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Abstract 

The Critical Zone (CZ) is the complex interaction of the hydrosphere, atmosphere, 

lithosphere, biosphere and pedosphere. It is in the CZ where most biological activity on 

earth can be found. At the centre of the CZ, the pedosphere is the medium in which all 

other regions of the CZ interact. The main objective of this study was to model two aspects 

of the CZ: the presence of exposed bedrock (EB) areas and the depth of the pedosphere 

(soil depth) in the Tulameen region of Southern British Columbia. Random Forest (RF) a 

classification tree method was used to predict the presence of EB. Prediction accuracy 

was found to be 88% with an independent validation dataset. The top three predictors of 

EB presence, which are a Landsat 7 PCA, Topographic Ruggedness Index (TRI), and a 

Normalized Difference Vegetation Index (NDVI) were further explored with modified partial 

dependence plots (PDPs) to determine the probability of EB presence. The depth of the 

pedosphere was predicted with a Generalized Linear Model (GLM), Random Forest (RF) 

and Residual Kriging (RK).  Depth measurements came from the predicted EB layer which 

acted as a proxy for 0 m depth. In addition well water and soil pit information were used 

to define deeper depths for the region. GLM with RK was determined to produce the best 

model to measure depth, with an RMSE of 0.9 m in the 0 to 2 m range for depth 

measurements. EB proved to be a reliable and efficient proxy in addition to conventional 

soil depth measurements which are time consuming and costly to generate. The obtained 

results indicate that GLM with RK and the use of EB layers can aid in further studies of 

the CZ. 

Keywords:  Generalized Linear Models, Random Forest, Residual Kriging, Critical 
Zone, Exposed Bedrock, Soil Depth   
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Chapter 1.  
 
Introduction 

 

1.1 Context of Study 

The Critical Zone (CZ) is the complex environment which is made up of the 

lithosphere, hydrosphere, atmosphere, biosphere, and pedosphere (NRC, 2001). 

As demand for natural resources increases, a better understanding of the influence 

of humans on the CZ is needed (Kriebel et al., 2001).  The pedosphere is the 

region that resides at the centre of the four other spheres (Lin, 2010) and it is within 

the upper layers of the pedosphere that most of terrestrial life exists. Water 

storage, plant growth, and the production and sequestration of soluble nitrogen 

and carbon are all maintained in this zone (Lin, 2005; Richter & Mobley, 2009). 

Quantifying the depth of the pedosphere will aid in the understanding of large scale 

processes for nutrient and chemical exchange (Brantley et al., 2007; Chorover et 

al., 2007), water storage, water yields (Field et al., 2015; Yu et al., 2015; Yu et al., 

2014) weather, erosion, and soil production (Heimsath et al., 2012; Jin et al., 2010; 

Ma et al., 2010; Moraetis et al., 2014). However, few studies have attempted to 

map the depth of the pedosphere on a landscape scale as the quantity and quality 

of data required is time consuming to obtain. In this study I have used both 

deterministic and combined geostatistical methods of Generalized Linear Model 

(GLM), Random Forest (RF), GLM with Residual Kriging (GLMRK) and RF with 

Residual Kriging (RFRK) to map both exposed bedrock and the depth of the 

pedosphere.  
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1.2 Theoretical Background and Methods 

Mapping of soil properties has evolved from using simple linear relationships of 

soil properties and topography, to complex multivariate relationships between 

climate, organisms, topography, parent material and time. This evolution was 

driven by the increased access to sophisticated digital data and modeling methods, 

which allows for more soil forming factors at multiple scales to be utilized 

(McBratney et al., 2003). Digital soil mapping (DSM) has increasingly replaced 

conventional methods of soil survey. As a whole, soil mapping is becoming reliant 

on remotely acquired data sources (Mulder et al., 2011).  

DSM is the process of representing soil properties and classes in a quantitative 

format (Schmidt et al., 2008). Over the last fifty years, mapping of soil properties 

and classes has seen drastic changes and innovations. These changes are due to 

improvements in computational power, aggregation of multiple data sources 

(remotely sensed, both raster and vector based), and the integration of more 

robust statistical packages (Dobos et al., 2006). DSM is a departure from the 

qualitative aspect of soil mapping, which was described by Hans Jenny in 1941 

with his CLORPT model (McBratney et al., 2003). CLORPT states that soil is a 

function of climate, organisms, topography, parent material and time. The 

SCORPAN framework (McBratney et al., 2003) (shown below) incorporates the 

fundamentals of Jenny’s CLORPT model, but states that soil is a function of: soil 

properties of an area (s); climate (c); organism (o); relief (r); parent material (p); 

age (a), and; space (n).  

