all four regions tend to 

have similar ranges of PSRI values. Regions A and B tend to have higher NDVI values (averages 

of 0.22 and 0.22, respectively) than Regions C and D (averages of 0.20 and 0.18, respectively) 

due to greater forest cover. The EVI values follow similar patterns to the NDVI values. 

According to SSURGO, the soils are relatively uniform across the study site. However, Region 



 

 

19 

 

D is expected to have less sand and more silt than the other regions. Region C is expected to 

have the least silt, and Region A is expected to have the least clay.  

 
Figure 1.3. Histograms of the relative frequency of topographic, vegetation, and soil attributes 
for the SMAP grid cell (unhatched bars) and the sampling locations (hatched bars). Histograms 
include (a) elevation, (b) cos(aspect), (c) slope, (d) log SCA, (e) PSRI, (f) NDVI, (g) EVI, (h) 
SSURGO percent sand, (i) SSURGO percent silt, and (j) SSURGO percent clay. 
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Figure 1.4. Maps of (a) elevation, (b) cos(aspect), (c) slope, (d) log SCA, (e) PSRI, (f) NDVI, (g) 

EVI, (h) SSURGO percent sand, (i) SSURGO percent silt, and (j) SSURGO percent clay along 

with sampling locations and ranch boundary. 

1.3.2. Laboratory Soil Composition Data 

Figure 1.5a displays the USDA texture classifications of the soils collected at the 

sampling locations. Most soils are classified as sand, loamy sand, sandy loam, sandy clay loam, 

and loam, with a few soils classifying as clay, clay loam, and sandy clay loam. Contrary to 
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SSURGO, the soils from Region D have the highest average USDA percent sand (75%), which 

is approximately 10% higher than Regions A, B, and C (averages of 66%, 66%, and 65%, 

respectively). Regions B and C do not contain any soil classified as USDA sand. The soils from 

Regions A, B, C, and D have similar average USDA percent silt (20%, 20%, 23%, and 19%, 

respectively). Region C has the most silt, which again contrasts with SSURGO. The soils from 

Regions A and B have the highest average clay content (13% and 14%, respectively) while 

Region C and D have lower mean clay contents (8% and 5%, respectively). Region D soils 

classified as either USDA sand, loamy sand, or sandy loam, with all soils containing less than 

20% clay (Figure 1.5a). 

As displayed in the soil plasticity chart (Figure 1.5b), the collected soils generally have 

LL below 50 and plot below the A-line, which distinguishes between silts and clays. The 

predominant fines classifications are low plasticity silt and low plasticity organic (ML or OL). 

Soils at Regions A and C have the highest average soil plasticity (LL ≈ 50%; PL ≈ 42%), 

compared to LL ≈ 44% and PL ≈ 39% at Regions B and D. Using the USCS soil classification 

system, 67% of the sampling locations are classified as silty sands (SM), and 16% are classified 

as gravels. A few sampling locations are classified as high plasticity silt (MH), poorly graded 

sand (SP), and silty clayey sand (SC-SM). Several samples were classified as peat according to 

the ASTM D2487 (ASTM International, 2017a) standard. Soil organic content ranges from 1% 

to 70% at the sampling locations. Regions B and C contain greater average soil organic content 

(14% and 15%, respectively) compared to Regions A and D (9% and 8%, respectively).  
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Figure 1.5. (a) USDA soil texture classification for all sampling locations; (b) Atterberg limit 
summary for all sampling locations where CL is low plasticity clay, ML is low plasticity silt, CH 
is high plasticity clay, MH is high plasticity silt, OL is low plasticity organic material, and OH is 
high plasticity organic material.  

1.3.3. Soil Moisture and Strength Data 

Soil moisture observations from a representative wet date and dry date are shown in 

Figure 1.6. Overall, the sampling locations in the valley bottoms are wet throughout the study 

period while the sampling locations in the upland areas exhibit more temporal variability. 

Regions A and C tend to have higher average soil moisture than Regions B and D.  
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Figure 1.7 shows the histogram of soil moisture for each sampling region and date. Most 

soil moisture measurements are less than 0.25 cm3/cm3, with only a few measurements 

exceeding that value. Regions A and C have more sampling locations with soil moisture greater 

than 0.25 cm3/cm3 than the other regions. Region D contains very few wet observations. 

Sampling locations with the highest soil moisture were generally classified as USCS peat, which 

can have high porosity (Rezanezhad et al., 2016).  

Soil strength (CI) maps for a representative wet and dry date are shown in Figure 1.8. CI 

is highly variable among sampling locations and among dates at a given sampling location. 

Region C typically has greater CI values than the other regions, while Regions A, B, and D have 

more variability through time.  

Figure 1.9 shows the histograms of CI for each region and sampling date. Regions A and 

B typically have similar distributions of soil strength, while Regions C and D are more 

dissimilar. On every date, the distribution of at least one region differs notably from the 

distributions in the other regions. 
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Figure 1.6. Maps of soil moisture for each region on a dry date (06-23) and a wet date (07-29). 
symbols represent sampling locations and infill colors represent measured soil moisture.  
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Figure 1.7. Histograms of the soil moisture measurements collected in each region for each 
sampling date. Spatial average soil moisture (𝜃̅) (cm3/cm3) for the entire study site and each 
study region are shown in the subplots. Soil moisture was not measured for all regions on 05-27 
and 07-05 due to inclement weather. 
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Figure 1.8. Maps of CI for each region on a dry date (06-23) and a wet date (07-29). Symbols 
represent sampling locations and infill color represents measured cone index (CI). 
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Figure 1.9. Histograms of cone index (CI) measurements collected at each location for each 

sampling date. Average CI for the entire study site and each study region are shown within the 
subplots. Not all region’s CI was measured on 05-27, 06-02, and 07-05 due to inclement weather. 
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1.3.4. Relationships between Soil Moisture/Strength and Regional Attributes 

Figure 1.10a displays the correlations between the vegetation indices (NDVI and EVI) 

and the topographic attributes for each region. In Region A, the vegetation indices are 

significantly correlated with log(SCA), slope, and cos(aspect). The correlations indicate that 

thicker vegetation occurs in valley bottoms, flatter slopes, and north-facing aspects. In Region C, 

the vegetation indices are again significantly correlated with slope but also with PSRI (thicker 

vegetation is occurring at locations receiving more summer sun). The vegetation indices in 

Regions B and D generally have weak correlations with the topographic attributes. 

Figure 1.10b displays the correlations between the soil composition attributes and the 

topographic and vegetation attributes for each sampling region. Overall, the vegetation indices 

are stronger predictors of soil composition than the topographic indices. The correlations 

between the vegetation indices and soil attributes are stronger in Regions A and C and weaker in 

Regions B and D. EVI and NDVI typically have similar correlations to the soil attributes. The 

correlations between the topographic attributes and the soil attributes also vary among regions. 

Overall, they are strongest in Region A and weakest in Region C. In Region A, log SCA and 

cos(aspect) are the best predictors (among the topographic attributes) of soil composition. The 

correlations imply that finer soils tend to occur in valley bottoms and on north-facing slopes. In 

Regions B and D, slope and PSRI are the best predictors of the soil attributes with finer soils 

occurring on flatter slopes and slopes that receive more summer insolation. 
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Figure 1.10. (a) Pearson correlations of vegetation indices with topographic attributes for each 
region and (b) Pearson correlations of soil attributes with topographic and vegetation indices for 
each region. Correlations displayed with bold black text represent statistically significant 
correlations based on the Pearson p-value (p < 0.05). Other correlations are displayed in grey 
text.  

Figure 1.11 displays the correlations of soil moisture and soil strength to the topographic, 

vegetation, and soil composition attributes for each sampling region. Overall, soil moisture is 

predicted better by vegetation and soil composition than topography. However, the correlations 

between the vegetation indices and soil moisture vary among regions. They are stronger for 

Regions A and C and weaker for Regions B and D (similar to the previously noted correlations 

between vegetation and soil composition). NDVI and EVI have similar correlations with soil 

moisture, which again mimics the soil composition results and suggests that wetter conditions 

occur where vegetation is thicker.  
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The correlations between topography and soil moisture also vary among the regions 

(Figure 1.11). These correlations are strongest in Region A, moderate in Region B, and weak in 

Regions C and D. The most important topographic attributes for predicting soil moisture vary 

among regions. In Region A, log SCA, slope, and cos(aspect) are most correlated with soil 

moisture (again, similar to the earlier soil composition results). These correlations suggest that 

wetter conditions occur in valley bottoms, flatter slopes, and north-facing aspects. In Region B, 

log SCA and elevation are most correlated with soil moisture.  

The correlations between the soil composition attributes and soil moisture also vary 

substantially among regions (Figure 1.11). They are generally stronger in Regions A and C and 

weaker in Regions B and D. The most important composition variables for predicting soil 

moisture vary among the regions. USDA percent sand and USCS fines are strongly correlated 

with moisture in all regions except Region D, suggesting that wetter conditions occur in soils 

with high percent fines (silt and clay). USDA percent clay is strongly correlated with moisture 

only in Regions A and C, indicating that clayey soils (which correspond with denser green 

vegetation in Regions A and C as noted earlier) are generally wetter. LL, PL, and organic content 

are strongly correlated with soil moisture for all regions except Region B which, again, supports 

the interdependence between soil moisture, vegetation, and soil composition characteristics.  

Figure 1.11 also shows the correlations of soil strength (viz. CI) with the topographic, 

vegetation, and soil attributes. Overall, soil strength has weak correlations with the explanatory 

variables and the correlations are weaker for the topographic and vegetation attributes than the 

soil composition characteristics. In Region A, elevation has significant negative correlations with 

CI on several dates, but significant correlations with elevation are not observed in other regions. 

In Regions B and D, slope is negatively correlated with CI and PSRI is positively correlated with 
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CI on several dates, but the other regions have weak and inconsistent correlations with these 

variables. In Region C, cos(aspect) has the most frequent significant correlations with CI, but 

this tendency is not observed elsewhere. The vegetation indices have weak correlations with CI 

in all regions. The correlations between soil attributes and CI are generally strongest in Region D 

and weakest in Region A. The soil attributes that are most strongly correlated with CI vary by 

region. In Region D, USDA sand, USDA silt, USCS gravel, USCS fines, 𝐷60, 𝐷30, 𝐷10, PI, and 

porosity all have significant correlations with CI on multiple dates. The results suggest that finer 

and more plastic soils typically have greater CI values. 

Figure 1.12 examines the slopes of the relationships between both soil moisture and soil 

strength and each explanatory variable. More specifically, the figure shows the ratio of the slope 

calculated in each region to the slope calculated for the complete dataset for each statistically 

significant correlation that occurs in more than one region. The figure shows that the 

relationships between soil moisture and predictor variables also change among regions. For 

example, the slopes of the relationships between soil moisture and the vegetation indices (NDVI 

and EVI) are noticeably higher in Regions A and C than in Regions B and D. Region A and C 

generally have greater slopes for the relationships between soil moisture and soil composition 

parameters compared to Regions B and D. 
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Figure 1.11. Pearson correlations of soil moisture and strength with topography, vegetation, and 
soil attributes for each region. Correlations displayed with bold black text represent statistically 
significant correlations based on the Pearson p-value (p < 0.05). Other correlations are displayed 
in grey text. 
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Figure 1.12. Ratio of the slope calculated in each region to the slope calculated for the complete 
dataset. Ratios are shown only for statistically significant correlations that appear in more than 
one region. 

1.4. Discussion 

The correlation analyses for both soil moisture and strength suggest the strengths of the 

correlations, and their respective slopes, vary by region. However, the signs of significant 

correlations are generally consistent between regions. When the dependence of soil moisture on 

topographic and soil attributes was studied at a smaller scale in a prior study, similar 

observations were made (Liang et al., 2017).  



 

 

34 

 

The attributes that are most strongly correlated with soil moisture vary by region. Soil 

moisture in Region A has strong correlations with topographic, vegetation, and soil attributes. 

Soil moisture in Regions B is somewhat correlated with topography and has weak correlations 

with vegetation and soil attributes. Soil moisture in Region C is most strongly associated with 

vegetation and parameters describing the quantity and behavior of fine-grained soils. In Region 

D, soil moisture is somewhat strongly correlated with vegetation and soil.  

Soil moisture in Region A likely has strong correlations with topography due to the 

highly variable topography in the region. Similarly, the strong relationship between soil moisture 

and vegetation in Regions A and C is attributed to the diverse vegetation conditions in these 

regions. Regions A and C both have substantially greater standard deviations of NDVI and EVI 

than Regions B and D. Additionally, soil attributes in Regions A and C are strongly correlated 

with vegetation, which may reinforce soil moisture’s correlation with vegetation in those regions.  

In particular, the soils in Regions A and C have relatively high fines content and have high mean 

LL, PL, and PI. Based on soil water retention and soil plasticity frameworks, soils with more 

fines and higher plasticity have higher affinity for water (Casagrande, 1948; Brooks and Corey, 

1964; van Genuchten et al., 1991), which may result in denser vegetation (Moeslund et al., 

2013). In Region D, the correlations of soil moisture with vegetation and soil attributes are again 

attributed to the relationships of soil fines content and plasticity with soil moisture and increased 

vegetation cover. Higher surficial moisture content in the presence of fines was also observed by 

Lin et al (2006).  

Soil strength (viz. CI) generally has weaker correlations with topography, vegetation, and 

soil attributes than the correlations observed for soil moisture. The weak correlations between 

soil strength and topography may occur in part because topography has weak correlations with 
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soil attributes, which are related to soil strength based on unsaturated soil strength frameworks 

(Fredlund et al., 1978; Lu et al., 2010). Correlations between soil strength and vegetation are 

mostly insignificant in all regions. Aside from a few sampling locations in grassy valley bottoms, 

root interference was not observed during sampling with the cone penetrometer. Soil strength is 

more strongly correlated with soil attributes than topography and vegetation.  However, soil 

attributes only have consistent significant correlations with soil strength in Region D. Region D 

is characterized by low plasticity, coarse grained soils, and low moisture content, so the CI may 

be governed by non-cohesive materials with little to no strength contributions form suction stress 

(Fredlund et al., 1978; Lu et al., 2010). The low contribution of suction stress may also explain 

why Region D has the lowest average CI. The cone penetrometer has a maximum reading of 

2070 kPa for the 2.54-cm cone. For many sampling locations in Regions A, B, and C, the 

maximum reading was reached before the cone penetrometer was fully inserted into the soil, 

resulting in incomplete distributions of CI, especially for dry sampling dates. Because Region D 

has the lowest average CI and the highest standard deviation, results from this region may better 

capture the variations of soil strength. While correlations of soil strength to topography, 

vegetation, and soil attributes are generally weak, the correlation strengths are observed to vary 

by region and the most influential attributes vary by region.  

While the Pearson correlation framework was used to quantify relationships between 

variables, limitations of this method are acknowledged. Correlation analyses assume the 

relationships between variables are linear and may not capture nonlinear dependencies. 

Univariate correlations also do not capture cross-correlations explicitly, which can affect 

interpretation of the results. Even so, the present results can be used to identify the significant 

linear correlations. For strength measurements, the CI was reported up to 2070 kPa based on the 
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cone penetrometer load cell calibration; consequently, soil strengths greater than this were not 

captured by the strength measurement method. The cone penetrometer operator sometimes 

varied by date and by region. While all cone penetrometer operators were trained, some inherent 

variability is expected. Additionally, field observations indicate the cone penetrometer can 

produce anomalously high readings if gravel and rocks are encountered during penetration.  

1.5. Conclusions 

The primary objective of this study was to examine spatial variability in the dependence 

of soil moisture and soil strength on topography, vegetation, and soil within a SMAP grid cell. 

Soil moisture and soil strength were measured on ten sampling dates in four geographically 

separated regions within a SMAP grid cell. The dependence of soil moisture and soil strength on 

topographic, vegetation, and soil characteristics was quantified using Pearson correlation 

coefficients, and the statistical significance of each correlation was assessed using the Pearson p-

value. Assessed topographic attributes include elevation, log SCA, slope, cos(aspect), and PSRI. 

Vegetation indices include EVI and NDVI, and soil attributes include USDA percent sand, silt, 

and clay, USCS percent gravel, sand, and fines, 𝐷60, 𝐷30, 𝐷10, 𝐶𝑢, LL, PL, PI, organic content, 

porosity, and 𝐾𝑠. Based on results of this study, the following conclusions are made: 

1. The strength of the relationships between soil moisture and topographic, vegetation, and soil 

attributes can vary substantially within a SMAP grid cell. Soil moisture is strongly correlated 

to topography in Region A, weakly correlated to topography in Region B, but has few 

significant correlations with topography in Regions C and D. Soil moisture is strongly 

correlated to vegetation in Regions A and C, less correlated in Region D, and poorly 

correlated in Region B. Soil moisture is most correlated with soil attributes in Region A, 

followed by Regions C and D, with Region B having weak correlations.  
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2. The regression slopes of the relationships between soil moisture and topographic, vegetation, 

and soil attributes can also vary substantially within a SMAP grid cell. Region A has the 

greatest slopes for relationships between soil moisture and topography. Regions A and C 

have greater slopes for relationships of soil moisture with vegetation and soil than Regions B 

and D.  

3. The strength of the relationships between soil strength and topographic, vegetation, and soil 

attributes can vary within a SMAP grid cell. Regions A, B, and D have weak correlations 

between soil strength and topography while Region C has few significant correlations. 

Region D is the only one with consistent significant correlations between soil strength and 

compositional attributes.  

Although the four regions were identified based on physiographic attributes, additional 

studies are needed to identify and quantify the controlling factors. Future studies should consider 

what combinations of factors (e.g., geology, soil parent material, soil depth, rockiness, vegetation 

type, vegetation density, topographic variability) determine the number and extent of regions 

needed to characterize a given SMAP grid cell. 

Overall, the variations in the relationships highlight the complex interactions between the 

soil moisture and strength and the environmental factors. The variations also indicate that using 

constant parameters for soil moisture downscaling across the extent of a coarse resolution grid 

cell is likely to lead to suboptimal performance. Furthermore, because soil strength is influenced 

by soil moisture, based on unsaturated strength modeling procedures (Fredlund et al., 1978; Lu et 

al., 2010; Pauly, 2019; Uusitalo et al., 2019), modeled soil strength predictions are expected to 

improve when soil moisture estimates from downscaling procedures consider the variability in 

the underlying relationships. Methods should be explored that cluster locations and infer separate 



 

 

38 

 

parameters for those clusters. Machine learning methods that identify such clustering as part of 

their methodology are expected to outperform methods that implicitly assume consistent 

relationships across a coarse resolution grid cell.  
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2. FIELD HYPERSPECTRAL SENSING AND CONVOLUTIONAL NEURAL 
NETWORKS FOR PREDICTING SURFICIAL SOIL PROPERTIES 

 

 

 

2.1. Introduction  

Predictions of vehicle mobility on off-road terrain are important for military, agricultural, 

and recreational vehicle routing (Wulfohn et al., 1996; Priddy et al., 2012; Uusitalo et al., 2018; 

Schönauer et al., 2022). The strength of soils under vehicle loads are informed by soil properties 

including composition, plasticity, and moisture (Casagrande, 1948; Brooks and Corey, 1964; van 

Genuchten et al., 1991; Choi et al., 2019; Pauly, 2019; Bindner, 2020; Bullock, 2023). Soil 

characteristics including soil composition (percent sand, silt, and clay), organic content, and 

plasticity (liquid limit and plastic limit) are typically measured using laboratory procedures or 

estimated using digital soil maps (DSMs), such as the Soil Survey Geographic Database 

(SSURGO) (Soil Survey Staff, 2023) and POLARIS (Chaney et al., 2016). However, laboratory 

measurement of soil attributes can be time intensive, and the fidelity of DSM data are often 

unknown. Soil moisture can be measured using in situ moisture sensors or estimated from soil 

moisture downscaling procedures (Merlin et al., 2006; Coleman and Niemann, 2013; Peng et al., 

2016; Sadeghi et al., 2017; Fang et al., 2018). However, field measurement of soil moisture 

using sensors may not be practical across large spatial extents and soil moisture downscaling 

procedures require field measurements to assess model performance. Methods that rapidly 

collect data related to soil properties may better support the characterization of soils across large 

spatial extents.  

Hyperspectral sensors have been mounted on vehicles for collection of data to 

characterize terrain (Winkens et al., 2017) and could potentially support the high-speed 

characterization of soil properties. Hyperspectral sensing in the visible and near-infrared (300-
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1000 nm) (VNIR) and short-wave-infrared (1000-2500 nm) (SWIR) portions of the 

electromagnetic spectrum has been shown to vary with soil properties (Clark et al., 1993; Jiang, 

2016; Sadeghi et al., 2018), and hyperspectral data in the VNIR+SWIR range and machine 

learning have shown strong promise for the prediction of soil properties including soil 

composition, soil organic content, plasticity, and moisture content (Waiser et al., 2007; Waruru 

et al., 2014; Gupta et al., 2016; Tsakiridis et al., 2020; Knadel et al., 2021; Purushothaman et al., 

2024). However, these studies conducted hyperspectral sensing on processed soils under 

engineered lighting conditions, which requires disruptive soil sampling and time intensive soil 

processing prior to hyperspectral sensing. Additionally, these studies used SWIR spectral 

detectors, which are expensive compared to VNIR detectors and may not be accessible for many 

practical applications. The use of VNIR detectors alone would greatly reduce the cost of 

hyperspectral instrumentation, with VNIR spectrometers generally costing hundreds to thousands 

of U.S. dollars and VNIR+SWIR spectrometers typically costing upward of 75,000 U.S. dollars. 

Additionally, the capture of hyperspectral data in situ would greatly improve the speed of 

hyperspectral data collection. However, there is currently a poor understanding of how VNIR 

hyperspectral sensing on undisturbed surficial soils under natural lighting conditions can be used 

to predict soil properties.  

The objective of this study is to explore the use of field captured VNIR hyperspectral 

data for the prediction of soil properties. Sampling locations (n=48) were identified at a field site 

in northern Colorado and soil properties were measured using standard laboratory and field 

procedures. Hyperspectral data were captured at sampling locations on three field dates and used 

to compile a soil-property/hyperspectral dataset. The dataset was split into training and testing 

subsets using conditioned Latin Hypercube Sampling (cLHS) based on the hyperspectral data. 
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The training data were used to cross validate a CNN and the testing data were used to evaluate 

the performance of the trained model. Results from the trained CNN are compared to SSURGO 

reported values at sampling locations. Finally, the predictive accuracy of the CNN applied to 

field data is discussed and recommendations for future studies are provided. 