S = ƒ (s, c, o, r, p, a, n) 

McBratney’s additions to the CLORPT model have allowed for the integration of 

multiple data sources and new methods of DSM. In this study, SCORPAN has 
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been used as a framework to map locations of exposed bedrock, as well as the 

depth of the pedosphere in the CZ. Specific modeling methods used include GLM, 

RF, GLMRK and RFRK. 

1.2.1 Residual Kriging 

Kriging is a stochastic spatial interpolation method of observed 𝒵 values from the 

surrounding area weighted by spatial variance from other values (Burgess & 

Webster, 1980) There are multiple forms of kriging, but all have the common 

strength of predicting variables without bias, minimizing variance and the ability to 

account for prediction error (Burgess & Webster, 1980). 

A major component of kriging is the user’s ability to visually identify spatial 

covariance through the variogram. Spatial covariance is the similarity amongst 

values in a landscape, influenced by their proximity in space (Webster & Oliver, 

2007). The general direction (or trend) of the covariance can be displayed through 

the variogram and different semi-variogram models (spherical, gaussian and 

exponential) can be applied to represent the distribution. Each semi variogram 

model attempts to reduce the local influence of the landscape on each value in the 

distribution, allowing the trend to be spatially independent (Johnston et al., 2001). 

It is through the variogram that uncertainty can be accounted for as it relates to the 

spatial covariance (Odeh et al., 1995; Odeh et al., 1994). 

Kriging has had many uses in soil science where early scientists attempted to map 

soil attributes in areas lacking robust sampling schemes. These scientists typically 

used a type of kriging called ordinary kriging which, had been used in mining 

studies to assess heavy metal concentrations in an area (Atteia et al., 1994; Von 

Steiger et al., 1996). Studies then began to assess the spatial uncertainty that was 

associated with mapping soil properties and how different kriging methods could 

be explored to adjust for this uncertainty (Goovaerts 1999, 2001). The ability to 
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assess uncertainty was seen as a necessity when soil mapping began to introduce 

more ancillary information that could account for local variation. New combination 

methods of kriging with deterministic models were also being proposed to find new 

ways to account for uncertainty.  

Residual kriging (RK) is a combination method that allows for deterministic models 

to account for the relations amongst multiple independent variables and the 

dependent variable. With RK, deterministic models such as regression models are 

used to predict a layer and the residuals from that model are kriged. The residual 

layer and the regression layer are then combined to create a new layer (Hengl et 

al., 2004). It is through this process that spatial variance is accounted for and 

removed from the predicted layer (Goovaerts, 2001).  

There were initially 3 models for residual kriging that were proposed by Odeh et al. 

(1994): 

Model A: A regression model was produced for the target variable, followed 

by an OK of the regressed values that were combined. Variance was 

replaced by the diagonal error terms to represent uncertainty. This method 

was called “Kriging with Uncertain Data”. 

Model B: A regression model was produced for the target variable and 

residuals were extracted from that model. Regressed values were then 

kriged, as were the residual values. Both layers were then combined to 

account for target variance. 

Model C: A regression model was produced of the target variable and a 

layer of the target variables was produced from the regression model. The 

residual values were then kriged to account for the model uncertainty. 
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Model C is considered the best method for residual kriging as it utilizes more of the 

local information from the independent variables, allowing for the residuals to 

remain as the main source of uncertainty in the model (Hengl et al., 2007; Odeh et 

al., 1994; Odeh et al., 1995). 

Residual kriging has allowed for the introduction of more complex modelling 

approaches that can account for more variability from a wider source of data 

inputs. Such models include GLM and RF. 

1.2.2 Generalized Linear Model (GLM) 

Generalized linear model (GLM) is an extension of the common linear model, 

where data do not need to be normally distributed (Nelder & Wedderburn, 1972). 

To accommodate for the assumptions of classical models where functions are non-

normal, a link function is added to establish this connection (Equation 2).  