2.2. Materials and Methods 

2.2.1. Study Site 

Maxwell Ranch (study site) is situated 53 km northwest of Fort Collins, Colorado, and 

encompasses 4000-ha. The study site has an average elevation of approximately 2,100 m and is 

located in the Larmie Foothills, which marks the transition between the Rocky Mountains and 

the Great Plains. The site exhibits a topographic relief of approximately 300 m, with an average 

slope of 0.22 m/m. Soils at the study site are predominately coarse grained and primarily derived 

from weathered granite (Soil Survey Staff, 2023).  

Maxwell Ranch contains diverse vegetation, featuring scattered shrubs, short-grass 

prairies, and Ponderosa Pine trees. The study site has been subdivided into three regions for this 

study, labeled A, B, and C, to capture variability in soil and shading conditions (Figure 2.1a). 

Hyperspectral data were captured at 15, 16, and 17 sampling locations in Regions A, B, and C 

respectively. Sampling locations were selected as areas with exposed soil and minimal 

vegetation to reduce the influence of vegetation on hyperspectral data. Region A has high 

topographic relief, forested slopes, and a grassy valley bottom (Figure 2.1b). Region B is 

characterized by open canopy Ponderosa pine trees and relatively low topographic relief (Figure 

2.1c). Region C features rolling grassland hills and prairies, with a grassy valley bottom (Figure 

2.1d).  
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Figure 2.1. (a) Map of Maxwell Ranch including sampling locations, weather station, and ranch 

boundary, and (b-d) Regions A, B, and C sampling locations and photos captured at each region.  

2.2.2. Soil Moisture Measurement  

Soil moisture was determined at the sampling locations using a Stevens HydraProbe Soil 

Sensor (Stevens Water Monitoring Systems Inc., 2018), which measures the volumetric soil 

moisture (cm3/cm3) within the top 5 cm of soil. The HydraProbe sensor has a precision of ±0.001 

(cm3/cm3) and an accuracy of ±0.03 (cm3/cm3) (Stevens Water Monitoring Systems Inc., 2018). 

Soil moisture measurements were collected within 1 m of each sampling location. 

Figure 2.2 illustrates the precipitation during the sampling period (August 2023 – 

October 2023) and soil moisture at sampling locations on sampling dates. Sampling dates were 

selected to capture a variety of soil moisture conditions. Daily average temperatures ranged from 

17°C to 21°C with no precipitation on sampling dates. Data collection at Region A was 

completed on August 3rd, which had the highest spatial average soil moisture among the 
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sampling dates (0.19 cm3/cm3) due to precipitation events in the days prior to field sampling. 

Data were collected at Regions C and B on October 10th and 17th respectively, with spatial 

average soil moisture near 0.01 cm3/cm3 for both regions on these dates.  

 

Figure 2.2. Daily precipitation during the 2023 sampling period with dashed vertical lines 

representing sampling dates and boxplots showing the soil moisture at sampling locations for 

each sampling date. Climate data were recorded by a nearby weather station (KCOLIVER 12). 

2.2.3. Hyperspectral Sensing 

Hyperspectral data in the VNIR portion of the electromagnetic spectrum were captured at 

each sampling location using a spectrometer. The spectrometer contains a charge coupled device 

linear image sensor for reflectance at wavelengths ranging from approximately 300-1000 nm 

with a resolution of approximately 0.2 nm (TOSHIBA Electronic Devices & Storage 

Corporation, 2018). Hyperspectral data were captured under natural lighting conditions which 

included sunny, partly cloudy, and cloudy conditions at shaded and unshaded sampling locations.  

The spectrometer was attached to a mounting assembly, which maintained a sensing 

distance of 1 m above the soil surface (Figure 2.3a). Figure 2.3b displays the approximate extent 
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of data captured by the spectrometer on the soil surface (~100 cm2). A light insulating cap was 

placed over the spectrometer viewing window and dark hyperspectral data were captured at each 

sampling location to characterize the spectrometer’s ambient detector noise (viz. dark scan). The 

light insulating cap was then removed and a square (15 cm × 15 cm) 2.5 cm thick sheet of 

polytetrafluoroethylene (PTFE) with an approximate VNIR reflectance of 99% was placed on the 

soil surface. Hyperspectral data were then collected for the PTFE sheet to obtain reference 

hyperspectral data (viz. PTFE scan), similar to the procedure suggested by Shaikh et al. (2001). 

The PTFE sheet was then removed, and hyperspectral data were collected for the soil surface 

(viz. soil scan). Spectrometer integration times describe the period over which the spectral 

detectors measure radiation before recording data and were adjusted based on lighting conditions 

at each site, to obtain data at 40-60% of sensor saturation. 

 
Figure 2.3. (a) Spectrometer assembly with PTFE reference, spectrometer mount maintaining 1 

m elevation above ground surface, dark scan cover, and spectrometer and (b) extent of 

hyperspectral scan (approximately 100 cm2).  
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2.2.4. Soil Characterization 

Soil samples were collected within approximately 1 m of the hyperspectral sensing 

location and within the uppermost 5 cm of soil considering the surficial soil layer (0 – 15 cm) 

generally controls off-road vehicle trafficability (Wong, 2010). Surface debris and vegetation 

were removed prior to soil sampling. Laboratory analyses of soil samples included sedimentation 

analysis, plasticity testing, and measurement of organic content. United States Department of 

Agriculture (USDA) percent sand, percent silt, and percent clay were determined by 

sedimentation analysis using the PARIO Soil Particle Analyzer, PARIO Classic procedure 

(METER Group, 2017). The soil liquid limit (LL) and plastic limit (PL) were determined 

according to ASTM D4318 (ASTM International, 2017b) and organic content was measured 

according to ASTM D2974 (ASTM International, 2020). 

The USDA classifications of sampled soils (USDA, 1975) are displayed in Figure 2.4a. 

Soils at the sampling locations are dominated by sands with most soils classifying as sandy loam. 

The results from soil plasticity testing are shown in Figure 2.4b. The fine-grained fraction of 

soils (less than No. 200 sieve) at sampling locations are dominated by low to high plasticity silts.  
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Figure 2.4. (a) USDA classification of soils at sampling locations and (b) the plasticity of soils at 

sampling locations. Point symbology varies by sampling region. 

2.2.5. Hyperspectral Data Processing 

Dark scans, PTFE scans, soil scans, and integration times were used to normalize 

hyperspectral data for each sampling location. All hyperspectral data were first divided by the 

respective integration time, then the relative intensity (RI) was calculated as:  

 𝑅𝐼 = (𝑆𝑜𝑖𝑙 𝑆𝑐𝑎𝑛 − 𝐷𝑎𝑟𝑘 𝑆𝑐𝑎𝑛)𝑃𝑇𝐹𝐸 𝑠𝑐𝑎𝑛  × (𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒) (3.1) 

where the soil scan, dark scan, and PTFE scan are the integration time adjusted hyperspectral 

data for each 0.2 nm wavelength at each sampling location, and the reference reflectance is the 

approximate reflectance of the PTFE sheet. Relative intensity provides a metric to compare 
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hyperspectral data in a single dataset but does not represent true spectral reflectance. The lighting 

conditions were uncontrolled and unmeasured at the sampling locations, therefore the true 

spectral reflectance of soils was not determined as part of this study and the relative intensities 

were used for machine learning. Two hyperspectral signals were removed from the dataset 

during hyperspectral processing due to signal anomalies. 

2.2.6. Machine Learning 

The dataset was partitioned into training and testing data using the conditioned Latin 

Hypercube Sampling algorithm (cLHS) (Minasny & McBratney, 2006) based on the relative 

intensities to replicate the multivariate distribution of the hyperspectral data in both the training 

and testing datasets. Python 3.10 was used for data processing and machine learning. The Keras 

2.11.0 (Chollet, 2015), running on TenserFlow 2.11.0 (Abadi et al., 2018), was used to create, 

calibrate, and test the CNN.  

Figure 2.5 displays the distribution of properties for soil samples present in training and 

testing datasets. A total of 16 sampling locations were extracted from the hyperspectral dataset to 

be used as testing data and the remaining sampling locations were used as training data 

(approximately 35% testing data and 65% training data). Soil properties belonging to samples in 

the testing dataset are generally within the upper and lower bounds for each property in the 

training dataset and both the training and testing datasets have a similar distribution of 

properties. 
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Figure 2.5. Boxplot displaying the values of soil properties for each sample used in CNN training 

and testing. The testing data is generally within the upper and lower bound of training values for 

each soil property and the training and testing data generally have similar sample property 

distributions.  

While several machine learning procedures are commonly used in soil spectroscopy 

(Sjöström et al., 1983; Quinlan, 1992; Quinlan, 1993; Drucker et al., 1996; Ramirez-Lopez et al., 

2013; Veres et al., 2015), CNNs were selected for machine learning based on the algorithms high 

predictive performance compared to other modeling procedures, as studied by Tsakiridis et al. 

(2020). Cross validation of CNNs helps to generalize the model and involves iteratively 

adjusting user-defined variables (viz. hyperparameters) and assessing model performance using 

subsets of the training data. To prepare data for cross validation, the training data were grouped 

into three spectrally similar clusters using the Fuzzy c-means algorithm (Bezdek et al., 1984), 

then samples from each cluster were randomly distributed into three groups. This was done to 

ensure cross validation groups contained spectrally comparable data. Cross validation was used 

to inform the final model architecture which consists of convolutional layers, batch 

normalization layers, max pooling layer, and dense (fully connected) layers.  
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Figure 2.6 illustrates the model architecture, activation functions, number of filters, and 

kernel size for each layer. Input data were zero-padded to preserve spatial dimensionality during 

convolution and L2 kernel regularizers (𝜆2=1E-2) were used to prevent overfitting and improve 

model generalization (Säfken et al., 2020). Activation functions varied by layer and included 

Exponential Linear Unit (ELU), Rectified Linear Unit (RELU), Scaled Exponential Linear Unit 

(SELU), and Hyperbolic Tangent (Tanh) functions (Chollet, 2015). The bias term was added to 

several layers to increase model flexibility and better fit data with a non-zero mean. The model 

contained eight convolutional layers with varying kernel sizes followed by a flattening layer 

which converts the data into a one-dimensional vector. Flattened data were then passed through 

six fully connected layers for the identification of high-level relationships. The final dense layer 

then outputs predicted soil properties for each sample in the testing dataset.  

 
Figure 2.6. Graphical summary of the CNN model architecture including the input layer, 

convolutional layers, pooling layers, flatten layer, and fully connected layers. Below each 

convolutional layer is a list containing the number of filters per layer, the shape of the layer, the 

activation function of each layer, the kernel size for the layer, and the bias term. Each 

convolutional layer was accompanied by a pooling layer where the pooling size was two. 