𝑦 = 𝑔(𝑥𝑖𝐵) + 𝜀𝑖 

     (Equation 2) 

The GLM follows the same equations as a linear model; where 𝑥𝑖 is all the 

measured independent variables with estimated regression weights incorporated, 

𝐵 is the slope intercept and 𝜀𝑖 is the error term. However the 𝑔 variable is the 

inclusion of the link function (Lane, 2002)  

The link function establishes a connection between the predictor and the mean of 

the dependant distribution (Venables & Dichmont, 2004). The link is considered 

non-linear and allows the mean of the response to be a scale on which the effects 

of the model can be combined additively.  
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The GLM is often used for modelling species and habitat distribution (Guisan et 

al., 1999; Guisan & Zimmermann, 2000; Miller & Franklin, 2006; Venables & 

Dichmont, 2004) because these studies typically have data that do not fall under 

the normal distribution. The GLM offers a way through the link function to 

adequately model data that does not follow the normal distribution. GLM has also 

been used in soil mapping especially in conjunction with kriging methods. Hengl et 

al. (2007) used a GLM to describe a standard residual kriging approach. Steinnes 

et al. (2014) built on Hengl’s approach and mapped the spatio-temporal change of 

heavy medal contamination in Norway. Due to the wide range of contaminants, 

multiple distributions were discovered in their data and GLM provided one method 

to map them all. It also allowed for the use of discrete variables, such as land use 

types to be included as a logit, which aided in further understanding the 

correlations of heavy metal contamination.  

1.2.3 Random Forest 

Random Forest is a machine learning technique that uses calibration data to 

predict categorical or continuous data through classification trees (Breiman, 2001). 

Trees are grown from a bootstrap selection of calibration data, and each split 

(node) is determined by the total amount of variables in the calibration data. Trees 

are grown to their maximum extent to reduce bias and increase the maximum 

amount of variance in the model. To determine accuracy of a prediction, an internal 

validation method called the “Out of Bag” (OOB) error is calculated. A subsample 

of 33% (the out of bag data) of the calibration data is removed at the beginning of 

the model, leaving 66% of the calibration data to be used for further model 

predictions.  The out of bag data is then compared to the predictions of the Random 

Forest (Diaz-Uriarte & Alvarez de Andres, 2005). The OOB sample is then 

compared to the generated classification trees, where a variable importance 

measure, similar to CART, is created. Variable importance measures the influence 

that each variable in the calibration data had on the final prediction. Variable 
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importance is primarily measured through one methods which is the mean 

decrease in accuracy (MDA). The MDA compares the OOB data to the final output 

by iteratively removing the variable’s information content removing variables. The 

variables information that contribute the most error from their removal are 

considered the most important (Liaw & Wiener, 2003). 

Random Forest was first noted as a powerful classification tool in an ecological 

setting to predict the presence of rare lichen species (Cutler et al., 2007). RF was 

powerful, due to  its ability to utilize noisy data, its ability to rank variable importance 

and its ability to internally validate its results (Cutler et al., 2007). RF has been 

widely used in DSM. Heung et al. (2014) used the Random Forest R package to 

map parent material in a regional setting. The authors found that Random Forest 

did not need optimization compared to the default values. This is a beneficial 

finding as it reduces the need for user optimization which can be time consuming 

and often difficult. RF also demonstrated its ability to handle landscape scale 

trends as parent material was successfully mapped for the lower mainland in 

British Columbia.  

Random Forest has also recently been explored as a mixed method for residual 

kriging, which can lead to greater improvements in current mapping standards. 

Guo et al. (2015) explored mapping soil organic matter using RFRK and found that 

it significantly out-performed a stepwise linear regression and a RF in regression 

mode. Hengl et al. (2015) used RFRK to map soil nutrient contents for the continent 

of Africa. Mapping was done at a 250 m resolution, with minimal data. 

1.2.4 Partial Dependence Plots (PDPs) 

Random Forest is often considered a “black box” where the interactions of the 

model are hidden from the user (Breiman, 2001). With every decision that the RF 

makes, the user is unable to assess the decisions that the classifier has made. In 
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soil science, black box approaches are becoming more common (through neural 

networks and other machine learning techniques) and often hide valuable 

information that is found in the feature selection of these models (Schmidt et al., 

2008). This can be especially problematic with new covariates being produced 

(Tesfa, et al., 2009) accompanied by higher resolution imagery which have yet to 

be fully understood (Behrens et al., 2010; Samuel-rosa et al., 2015; Wiesmeier et 

al., 2010). Variable importance plots are used to determine specifically how each 

variable influences the final prediction (Hengl et al., 2015; Pahlavan Rad et al., 

2014; Tesfa et al., 2009). This is integral for comparing relative importance of the 

variables in the model, but it does not specify which aspect of a particular variable 

is important such as elevation ranges or NDVI measurements. To further 

investigate how decisions are made in RF, it is possible to further analyze the 

individual classification trees that are created (Guo et al., 2015; Veronesi & Hurni, 

2014; Wiesmeier et al., 2010). The classification trees can allow the user to 

determine values of a variable where the breaks were made. However, this method 

is often cumbersome to visually assess as multiple segments or branches are 

derived from one variable. It also does not specify which tree segment influenced 

the final decision and by how much.  

Partial dependence plots (PDPs) are features that are incorporated into RF but are 

underutilized despite the fact they can aid in further interpretations of the model. 

PDPs measure the relative dependence (influence) that a set of independent 

variables has on a dependent variable (Hastie et al., 2009). PDPs are measured 

plots of a specified variable and the relative probability that a given predictor value 

will generate a presence response in the (classification) model. This presence 

response has been influenced by that variable and all other variables in the model 

(Hastie et al., 2009). Cutler et al., (2007) first described the use of PDFs with RF 

while predicting species distribution of rare lichens. His usage of PDPs was 

primarily qualitative as the scales for PDPs were measured in log-odds, which 



 

9 

 

range from -∞ to +∞, and still left some ambiguity in their interpretations. However 

this scale can be converted to a probability scale (Hastie et al., 2009) which can 

give quantitative results for a probability of classification with variables and values. 

This has yet to be fully explored, but it could allow for a more critical understanding 

of which variables are influencing the model (the MDA plots) and how each 

variable is actually influencing prediction.  

1.2.5 Conditioned Latin Hypercube Sampling 

There are two major sampling methods, which are commonly employed in soil 

science. The first sampling scheme is a random sampling scheme, where points 

are randomly selected from a landscape without any external interference. This 

method is considered lacking in bias, but can often oversample areas and features 

leaving large amounts of variability unsampled (Webster & Oliver, 2007). The other 

sampling method is stratified sampling, where a specified pattern is constructed 

from where sampling points are derived. This method often allows for easier 

acquisition of designated samples, but it introduces sampling bias according to the 

specific design of the sampling (Webster & Oliver, 2007). With study areas that are 

easy to access or with areas that may not be too spatially diverse, either method 

is suitable. In highly variable landscapes that are difficult to sample, the majority of 

the variance can be severely undersampled with random sampling. When there is 

significant undersampling, a large margin of error is introduced in the sampling 

points compared to the entire landscapes. In order to address these issues for 

remote access and spatial diversity, Minasny & McBratney (2006) have developed 

a new sampling method called a conditioned latin hyper cube (cLHS). 

The cLHS is a modification of the latin hypercube sampling technique (LHS) that 

was initially proposed by McKay et al. (1979). The LHS is a stratified random 

sampling technique that can sample across multivariate distributions of both 

discrete and continuous data. Equally probable strata are created for each 
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covariate, where the number of samples defined by the user determines the 

number of strata. One sample is randomly chosen from within each strata. Minasny 

& McBratney, (2006) discovered that the LHS, when applied to geographical 

space, would often find samples that were not represented in the real world. The 

conditioned modification forced sample points to be located in the data feature 

space.  

The cLHS has already been explored as a beneficial sampling technique. Brungard 

& Boettinger, (2010) found that with a cLHS they were able to accurately represent 

a 40 km2 landscape, using 6 covariates, with only 100 points. cLHS was also found 

to better represent the distribution of heavy metal contamination in soil when 

compared to a random sampling scheme (Chu et al., 2010). cLHS as a sampling 

method holds great promise for landscape scale studies because it reduces the 

total amount of necessary points to be acquired for a large area. It also ensures 

that the largest diversity in the distribution will be sampled.   