Convolutional layers were followed by a flatten layer and six fully connected layers. Below each 

fully connected layer is the layer shape followed by the activation function.  
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2.3. Results  

The accuracy of soil property predictions from the CNN using testing hyperspectral data 

and SSURGO are shown in Figure 2.7. The CNN predictions of percent sand, silt, and clay have 

root mean squared errors (RMSEs) between 7.5-10.8% and have lower errors compared to 

SSURGO estimates (RMSEs of 9.4-11.0%) (Figure 2.7a-c). The trendlines from CNN 

predictions of sand, silt, and clay have slopes closer to the 1:1 line and greater COD values 

(COD of 0.04, 0.12, and -0.8 respectively) compared to the SSURGO results (COD of 0.00, -

0.68, and -1.17 respectively), demonstrating the CNN predictions better capture the trend of 

particle size distribution parameters. Predictions of organic content from the CNN have an a 

lower RMSE compared to SSURGO (6.3% compared to 10.5%, respectively) and better captures 

the trend of organic content compared to SSURGO (COD of 0.24 compared to -1.07, 

respectively) (Figure 2.7d). The CNN predictions of liquid limit and plastic limit have RMSEs of 

9.8% and 10.7% respectively, compared to RMSEs of 16.5% and 17.5% for SSURGO 

respectively (Figure 2.7e-f). The liquid limit and plastic limit trends captured by the CNN (COD 

of 0.09 and -0.02, respectively) also performs better than SSURGO (COD of -1.60 and -1.76, 

respectively). Moisture content data are not available through SSURGO, however, the 

estimations of soil moisture using the CNN captures the variability of soil moisture and have an 

RMSE of 0.04 cm3/cm3 (COD of 0.66) (Figure 2.7g). 
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Figure 2.7.  CNN and SSURGO soil property predictions for samples in the testing dataset 

plotted against laboratory measured values. Results include (a) percent sand, (b) percent silt, (c) 

percent clay, (d) percent organic content, (e) liquid limit, (f) plastic limit, and (g) soil moisture 

content. SSURGO does not include predictions of soil moisture. Root mean squared error 

(RMSE), mean bias error (MBE), and coefficients of determination (COD) are shown for all 

predictions.  

2.4. Discussion 

The use of CNNs and field VNIR hyperspectral data show promise for the prediction of 

soil properties. The CNN predicted soil characteristics have lower errors than SSURGO and 
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CNN predictions better capture the trend in soil property variability. While the CNN predictions 

are compared to SSURGO data, the SSURGO data was collected at scales ranging from 1:12,000 

to 1:63,360 (Soil Survey Staff, 2023) while hyperspectral data were collected within 1 m of the 

point of interest and over a 100 cm2 area. 

Tsakiridis et al. (2020) used an extensive laboratory VNIR+SWIR hyperspectral dataset 

and CNNs to predict sand, silt, clay, and organic content for soils across the European Union and 

achieved predictive RMSEs of 11.95%, 9.33%, 4.80%, and 10.96% respectively, which are 

comparable to RMSEs achieved using the field VNIR hyperspectral data in this study (10.8%, 

7.5%, 8.5%, and 6.3% respectively). However, Tsakiridis et al. (2020) achieved better COD 

values for predictions and their modeling procedure was used to estimate a greater range of 

compositions. Other studies which have predicted liquid limit and plastic limit using 

hyperspectral data and machine learning have achieved better RMSE (LL: 7-10%; PL: 3-5%) 

and COD values (LL:0.7-0.8; PL:0.45-0.69) compared to CNN RMSE (LL: 9.8%; PL:10.7%) 

and COD values (LL:0.09; PL:-0.02) from this study (Waruru, 2014; Gupta et al., 2019; Knadel 

et al., 2021). However, these studies captured hyperspectral data in controlled laboratory 

settings, had larger training datasets, and included SWIR data, which may contribute to improved 

performance. Zhu et al. (2010) used laboratory VNIR+SWIR hyperspectral sensing to predict 

surface soil moisture and achieved an RMSE of 0.065 cm3/cm3 and COD of 0.88, which are 

comparable to results from this study (RMSE of 0.04 cm3/cm3 and COD of 0.66).  

Several factors introduce more complexity into field captured hyperspectral data 

including lighting conditions, surface vegetation, and surficial vegetation litter, despite attempts 

to minimize vegetation interference. Lighting conditions varied with weather, shading conditions 

from vegetation, and angle of solar radiation. Additionally, the intensity of radiation at several 
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key wavelengths is reduced at the earth’s surface due to radiation absorption by moisture in the 

atmosphere (Elachi and Van Zyl, 2006; Nolet et al., 2014). Despite variable lighting conditions, 

the results suggest the field captured VNIR hyperspectral data and CNNs show promise for the 

prediction of soil properties. Finally, this study did not include SWIR reflectance measurements, 

which is a substantial simplification relative to previous studies. Given the high cost of SWIR 

sensors compared to VNIR sensors, use of low cost VNIR may foster greater adoption.  

While CNNs have been shown to perform well for the prediction of soil properties using 

hyperspectral data (Tsakiridis et al., 2020), the predictive performance of other models 

commonly used in lab-based soil spectroscopy were not explored in this study nor were data 

preprocessing procedures that are commonly used in laboratory soil spectroscopic studies 

(Tsakiridis et al., 2020). Additionally, other studies that used hyperspectral data to predict soil 

properties used larger datasets for the training and evaluation of predictive models (Waiser et al., 

2007; Waruru et al., 2014; Gupta et al., 2016; Tsakiridis et al., 2020; Knadel et al., 2021; 

Purushothaman et al., 2024). While larger datasets are typically associated with improved model 

performance, studies have shown that for some machine learning problems, there is a threshold 

where additional training data does not improve model performance (Prusa et al., 2015; Zhu et 

al., 2016). Future studies should evaluate machine learning predictive performance for soil 

properties using larger field hyperspectral datasets. This study did not use SWIR hyperspectral 

data, which has been shown to capture differences in soil properties (Clark et al., 1993; Jiang, 

2016; Sadeghi et al., 2018). The inclusion of SWIR data in machine learning procedures is 

expected to improve the prediction of soil properties. Finally, the relative intensity of 

hyperspectral data was used in machine learning and in-depth spectral analysis was not 



 

 

54 

 

completed as part of this study. Obtaining true reflectance data and completing spectral analysis 

may support an understanding of how field VNIR spectral data vary from laboratory VNIR data.  

2.5. Conclusions  

The objective of this study was to use field VNIR hyperspectral data and a CNN to 

predict soil properties including percent sand, silt, clay, organic content, liquid limit, plastic 

limit, and soil moisture. A spectrometer was used to capture VNIR hyperspectral data under 

natural lighting conditions at 48 sampling locations in northern Colorado. Soil moisture from 0-5 

cm was characterized in the field using a soil moisture sensor and soil characteristics were 

measured using standard laboratory procedures. Hyperspectral data were normalized using the 

hyperspectral detector integration time, soil scan, dark scan, and PTFE scan data. The 

conditioned Latin Hypercube Sampling algorithm was used to partition the data into training and 

testing datasets. The testing data were used for model cross validation and the cross validated 

model was trained and evaluated using the testing dataset. Results were compared to SSURGO 

predictions at sampling locations and the following conclusions are made: 

1. Hyperspectral data captured under field conditions and CNNs show promise for the 

prediction of soil properties including percent sand, silt, clay, organic content, liquid 

limit, plastic limit, and soil moisture. For the prediction of percent sand, silt, clay, organic 

content, liquid limit, and plastic limit, the CNN had lower RMSE values (10.8%, 7.5%, 

8.5%, 6.3%, 9.8%, and 10.7% respectively) compared to SSURGO (11.0%, 10.4%, 9.4%, 

10.5%, 16.5%, and 17.7% respectively). Predictions of soil moisture are not provided by 

SSURGO. However, the CNN resulted in an RMSE of 0.04 cm3/cm3. 

2. Soil properties predicted using field hyperspectral data and the CNN better captured the 

trend of soil properties compared to SSURGO at the study site. For predictions of percent 

sand, silt, clay, organic content, liquid limit, and plastic limit, the CNN resulted in COD 
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values of 0.04, 0.12, -0.80, 0.24, 0.09, and -0.02, respectively, compared to SSURGO 

COD values of 0.00, -0.68, -1.17, -1.07, -1.60, and -1.76, respectively.  

Future studies should consider collecting a large soil-hyperspectral dataset for the prediction of 

soil properties and evaluate various modeling procedures. Additionally, future studies should 

attempt to quantify how laboratory hyperspectral data vary from field hyperspectral data.   
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3. USE OF HYPERSPECTRAL SENSING AND MACHINE LEARNING FOR THE EX 
SITU PREDICTION OF TAILINGS PROPERTIES 

 

 

 

3.1. Introduction 

Mineral commodities are essential to modern societies and are an important part of the 

United Nations Sustainable Development Goals (UNDP and UN Environment, 2018). Tailings 

are the byproduct of mineral commodity extraction and consist of a slurry mixture of ground 

rock, water, and chemical reagents (Oberle et al., 2020). Tailings are commonly stored in surface 

impoundments called Tailings Storage Facilities (TSF) which require large spatial extents (Vick 

1990; Werner et al. 2020), with the largest facilities designed to store more than 1 billion m3 of 

tailings (Oberle et al., 2020). In 2016, an estimated 8.8 billion tonnes of tailings were produced 

(Oberle et al., 2020), and the volume of waste material per unit of commodity is generally 

increasing due to decreasing ore grades (Mudd 2007; 2010). TSFs can pose a level of risk to 

downstream stakeholders and environments and recent failures have highlighted the complexities 

of TSF design (Morgenstern et al., 2016; Robertson et al., 2019; Williams, 2021). In response to 

these failures, the Global Tailings Review (GTR) released the Global Industry Standard on 

Tailings Management (GISTM) to provide guidance on the design and operation of TSFs that 

outline the need for ongoing characterization of tailings properties (GTR, 2020; ICMM, 2021). 

However, the scale of TSFs can make tailings characterization difficult at the resolutions needed 

for identification of features impactful to physical and chemical stability.   

Tailings properties help inform geotechnical and geochemical analyses and include the 

particle size distribution (PSD) of tailings, moisture content, void ratio, and density. The PSD of 

tailings influences shear strength, hydraulic conductivity, volume change characteristics, dry 

density, and beach angle, and can inform geochemical and rheological characterization of the 
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material (Morrison, 2022). Tailings moisture content influences hydraulic conductivity, shear 

strength, compaction behavior, and acid generation potential (Morrison, 2022). Geotechnical 

stability is improved at saturation levels below approximately 80% (Rodriguez et al., 2021) and 

oxygen diffusion decreases exponentially at saturation levels above approximately 85%, 

generally corresponding with a reduction of acid generation in sulfide tailings (Aachib et al. 

2004). Parameters that describe void space, such as void ratio and porosity, can be used in 

consolidation modeling, can help inform tailings liquefaction potential, and provides information 

on potential water recovery (Morrison, 2022). Tailings density is important for estimating 

hydraulic conductivity, potential water recovery, and TSF storage capacity over time (Morrison, 

2022). Characterization of these properties can include in situ and laboratory testing.  

Sampling methods for laboratory characterization are classified as either disturbed or 

undisturbed. Disturbed samples are retrieved in bulk samples and do not preserve the in situ 

tailings condition and can be used for characterizing soil properties that are not a function of 

volume or fabric, such as particle size distribution and gravimetric moisture content. Undisturbed 

samples can be used to characterize tailings saturation, void ratio, porosity, and density and 

represent a point measurement. However, obtaining enough samples for adequate resolution of 

tailings properties throughout a TSF is usually not feasible. Additionally, undisturbed samples 

are generally only obtained for fine grained soils unless specialty methods such as ground 

freezing are used (Wride et al., 2000a; 2000b) and obtaining high quality samples may not 

always be feasible. Undisturbed samples are commonly retrieved using thin-walled tube 

sampling methods (ASTM International, 2015) and while some level of disturbance is inherent, 

undisturbed samples can be high quality providing proper sampling procedures (Di Buò et al., 

2018). 
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The standard penetration test (SPT) and cone penetration test (CPT) are common in situ 

methods for characterizing tailings behavior. The SPT requires drilling to depth before the 

resistance of soil to penetration is measured (ASTM International, 2022). The resistance 

measured by the SPT is reported as the N-value (blows/foot) which can be used to make 

correlations with soil behavior. However, the process of drilling can disturb the tailings, creating 

reduced repeatability (Morrison, 2022). The CPT collects continuous cone tip resistance, sleeve 

friction, and pore water pressure in the tailings profile and can include geophysical tests such as 

seismic cone penetration testing (SCPT) (Tschuschke et al., 2020). Data collected from the CPT 

are empirically related to soil behavior type (SBT) (Robertson, 2016) which generally correlates 

with Unified Soil Classification System (USCS) classes (Molle, 2005). Interpretations of CPT 

data may not be appropriate for all types of materials and interpretations cannot be made for 

tailings or soils with microstructure (Robertson, 2016). Additionally, the CPT does not directly 

characterize all geotechnically relevant tailings properties including percent sand, silt, clay, fines 

content, solids content, moisture content, saturation, void ratio, and porosity.  

An alternate method for material characterization, which has gained attention in recent 

literature, involves hyperspectral sensing for the prediction of soil and tailings properties. 

Hyperspectral data can be captured on disturbed or undisturbed samples in either laboratory or 

field settings (Hedley et al., 2015; Cho et al., 2017; Pei et al., 2018; Riese & Keller, 2019, 

Tsakiridis et al., 2020; Entezari et al., 2022) and contains information on the reflectance of a 

material at various wavelengths in the visible, near-infrared, and short-wave-infrared portions of 

the electromagnetic spectrum. Machine learning models have shown promise for the prediction 

of soil texture using laboratory hyperspectral data (Riese & Keller, 2019, Tsakiridis et al., 2020). 

Other studies have shown promise for the use of push probe-based hyperspectral sensing for the 
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estimation of soil texture and in situ moisture content for near surface agricultural soils (Cho et 

al., 2017; Pei et al., 2018). Additionally, hyperspectral sensing has been used for the prediction 

of oil sands tailings solids content, fines content, and water content on samples tested ex situ 

(Entezari et al., 2022).  

Several modeling procedures represent the state-of-art for predicting soil properties from 

hyperspectral data including the Partial Least Squares (PLS) regression algorithm (Sjöström et 

al., 1983), the Cubist algorithm (Quinlan, 1992; Quinlan, 1993), the Support Vetor Regression 

(SVR) algorithm (Drucker et al., 1996), the Spectrum-Based Learner (SBL) (Ramirez-Lopez et 

al., 2013), and 1-D Convolutional Neural Networks (CNN) (Veres et al., 2015). Tsakiridis et al. 

(2020) compared the performance of these modeling procedures for the prediction of soil 

properties from hyperspectral data and demonstrated that 1-D CNNs outperform other machine 

learning procedures. While hyperspectral sensing and machine learning have shown promise for 

the prediction of PSD and moisture content, less is understood on how hyperspectral data may be 

used to predict other geotechnically relevant tailings properties including saturation, void ratio, 

porosity, and density.    

The objective of this study is to collect hyperspectral data for tailings with a range of 

properties and assess how hyperspectral data and CNNs can be used to predict geotechnically 

relevant tailings properties. Tailings from a gold, silver, lead, and zinc producing mine were 

processed to obtain 300 test specimens with unique PSDs, moisture contents, and densities. 

Hyperspectral data were collected on all test specimens in the laboratory using a handheld 

spectrometer. Specimen properties and hyperspectral data were separated into training and 

testing datasets for machine learning and a 1-D CNN was cross validated, trained, and tested to 

assess the use of hyperspectral imagery for the prediction of tailings properties including percent 
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sand, percent silt, percent clay, fines content, solids content, gravimetric and volumetric moisture 

content, degree of saturation, void ratio, porosity, total density, and dry density. 

3.2. Methods and Materials 

Figure 3.1 outlines the sample preparation, hyperspectral sensing, and machine learning 

procedures. A whole tailings sample was processed to artificially prepare 300 test specimens 

with a range of PDSs, moisture conditions, and densities and a spectrometer was used to collect 

hyperspectral data for each test specimen. The hyperspectral data was then processed and spilt 

into training and testing data to cross validate, train, and test a CNN for the prediction of tailings 

properties. Each step outlined in Figure 3.1 is described in detail in the sections below.  

 
Figure 3.1. Flowchart displaying general procedures associated with material processing, test 
specimen preparation, hyperspectral data processing, and machine learning.  

3.2.1. Test Specimens 

A whole tailings sample from a gold, silver, lead, and zinc producing mine was processed 

and used to prepare 300 test specimens with varying geotechnical properties including variable 

percent sand, silt, clay, fines content, solids content, water content, saturation, void ratio, 

porosity, and density. The properties of the whole tailings sample are outlined in Table 3.1. 
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Plasticity testing was used to determine the whole tailings liquid limit (LL) and plasticity index 

(PI) (ASTM International, 2017b). Mechanical sieve analysis was used to determine the PSD for 

particles larger than 75 µm (ASTM International, 2017c) and the whole tailings was classified 

according to the Unified Soil Classification System (USCS) (ASTM International, 2017a). 

Sedimentation analysis was performed to determine the distribution of particles ranging in 

diameter from 2-63 µm using the PARIO Soil Particle Analyzer (METER Group, 2017). The 

standard Proctor compaction test was used to determine the maximum dry density and optimum 

water content according to ASTM International (2021b). Specific gravity of solids (Gs) was 

determined using ASTM D854 (ASTM International, 2023). Quantitative X-ray diffraction was 

performed to determine mineralogical composition of the whole tailings.  
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Table 3.1. Material properties of the whole tailings sample. 

Method Property Sample Value 

ASTM D4318 
Liquid Limit, LL (%) 21 

Plasticity Index, PI (%) 1 

ASTM D6913 

Percent Gravel (4.75 mm - 76.2 mm)  0 

Percent Sand (75 μm - 4.75 mm)  46 

Percent Fines (< 75 μm)  54 

ASTM D2487 USCS Classification ML 

METER  

PARIO Plus 

Percent Silt (75 μm - 2 µm) 47 

Percent Clay (< 2 µm) 8 

ASTM D698 
Optimum Water Content, wopt (%) 12 

Maximum Dry Density, ρd (Mg/m3) 1.85 

ASTM D854 Specific Gravity of Solids, Gs 2.62 

X-ray 

 Diffraction 

(% Composition) 

Quartz  23 

Potassium Feldspar  27 

Calcite 4 

Dolomite  4 

Siderite  <0.5 

Magnetite  1 

Pyrite  7 

Kaolinite 0.5 

Chlorite  0.5 

Illite/Mica  31 

Mixed-Layered Illite/Smectite 2 

Percent Illite Layers in Illite /Smectite 10 

 

Sieving, sedimentation, and decantation were used to separate the whole tailings sample 

into sub-samples with varying particle size distributions (referred to as tailings sub-samples) 

(Figure 3.1). The whole tailings sample was first processed over the No. 200 sieve (0.075 mm). 

The material retained on the No. 200 sieve was separated into three groups, each of which was 

washed over the No. 200 sieve for different durations to obtain sand tailings sub-samples with 

varying fines contents. The material passing the No. 200 sieve was separated into three groups 

then mixed with water and subject to variable-duration sedimentation, then decantated to obtain 

tailings sub-samples with various silt and clay contents. The particle size distribution for each 

processed tailings sub-sample was determined using the PARIO Soil Particle Analyzer (METER 

Group, 2017). 
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Portions of tailings sub-samples were combined using unique mass ratios to assemble 100 

specimens with different PSDs (PSD specimens). Figure 3.2 illustrates the distribution of 

particles by mass for PSD specimens at various percentiles and for the whole tailings sample 

(original sample). The processed tailings sub-sample mass added to each PSD specimen was 

recorded and a weighted average was used to determine the PSD specimen percent sand, silt, and 

clay for each of the 100 PSD specimens. The mean particle diameter (D50) of the whole tailings 

was 0.062 mm, the finest PSD specimen had a D50 of 0.008 mm and the coarsest PSD specimen 

had a D50 of 0.120 mm. 

 
Figure 3.2. Particle size distribution of original tailings sample and PSD specimens. The 1st, 17th, 
33rd, 66th, 83rd and 99th percentiles are shown for the 100 PSD specimens. Delineations for sand, 
silt, and clay sized particles are shown as solid vertical lines. Red dashed lines are the average 
upper and lower tailings bounds of mine tailings PSD from literature (after Gorakhki et al. 2019, 
adapted from Hamade 2017). 

 Each PSD specimen was prepared to three saturation and density conditions, resulting in 

a total of 300 test specimens. De-ionized water was added to each test specimen to achieve a 
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target saturation, and the moisture was allowed to equilibrate for a minimum of 12 hours in an 

airtight container. The moisture equilibrated tailings were then compacted to a target density in a 

50 mm inner diameter petri dish (15 mm height). The target saturation of each test specimen 

ranged from 0-100% and the target dry density was randomly distributed among test specimens 

and between 0.9-1.7 Mg/m3. 

The frequency distributions of measured or calculated properties among prepared test 

specimens are shown in Figure 3.3. The total mass and volume of each test specimen were 

recorded, and the gravimetric moisture content was measured according to ASTM D2216-19 

(ASTM International, 2019). Specimen mass, volume, and gravimetric moisture content were 

used to calculate volumetric moisture content, solids content, saturation, void ratio, porosity, 

total density, and dry density via phase relationships. Sand, silt, clay, and fines content ranged 

from 0-99%, 2-84%, 1-20%, and 3-100%, respectively (Figure 3.3a-d). Solids content ranged 

from 65-100% (Figure 3.3e), covering a portion of the tailings continuum including thickened, 

paste, and filtered tailings (KCB, 2017). Gravimetric and volumetric moisture content ranged 

from 0-55% and 0-59%, respectively (Figure 3.3f-g) and saturation ranged from 0-100% (Figure 

3.3h). Test specimen void ratios ranged from 0.5-2.0 (Figure 3.3i) and porosity from 0.34-0.67 

(Figure 3.3j). For gold, silver, lead, and zinc tailings, studies have reported the in-place void ratio 

of slimes ranging from 0.6-1.0 (Kealy et al., 1974; Mabes et al., 1977; Blight and Steffen, 1979), 

63% of test specimens had void ratios in this range. Measured total density ranged from 0.94-

2.09 Mg/m3 (Figure 3.3k) and dry density from 0.86-1.72 Mg/m3 (Figure 3.3l). Kealy et al. 

(1974) and Mabes et al. (1977) reported the dry density for lead and zinc slimes to range from 

1.28-1.81 Mg/m3, respectively, 71% of test specimens had dry densities in this range. Test 
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specimens with large void ratios and low dry densities that contained clods and were prepared to 

simulate conveyor deposition of filtered tailings. 