1.3 Research Rationale and Objectives 

Further research into the CZ has been noted as one of the most important areas 

of study to allow people to continue to live on Earth (NRC, 2001). A model and 

methodology for landscape scale evaluation of the depth of the pedosphere is 

greatly needed as a component of CZ research. To date, the majority of soil depth 

mapping for the CZ has been conducted on a local watershed scale (Kuriakose, 

Devkota, Rossiter, & Jetten, 2009; Pelletier & Rasmussen, 2009) or hillslope scale 

(Heimsath et al., 2001; Heimsath et al., 1999). These studies have focused on 

steady state prediction of soil depth through a process-based model; however, an 

assumed starting depth is applied to all of these models, which could contain large 

margins of error (Roering et al., 2001). Also, local scale processes of slope and 

convexity have been increasingly explored to predict soil depth (DiBiase et al., 

2012; Heimsath et al., 1997); however, landscape scale processes of erosion and 
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deposition are not always reflected in local scale models (Brardinoni et al., 2009; 

Brardinoni & Hassan, 2006).  

Data sources such as information on exposed bedrock need to be assessed for 

landscape scale soil depth predictions. When bedrock is exposed, there can be a 

significant decrease in hydrological and biological weathering of bedrock, reducing 

total sediment created (Anderson et al., 2002). These areas greatly affect the 

denudation rates of the landscape, which affects total available sediment in a 

landscape. Areas with prominent bedrock exposures indicate that local erosion 

exceeds soil production and supply, reducing the total amount of steady state soil 

(DiBiase et al., 2012). The location, lithology, and characteristics of these exposed 

rocks can give better estimates of soil production caused by physical weathering 

(Moore et al., 2009).   

The location of exposed bedrock (EB) can be used in deterministic/stochastic 

modeling as a relative depth measurement. Karlsson et al., (2014) used exposed 

bedrock and well water depth to bedrock measurements to create a local 

landscape scale depth map. The wells were used as a depth measurement and 

each well’s proximity from the bottom of the wells to the nearest bedrock outcrop 

were used to quantify depth between the well and the bedrock exposure. 

Kuriakose et al., (2009) also used EB points as a proxy in their model to determine 

soil depth. They did not include EB as its own data source, but only incorporated 

it if it was one of their random sample points. It was found that bedrock increased 

the overall sampling density required for more robust modelling techniques.  

RF, as a classification method, was used in my study to better assess exposed 

bedrock in the landscape along with legacy land data, topographic data, and 

vegetation inventories. RF has proven to be a valuable tool in predicting soil 

properties and assessing variable importance (Heung et al., 2014).  
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The objectives of phase one of this study were to: 

1. Accurately predict the occurrence of bedrock exposure in the landscape, 

2. Determine which variables had the greatest importance in predicting the, 

occurrence of EB 

3. Investigate how these variables influenced predictions. 

Once EB was mapped, the location of the EB was used to assist in mapping the 

depth of the pedosphere in the CZ. To map the depth of the pedosphere, I used 

RF as a regression model and compared the results to those using GLM, GLMRK 

and RFRK. EB, well water data and in-situ field measurements were used to 

represent the wide range of soil depths found in the landscape. The objectives of 

phase two were to: 

1. Map the depth of the pedosphere in the CZ on a landscape scale, 

2. Compare and determine the best modelling approach to map the 

pedosphere depth in Southern British Columbia, 

3. To demonstrate the predictive power that EB can add to soil depth models. 

1.4 Study Area  

The study area is approximately 3435 km2 and is located in Southern British 

Columbia. It is centered on the town of Tulameen, British Columbia (N 49°32'45" 

W 120°45'36"; see Figure 1-1). Tulameen has four biogeoclimatic zones that fall 

within its boundaries: The Coastal Western Hemlock (CWH); Mountain Hemlock 

(MH); Englemann Spruce (ES); and; Subalpine Fir and Alpine Tundra. The 

extensive precipitation (510 mm annually) is due to the orographic effect of 

westerly winds flowing from the Fraser Valley. Soils in this region are primarily 

Humo-Ferric Podzols, which are of coarse texture and well drained. The geology 

is a mix of intrusive igneous rock and folded and faulted volcanic sedimentary 

rocks. Elevations range from sea level to, 2042 m in height. Geomorphic processes 
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in the region are glacial in origin with a wide range of moraines, fluvial deposits, 

colluvial materials and mass wasting (BC Ministry of Parks, 1999). 
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Figure 1-1     Tulameen study area. 
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1.5 Thesis Structure 

The thesis is divided into four chapters, starting with this introduction, which has 

described context, current literature on the CZ, modelling methods, and the study 

area. 