 

Figure 3.3. Distribution of properties among test specimens including (a) percent sand, (b) 
percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) gravimetric moisture 
content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) porosity, (k) total 
density, and (l) dry density.  

3.2.2. Hyperspectral Sensing 

Hyperspectral scans were captured immediately after test specimen preparation. An ASD 

TerraSpec Halo Mineral Identifier (spectrometer) (Malvern Panalytical, 2018) was used to 

capture reflectance data from 350 – 2500 nm. Figure 3.4 shows a prepared test specimen and the 

spectrometer. The spectrometer contains three hyperspectral detector arrays with a resolution of 

3 nm for the visible and near-infrared (VNIR) detector (350 – 1000 nm), 9.8 nm for the first 

short wave infrared (SWIR) detector (1001 – 1800 nm), and 8.1 nm for the second SWIR 

detector (1801 – 2500 nm) (Malvern Panalytical, 2018). The spectrometer has an internal 

halogen bulb for sample illumination and contains 386 spectral pixels, where each spectral pixel 

corresponds to a wavelength. The viewing window of the spectrometer was placed in direct 
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contact with the tailings and hyperspectral data were captured at two locations on each test 

specimen. Hyperspectral data from the two locations were averaged to obtain one spectral signal 

for each test specimen.   

  

Figure 3.4. Images of (a) prepared test specimen, (b) spectrometer, and (c) close up of the 
spectrometer in contact with a test specimen.   

3.2.3. Principal Component Analysis  

Principal component analysis (PCA) was used to assess how hyperspectral data relate to 

tailings properties. Each principal component represents a vector that is described by coefficients 

for each wavelength, referred to as loadings. The loadings describe how strongly each 

wavelength is associated with a given principal component. The explained variance ratio 

describes how well hyperspectral variability is captured by each principal component and 

principal component scores describe how significantly the hyperspectral data for each sample 

contributes to variability in the hyperspectral dataset. Principal component analysis was 

completed in Python 3 (van Rossum & Drake, 2009) using scikit-learn 1.4.0 (Pedregosa et al., 

2011) and hyperspectral data from all test specimens. The explained variance ratio of each 

principal component was determined, and loadings were extracted for each wavelength. The 

sample scores associated with principal components one and two were determined and used to 

qualitatively visualize how hyperspectral data relate to tailings properties.  
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3.2.4. Machine Learning 

To achieve similar resolutions for all hyperspectral detectors and reduce hyperspectral 

data dimensionality, the VNIR data was down sampled 3:1 to achieve a spectral resolution of 9 

nm from 350 – 1000 nm, resulting in a total of 241 wavelengths. The discrete wavelet transform 

(DWT), which has been shown to improve performance in hyperspectral classification problems 

(Anand et al, 2021; Bruce et al, 2022), was used to further reduce hyperspectral dimensionality 

while preserving important spectral features. The PyWavelets package was used to perform the 

DWT using the haar wavelet (Lee et al., 2019). The DWT returns an approximation of the 

original spectrum that is comprised of wavelet decomposition coefficients that describe the 

original signal. The DWT yields a compressed signal with a down sampling of 2:1, resulting in 

121 features.  

The standard scaler transform was applied to the compressed signal to standardize the 

hyperspectral data by removing the mean and scaling to unit variance (Pedregosa et al., 2011). 

Scaling data to have a mean of zero and unit variance has been linked with improved model 

convergence and better compatibility with some objective functions (Pedregosa et al., 2011; 

Dangeti, 2017). Tailings properties were normalized between 0 and 1 to ensure all properties had 

similar magnitudes during training and testing.  

Training and testing datasets were determined using conditioned Latin Hypercube 

Sampling (cLHS) (Minasny & McBratney, 2006) informed by compressed and scaled 

hyperspectral data. The cLHS algorithm was used to approximate the multivariate distribution of 

hyperspectral data in both the training and testing datasets, which has been associated with 

improved model performance (Althnian et al., 2021). The cLHS algorithm was run for 100,000 

iterations to extract 20% of the data for testing (n=60) leaving 80% of the data for training 

(n=240). Figure 3.5 displays the distribution of test specimen properties in the training and 
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testing datasets from cLHS. Results indicate sampling of testing data using cLHS based on 

hyperspectral data captures the multivariate distribution of test specimen properties. For each test 

specimen attribute, the distribution of testing data is within the limits of training data and has a 

similar distribution of data. The results from cLHS confirm that the CNN testing data is 

comparable to the training data which has been associated with improved model performance 

(Althnian et al., 2021). 

 

Figure 3.5. Boxplot displaying tailings attributes for test specimens in the training and testing 
data. 

K-fold cross validation was used to select the CNN hyperparameters (viz. number of 

layers, number of neurons, activation function, learning rate, etc.). Cross validation helps to 

generalize a model, since hyperparameter optimization is informed by multiple validation 

datasets. Five-folds were selected for cross validation resulting in 20% of the training data 

contained in each fold (n=48). The fuzzy c-means algorithm (FCM) (Bezdek et al., 1984) was 

used to ensure each fold contained reflectance data that were representative of the training 

dataset, and the elbow method was used to determine the optimum number of clusters for the 

FCM algorithm. The FCM algorithm was executed for n=2 to n=10 clusters and the within-

cluster sum of squares (WCSS) was plotted for each n-number of clusters. The point of 
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diminishing reduction in WCSS (viz. the plot elbow) was identified at three clusters and the 

FCM algorithm was executed a final time to cluster hyperspectral data into three groups. The 

spectra associated with each of the three clusters, and corresponding test specimen data, were 

then randomly reassigned to five groups to be used for 5-fold cross validation.  

The 5-fold training data was then used to optimize a 1-D CNN, using a different fold as 

validation data for each optimization. The Keras deep learning application program interface 

running on the TensorFlow machine learning platform was used to construct the CNN in Python 

3 (Chollet, 2015; Abadi et al., 2015; van Rossum & Drake, 2009). The optimized CNN for each 

validation set was then used to inform the final model hyperparameters (Figure 3.6).  

The final optimized CNN was trained using the entire training dataset. The testing dataset 

was used to assess the performance of the optimized and trained CNN. The root mean squared 

error (RMSE), mean bias error (MBE), coefficient of determination (COD), and the cumulative 

distribution function (CDF) were used to assess the performance of the CNN for the prediction 

of 12 tailings properties: percent sand, percent silt, percent clay, fines content, solids content, 

gravimetric moisture content, volumetric moisture content, saturation, void ratio, porosity, total 

density, and dry density. 
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Figure 3.6. Architecture of the optimized CNN informed by cross validation. Values in 
parenthesis represent the output shape of each layer. 
 

3.3. Results  

3.3.1. Hyperspectral Data 

The range of hyperspectral signals for test specimens is shown in Figure 3.7. The relative 

reflectance represents the spectrometer’s measure of radiation reflected from the test specimen 

surface and generally ranges from 0 to 1, where 0 is complete absorption and 1 is total 

reflectance. The range of relative intensity for the test specimens generally ranges from 0 to 0.55. 

Hyperspectral signals with absorptive features (local minima) at 1450 and 1920 nm correspond 

to the presence of water (Jacquemoud and Ustin, 2003; van der Meer, 2004) and have lower 

relative reflectance at all wavelengths. The presence of a pronounced absorptive feature at 2200 

nm is attributed to the presence of clay minerals containing hydroxyl groups including illite, 

chlorite, and kaolinite (Laukamp et al., 2021). The absorptive feature at 2200 nm is less 

pronounced for wetter samples, likely due to the presence of water masking the hydroxyl 

absorption feature (Demattê et al., 2010).  
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Figure 3.7. Percentile ranges for hyperspectral signals including the 1st to 99th percentile, 17th to 
83rd percentile, and 33rd to 66th percentile. 

The averaged hyperspectral signals for the highest and lowest 10% of each tailings 

property are shown in Figure 3.8. The least variation between the highest and lowest 10% signal 

is observed for PSD parameters including percent sand, silt, clay, and fines (Figure 3.8a-d). 

Studies have related increased particle size with decreased reflectance in the 350-2500 nm range 

(Clark et al., 1993; Sadeghi et al., 2018). However, this trend is only present at wavelengths 

greater than 1380 nm in this study (Figure 3.8a-d). Test specimens with high solids content have 

greater relative reflectance, attributed to the decreased presence of water at high solids content 

(Figure 3.8e). Specimens with high gravimetric water content, volumetric water content, 

saturation, and total density have lower relative reflectance and more pronounced features at 

water absorption bands, corresponding to the increased presence of water (Figure 3.8f-h and 

4.8k). High dry density (low void ratio and porosity) corresponds with lower relative intensity 

(Figure 3.8i-j and 4.8l), which has been observed in previous studies on sandy materials 

(Bachman et al., 2014, Carson et al., 2015), however the trend may vary based on soil type 

(Demattê et al., 2010). 
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Figure 3.8. Average hyperspectral signal for the highest and lowest 10% of values for each 
property for (a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids 
content, (f) gravimetric moisture content, (g) volumetric moisture content, (h) saturation, (i) void 
ratio, (j) porosity, (k) total density, and (l) dry density.  

3.3.2. Principal Component Analysis 

Principal component analysis was completed to qualitatively visualize how hyperspectral 

data relates to tailings properties. The wavelength loadings from PCA for the first three principal 

components are displayed in Figure 3.9. Principal Component 1 (PC1) has an explained variance 

ratio of 98.2%, demonstrating that PC1 describes most of the variability in the hyperspectral 

dataset. Local maxima in the PC1 loadings curve occur at 1450 and 1920 nm, highlighting the 

significance of water in the variability of the hyperspectral dataset. The PC1 loadings exhibit 

minimal variation across all wavelengths, indicating the influence of overall signal position in 

the variability of the hyperspectral dataset, primarily attributed to the impact of water on 

hyperspectral signal position. Principal Component 2 (PC2) has an explained variance ratio of 

1.4% with local maxima near 1450, 1890, 2020, 2200, and 2430 nm, likely cause by hydroxyl 
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absorption feature near 1450 nm and the Al-OH combination absorption band at 2200 nm 

(Kokaly et al., 2017; Swayze, 1997). PC3 has an explained variance ratio of 0.2% and has local 

maxima loadings at 300 and 1120 nm.  

 

Figure 3.9. Absolute value of loadings at each wavelength for PC1, PC2, and PC3. Loadings 
describe the importance of features (wavelengths) in describing the variability of the dataset.  

Figure 3.10 displays the test specimen scores for PC1 and PC2 from PCA, with the infill 

color intensity of each point representing the test specimen value for each property. The principal 

component score indicates the extent each test specimen aligns with the pattern of variation 

captured by a principal component. A greater positive score suggests strong positive correlation 

with the principal component while negative score indicates a negative correlation, with scores 

near zero having weak correlations with a principal component. PSD parameters including sand, 

silt, clay, and fines content are somewhat related to PC2, with higher sand content generally 

corresponding to higher PC2 scores (Figure 3.10a) and vice versa for silt, clay, and fines content 

(Figure 3.10b-d). Solids content, gravimetric moisture content, volumetric moisture content, 

saturation, and total density all have a strong relationship with PC1, providing the influence these 

properties have on spectral position and water absorption features (Figure 3.10e-h and 4.10k). No 
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visibly obvious relationship is observed between PC1 or PC2 with void ratio, porosity, and dry 

density (Figure 3.10i-j and 4.10l). Results demonstrate PC1 is strongly associated with tailings 

moisture metrics and PC2 is associated with PSD parameters.  

 

Figure 3.10. Tailings samples plotted in the principal component space for (a) percent sand, (b) 
percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) gravimetric moisture 
content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) porosity, (k) total 
density, and (l) dry density. Axis values correspond to the principal component score and point 
infill colors represent the property value for each test specimen.  
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3.3.3. Machine Learning 

Tailings properties prediction accuracy using the trained CNN are shown in Figure 3.11. 

Predictions of sand, silt, clay, and fines content capture the trend for various PSDs, with COD 

values greater than 0.94 and RMSEs of 5.4%, 5.1%, 1.2%, and 5.3% respectively (Figure 3.11a-

d). Predictions of solids content have a high COD of 0.97 and a low RMSE of 1.4% (Figure 

3.11e). Properties describing tailings moisture, including gravimetric moisture content, 

volumetric moisture content, and degree of saturation, have a strong relationship between 

predicted and measured properties with RMSEs of 2.2%, 2.8% and 8.3% respectively and COD 

values greater than 0.94 (Figure 3.11f-h). Overall, the trend of void ratio and porosity is captured 

by the CNN predictions but have low COD values of 0.20 and 0.27 and RMSEs of 0.23 and 0.05 

respectively (Figure 3.11i-j). Predictions of total and dry density resulted in RMSEs of 0.16 and 

0.14 Mg/m3 and COD values of 0.65 and 0.28 respectively (Figure 3.11k-l). 
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Figure 3.11. Predicted values from the trained CNN model plotted against measured values for 
(a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) 
gravimetric moisture content, (g) volumetric moisture content, (h) degree of saturation, (i) void 
ratio, (j) porosity, (k) total density, and (l) dry density. 
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The CDF and MBE for each predicted tailings property are displayed in Figure 3.12. The 

CDF is used to illustrate the probability that CNN prediction error is less than a given value and 

a positive MBE corresponds with overpredicted values. The CDF for PSD parameters including 

sand, silt, clay, and fines content shows that 80% of predictions have absolute errors less than 

approximately 5%, and 90% less than approximately 13% (Figure 3.12a-d). Predictions of 

percent clay have especially high confidence, with 90% of errors less than 2%. Bias for all PSD 

parameters are near zero and between -0.20% and 0.23%. Predictions of solids content, 

gravimetric moisture content, and volumetric moisture content have 80% of predictions with 

absolute errors less than 4% and 90% less than 6% absolute error (Figure 3.12e-g). Predictive 

bias of solids content, gravimetric moisture, and volumetric moisture content is between -0.7% 

and 0.1%. Predictions of saturation have a 90% probability that absolute errors are less than 13% 

and have a bias of -2.1% (Figure 3.12h). Predictions of void ratio and porosity have biases of 

0.04 and 0.01 respectively and 90% of predictions have absolute errors less than 0.38 and 0.10 

respectively (Figure 3.12i-j). The CDF for total and dry density perform similarly with 80% of 

predictions having an absolute error less than 0.19 Mg/m3, 90% less than 0.27 Mg/m3, and a bias 

of -0.03 Mg/m3 for both total and dry density (Figure 3.12k-l).  
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Figure 3.12. Cumulative distribution function (CDF) of the error for each predicted property and 
CDF values at the 5th, 10th, 50th, 90th, and 95th percentiles. Positive mean bias error (MBE) values 
correspond to overpredictions.  
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For some tailings properties, performance of the CNN is observed to vary with different 

levels of saturation (Table 3.2). Predictions of percent sand, silt, and clay, fines content, solids 

content, gravimetric water content and volumetric water content perform similarly for both high 

and low saturation conditions. However, for saturation, void ratio, porosity, total density, and dry 

density, lower errors are observed for samples with saturation above 50%. Predictions for 

samples with saturations greater than 50% have substantially greater COD values (0.76-0.80) 

than those with saturations less than 50% (0.09-0.18) for void ratio, porosity, total density, and 

dry density. Additionally, RMSE values are substantially reduced at saturations greater than 50% 

for predictions of saturation, void ration, porosity, total density, and dry density.  

Table 3.2. CNN performance metrics for saturation, void ratio, porosity, total density, and dry 
density for test specimens with saturations from 0-50% and 50-100%.  

  Saturation 

(%) 

Void 

Ratio 
Porosity 

Total 

Density 

(Mg/m3) 

Dry Density 

(Mg/m3) 

0-50% 

Saturation 

RMSE 9.73 0.29 0.07 0.19 0.18 

MBE 3.04 -0.06 -0.02 0.05 0.05 

COD 0.78 0.09 0.11 0.18 0.11 

50-100% 

Saturation 

RMSE 5.64 0.10 0.03 0.07 0.07 

MBE 0.71 0.00 0.00 0.00 0.00 

COD 0.79 0.77 0.76 0.80 0.80 

 

Figure 3.13 displays the results from Shapley Additive Explanations (SHAP) analysis, 

which uses a game theory approach to explain the importance of various input features in 

machine learning models (Lundberg and Lee, 2017). Greater absolute SHAP scores at a given 

wavelength correspond with greater influence on the prediction of a given property. The 

prediction of soil properties from the CNN appears to be most influenced by wavelengths 

between 2100 nm and 2500 nm. Wavelengths from 2200 – 2350 nm appear to strongly influence 

the prediction of percent sand, silt, clay, and fines content. For the prediction of solids content, 
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gravimetric moisture content, volumetric moisture content, and degree of saturation, most 

wavelengths appear to have moderate influence on the prediction of these properties. Finally, the 

predictions of void ratio, porosity, total density, and dry density appear to be strongly influenced 

by wavelengths near 600 nm, 750 nm, 900 nm, 1400 nm, and 2200 nm.   

 
Figure 3.13. Cumulative absolute sum of SHAP values for the CNN input wavelengths. Each 
color represents a different soil property, and the solid black line represents the absolute sum of 
SHAP values for all predicted soil properties.  

3.4. Discussion 

The CNN results demonstrate that tailings properties related to PSD, moisture, and 

density can be estimated using hyperspectral data. Taskiridis et al. (2020) used hyperspectral 

data captured on approximately 18,000 natural soils across the European Union to predict 

percent sand silt and clay, and achieved RMSEs of 11.95%, 9.33%, and 4.80% respectively. 

CNN predictions of tailings percent sand, silt, and clay in this study have lower RMSEs 

compared to Taskiridis et al. (2020), which may be associated with reduced mineralogical 

complexity of tailings samples since tailings test specimens were prepared from a single whole 

tailings. The coefficients of determination for predicted percent sand, silt, and clay are greater 
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than 0.95 demonstrating the CNN’s ability to capture variability in PSD. Entezari et al., 2002 

used hyperspectral data and machine learning to predict percent fines, solids content, and 

gravimetric moisture content of oil-sands tailings which resulted in CDFs similar to this study.  

The CNN model has high predictive accuracy for both gravimetric and volumetric 

moisture content. High performance of moisture content predictions is associated with the strong 

correlation between soil moisture and spectral features (Diao et al, 2021). While the use of 

hyperspectral sensing for the prediction of tailings saturation has not previously been explored, 

results demonstrate strong promise of hyperspectral data and CNNs for the rapid measurement of 

tailings saturation.  

Predictions of void ratio, porosity, total density, and dry density capture the general trend 

of tailings property variability. However, these predictions have low COD values compared to 

predictions of PSD and moisture content. Studies which have used hyperspectral data to predict 

total density have achieved results comparable to this study (Moreira et al., 2009; Katuwal et al., 

2020; Haghi et al., 2021). Hyperspectral sensing of density conditions may be sensitive to 

sample preparation, given that the information depth of VNIR and SWIR soil spectroscopy is 

generally within the top 1 mm of the soil surface (Norouzi et al., 2021). Additionally, results 

from this study indicate density and saturation predictions have lower errors at high levels of 

saturation including at the critical saturation values associated with geotechnical and 

geochemical stability. Further studies are needed to identify contributing factors of improved 

performance at high saturations.  

The use of hyperspectral sensing for the prediction of tailings properties has potential for 

the high-speed characterization of tailings properties in the field. Studies have demonstrated the 

use of visible light cameras on CPT probes to better characterize soil profiles (Ventola et al., 
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2020) and hyperspectral sensing has been used in subsurface probes for characterization of 

agricultural soil properties (Cho et al., 2017; Pei et al., 2018). Additionally, tailings property 

predictive accuracy is expected to improve when data from multiple sensors are used as model 

inputs, such as data from hyperspectral sensing, current generation, and CPTs (tip resistance, 

sleeve friction, pore pressure, etc.) (Pei et al., 2018; Riese and Keller 2019). Future studies 

should explore the use of probe based hyperspectral sensing for the characterization of tailings 

properties in situ.  

While results from this study show promise for the prediction of multiple tailings 

properties, the test specimens in this study did not include conventional slurry tailings. However, 

Entezari et al., (2020) demonstrated the accurate prediction of slurry tailings solids, water, and 

fines content. The tailings used in this study were from a single mine site and additional studies 

are needed to understand how this methodology applies to tailings from other mining facilities. 

Additionally, studies have demonstrated that larger datasets can correspond with improved 

model performance (Prusa et al., 2015; Zhu et al., 2016), therefore future studies should consider 

the impact of dataset size on the predictive accuracy of tailings properties.  

3.5. Conclusions 

The primary objective of this study was to assess the use of hyperspectral sensing for the 

prediction of tailings properties. A tailings from a gold, silver, lead, and zinc producing mine 

was processed to obtain 300 test specimens with a range of particle size distributions, moisture 

contents, and densities. Direct-contact hyperspectral sensing was conducted for each specimen 

and tailings properties were measured including percent sand, percent silt, percent clay, fines 

content, solids content, gravimetric moisture content, volumetric moisture content, saturation, 

void ratio, porosity, total density, and dry density. The tailings-hyperspectral data were 

partitioned into training and testing datasets. The training dataset was used to optimize and train 
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a 1-D CNN for the simultaneous prediction of tailings properties. The testing dataset was then 

used to assess the performance of the CNN. Based on results of results of this study, the 

following conclusions are made: 

1. Hyperspectral data shows promise for the prediction of tailings particle size distribution 

parameters including percent sand, percent silt, percent clay, and fines content. 

Predictions of PSD parameters resulted in high coefficient of determination (greater than 

0.95) and low RMSE values (5.4%, 5.1%, 1.2%, and 5.3% respectively). The high 

predictive accuracy demonstrates the effectiveness of using CNNs and hyperspectral 

sensing for prediction of tailings properties related to particle size distribution.  

2. Predictions of solids content, gravimetric water content, volumetric water content, and 

saturation show promise for the prediction of tailings moisture metrics. Solids content, 

gravimetric water content, and volumetric water content predictions have high 

coefficients of determination (greater than 0.96) with RMSE values below 3%. Saturation 

predictions result in a high coefficient of determination (0.95) and an RMSE near 8%. 

Predictions of saturation were observed to have lower errors at saturations greater than 

50%, with RMSE reduced to 5.64%. (COD of 0.79). The strong relationship between 

hyperspectral signals and tailings moisture metrics coupled with the high predictive 

performance of the CNN demonstrates the effectiveness of using hyperspectral data for 

the prediction of tailings properties associated with moisture. 

3. The predictions of tailings properties related to density including void ratio, porosity, 

total density, and dry density also show promise, with RMSEs of 0.23, 0.05, 0.16 Mg/m3, 

and 0.14 Mg/m3, respectively, and COD values of 0.20, 0.27, 0.65, and 0.28, 

respectively. Predictions of void ratio, porosity, total density, and dry density have lower 
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errors at saturations greater than 50%, with RMSEs reduced to 0.10, 0.03, 0.07 Mg/m3, 

and 0.07 Mg/m3 respectively and COD values greater than 0.77.  

Hyperspectral sensing and machine learning demonstrate the potential to produce high-speed 

estimates of tailings properties. The inclusion of alternate data sources is expected to improve the 

predictive performance of tailings properties using machine learning. Futures studies may 

consider the use of this methodology for the prediction of tailings properties from different mine 

sites and explore the use of probe based hyperspectral sensing for tailings property prediction.  
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APPENDIX 

 

 

 

A1. Supplemental Figures for Chapter 1.  

 
Figure A.1 Maps of soil moisture for each sampling date. Circles represent sampling locations 
and infill colors represent measured soil moisture. Spatial average soil moistures (𝜃̅) (cm3/cm3) 
for the entire study site and each study region are shown in the subplots. 
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Figure A.2. Maps of soil strength for each sampling date. Circles represent sampling locations 
and infill color represents measured cone index (CI). Average cone indices for the entire study 
site and each study region are shown within the subplots. 
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Figure A.3. Photo of cone penetrometer during insertion into the surficial soil as a proxy 
measurement for surficial soil strength. From Bindner (2020).  

 

Figure A.4. Photos of (a) HydraProbe soil moisture sensor used to measure surficial soil moisture 
to a depth of 5 cm and (b) HydraProbe soil moisture sensor inserted into the soil.  
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A3. Supplemental Figures for Chapter 3 

 

Figure A.5. Simplified illustration of primary interactions and equipment involved in 
hyperspectral sensing (also known as diffuse reflectance spectroscopy (DRS)).  

 

 

Figure A.6. Simplified illustration of interactions between incident radiation and soil 
chromophores (viz. material properties), resulting in radiation being either reflected, absorbed, or 
scattered, in this example.  
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Figure A.7. Whole tailings sample used for sedimentation analyses illustrating the settling of 
most particles within the first 30 minutes after agitation.  

 

 

Figure A.8. (a) Test specimens during moisture equilibration procedure contained in ceramic 
dishes sealed with plastic wrap and (b) photo of moisture equilibrated test specimen during 
compaction into petri dish (compacted in three lifts) to achieve target density.  
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Figure A.9. Hyperspectral signals in (a) the training dataset (n = 240) and (b) the testing dataset 
(n = 60) from conditioned Latin Hypercube Sampling (cLHS) based on hyperspectral data. The 
range and general distribution density of hyperspectral signals in both the training and testing are 
visually similar, indicating the cLHS algorithm successfully replicated the multivariate 
distribution of hyperspectral data in both datasets.  

 

 

Figure A.10. Simplified flowchart illustrating the Elbow Method results, the Fuzzy C-Means 
Algorithm results, graphic illustrating cluster reassignment, and graphic illustrating the general 
procedure associated with five-fold cross validation.  
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Figure A.11. Photographs of tailings from a gold mine (M-Tailings; different than tailings studied 
in Chapter 3) prepared to various target gravametric moisure contents including (a) 0%, (b) 12%, 
(c) 25%, (d) 37%, and (e) 50% and later used in hyperspectral sensing. (d) Hyperspectral signals 
of the M-Tailings at different moisutre contents and water absorption bands located near 
1180nm, 1470 nm, and 1970 nm. Hyperspectral data were captured using a custom laboratory 
spectrometer (different than spectrometers discussed in Chapter 2 and Chapter 3). This 
preliminary analysis was completed to better understand spectral signal of tailings at various 
gravametic mosture contents. Density was not controlled or measured in this demonstration.  

 

 

Figure A.12. Simplified schematic of decantation process for separation of tailings silt and clay 
sized particles.  
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Figure A.13. Photographs of (a) wet sieving setup used to achieve whole tailings sub-samples 
with varying sand contents and (b) buckets used to mix the fine fraction of tailings (viz. passing 
No. 200 sieve) with water and allowed to settle for general separation of silt and clay sized 
particles. After the settling period, the bucket valves were opened, and clay dominated portions 
were drained. Both clay and silt dominated portions were then dried in forced-air ovens at 110°C.  
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Figure A.14. Tailings samples plotted in the principal component 1 vs. principal component 3 
space for (a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, 
(f) gravimetric moisture content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) 
porosity, (k) total density, and (l) dry density. Axis values correspond to the principal component 
score and point infill colors represent the property value for each test specimen. 
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Figure A.15. Predictions values from the CNN with infill colors displaying the degree of 
saturation for (a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids 
content, (f) gravimetric moisture content, (g) volumetric moisture content, (h) saturation, (i) void 
ratio, (j) porosity, (k) total density, and (l) dry density. 
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Figure A.16. Predictions values from the CNN with infill colors displaying the percent sand for 
(a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) 
gravimetric moisture content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) 
porosity, (k) total density, and (l) dry density. 
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Figure A.17. Predictions values from the CNN with infill colors displaying the percent silt for (a) 
percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) gravimetric 
moisture content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) porosity, (k) 
total density, and (l) dry density. 
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Figure A.18 Predictions values from the CNN with infill colors displaying the percent clay for 
(a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) 
gravimetric moisture content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) 
porosity, (k) total density, and (l) dry density. 
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Figure A.19. Predictions values from the CNN with infill colors displaying the fines content for 
(a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) 
gravimetric moisture content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) 
porosity, (k) total density, and (l) dry density. 
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Figure A.20. Predictions values from the CNN with infill colors displaying the solids content for 
(a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) 
gravimetric moisture content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) 
porosity, (k) total density, and (l) dry density. 
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Figure A.21. Predictions values from the CNN with infill colors displaying the gravimetric 
moisture content for (a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids 
content, (f) gravimetric moisture content, (g) volumetric moisture content, (h) saturation, (i) void 
ratio, (j) porosity, (k) total density, and (l) dry density. 
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Figure A.22. Predictions values from the CNN with infill colors displaying the volumetric 
moisture content for (a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids 
content, (f) gravimetric moisture content, (g) volumetric moisture content, (h) saturation, (i) void 
ratio, (j) porosity, (k) total density, and (l) dry density. 
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Figure A.23. Predictions values from the CNN with infill colors displaying the void ratio for (a) 
percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) gravimetric 
moisture content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) porosity, (k) 
total density, and (l) dry density. 
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Figure A.24. Predictions values from the CNN with infill colors displaying the porosity for (a) 
percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) gravimetric 
moisture content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) porosity, (k) 
total density, and (l) dry density. 
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Figure A.25. Predictions values from the CNN with infill colors displaying the total density for 
(a) percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) 
gravimetric moisture content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) 
porosity, (k) total density, and (l) dry density. 
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Figure A.26. Predictions values from the CNN with infill colors displaying the dry density for (a) 
percent sand, (b) percent silt, (c) percent clay, (d) fines content, (e) solids content, (f) gravimetric 
moisture content, (g) volumetric moisture content, (h) saturation, (i) void ratio, (j) porosity, (k) 
total density, and (l) dry density.  
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LIST OF ABBREVIATIONS 

 

 

 

AMSR-E Advanced Microwave Scanning 
Radiometer-EOS 

DEM Digital Elevation Model 

ASTM American Society for Testing and 
Materials 

DRS Diffuse Reflectance Spectroscopy 

CDF Cumulative Distribution Function DSM Digital Soil Map 

CH High Plasticity Clay DWT Discrete Wavelet Transform  

CI Cone Index ELU Exponential Linear Unit 

CL Low Plasticity Clay EMT+VS Equilibrium Moisture from 
Topography, Vegetation, and Soil  

cLHS Conditioned Latin Hypercube 
Sampling 

ESA European Space Agency 

cm Centimeter EVI Enhanced Vegetation Index 

CNN Convolutional Neural Network FCM Fuzzy c-Means Algorithm  

CPT Cone Penetration Test GISTM Global Industry Standard on 
Tailings Management 

Cu Coefficient of Uniformity  Gs Specific gravity of Solids 

D10 Diameter at 10 percent mass finer GTR Global Tailings Review 

D30 Diameter at 30 percent mass finer ha Hectare 

D50 Diameter at 50 percent mass finer KCB Klon Crippen Berger 

D60 Diameter at 60 percent mass finer kPa Kilopascal 

   



 

 

121 

 

Ks Saturated Hydraulic Conductivity PC2 Second Principal Component 

LL Liquid Limit PC3 Third Principal Component 

m Meter PCA Principal Component Analysis 

MBE Mean Bias Error PI Plasticity Index 

Mg/m3 Megagram per Cubic Meter PL Plastic Limit; PI, Plasticity Index 

MH High Plasticity Silt PLS Partial Least Squares 

ML Low Plasticity Silt PSD Particle Size Distribution 

mm Millimeter PSRI Potential Solar Radiation Index 

MRLC Multi-Resolution Land 

Characteristics Consortium 

PTFE Polytetrafluoroethylene 

NDVI Normalized Difference 

Vegetation Index 

r Pearson Correlation Coefficient 

NRMM North Atlantic Treaty 

Organization Reference Mobility 

Model 

COD Coefficient of Determination 

OH High Plasticity Organic Material RCI Rating Cone Index 

OL Low Plasticity Organic Material RELU Rectified Linear Unit 

p Pearson Statistical Significance RI Remold Index 

PC1 First Principal Component RI Relative Intensity 

  



 

 

122 

 

RMSE Root Mean Squared Error Tanh Hyperbolic Tangent 

SBT Soil Behavior Type TAUDEM Terrain Analysis Using Digital 

Elevation Model 

SCA Specific Contributing Area TSF Tailings Storage Facility  

SCPT Seismic Cone Penetration Test UN United Nations 

SC-SM Silty Clayey Sand UNDP United Nations Development 

Programme 

SELU Scaled Exponential Linear Unit USCS Unified Soil Classification 

System 

SHAP Shapley Additive Explanations USDA United States Department of 

Agriculture 

SM Silty Sand USGS United States Geologic Survey 

SMAP Soil Moisture Active Passive VNIR Visible & Near-Infrared 

SMOS Soil Moisture Ocean Salinity WCSS Within-Cluster Sum of Squares 

SP Poorly Graded Sand wopt  Optimum Water Content 

SPT Standard Penetration Test θ Surface soil moisture (cm3/cm3) 

SSURGO Soil Survey Geographic 

Database 

λ2 L2 Kernel Regularization 

Parameter 

STRESS Strength of Surface Soils μm Micro-meter 

SVR Support Vector Regression ρd Dry Density 

SWIR Short Wave Infrared   

 