Chapter Two is a paper focused on accurately mapping EB at a 100 m resolution. 

RF was used to predict exposed bedrock occurrence with a combination of legacy 

land cover maps, topography, geological and vegetation indices. A variable 

reduction method was used to reduce the total amount of inputs needed, without 

affecting prediction accuracy. Partial dependence plots were then generated to 

assess the influence that each variable had on prediction rates for exposed 

bedrock. A comparison was made between the calibration data and the RF 

prediction rates (as seen in the PDPs) to determine the individual effect calibration 

data and each variable had on the final predictions of bedrock.  

Chapter Three is a paper concerning the modelling of the pedosphere of the CZ 

(soil depth) using primarily the generated exposed bedrock layer that was created 

in chapter two. EB was treated as a 0 m depth measurement and was sampled at 

100 and 5000 points and used with RF in regression mode, GLMRK, and RFRK. 

Well water and manually collected soil depth measurements, sampled from a cLHS 

method were also included with the calibration data. These calibration data were 

used to predict a continuous soil depth layer on the landscape scale for the 

Tulameen study area. Model effectiveness was assessed through the semi-

variograms derived from the kriging procedures to access the removal of local 

trends.  A validation dataset derived from a random subsample of exposed 

bedrock, well water and cLHS points were used to validate the predicted soil maps. 

These validations were presented with RMSE values. 
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Chapter Four concludes the thesis with a brief summary of results from chapters 

two and three; followed by a discussion of potential future research, and thesis 

contributions. 
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Chapter 2.   
Investigating Variable Importance for Mapping 
Exposed Bedrock Cover in British Columbia’s 
Southern Mountains Using a Random Forest 
Approach 

 

2.1. Abstract 

Accurate mapping of exposed bedrock (EB) is an essential component of 

landscape evolution modelling. This paper presents the use of Random Forest 

(RF) as a classifier to predict the location of EB in the landscape by using modified 

legacy land cover maps. The effect of variable reduction on prediction accuracy 

was evaluated using the VarSelRF package in R data analysis software. Variable 

influence was also analyzed through transformed partial dependence plots to 

understand the probability of classifying EB. Map accuracy of EB predictions was 

increased from 48% to 88% with the use of RF in comparison to legacy land cover 

maps. Reducing total variables from 43 to 17 had no effect on the prediction 

accuracy. These findings emphasize that more data in the form of predictors is not 

always necessary and confirms that future studies should focus on improving 

quality rather than quantity of input variables for spatial predictive modeling. 

Keywords: Random Forest, Land Cover Mapping, Bedrock, Digital Soil Mapping, Partial 
Dependence Plots 
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2.2. Introduction 

Understanding the factors that determine the location of exposed bedrock 

(EB) is a critical component in studies of long term landscape evolution, vegetation 

inventories, hydrological monitoring and lithological studies. When bedrock is 

exposed, there can be a significant decrease in hydrological and biological 

weathering that is affecting the exposed rock (Anderson et al., 2002). Areas with 

prominent bedrock exposures indicate that local erosion exceeds soil production, 

reducing the total amount of steady state soil (DiBiase et al., 2012). The location, 

lithology, and characteristics of these exposed rocks can give better estimates of 

soil production caused by physical weathering (Moore et al., 2009). Areas in the 

proximity of bedrock outcrops can be characterized by abrupt changes, often in 

the form of mass wasting events (Heimsath et al., 2012). These factors are 

important when attempting to model soil erosion and landscape evolution on larger 

scales. Landscape evolution models are becoming more reliant on higher accuracy 

erosion metrics, which is why bedrock mapping is integral to future modelling 

approaches (Heung et al., 2013; Krautblatter & Moore, 2014; Montgomery, 2003; 

Pan et al., 2010). 

Existing bedrock mapping in British Columbia provides information on 

lithology and age of the subterranean rocks (British Columbia Ministry of 

Employment and Investment, 1996). Mapping efforts that include exposed bedrock 

cover are found in legacy land cover maps where accuracies are usually low (often 

less than 55%) and can be considered quite noisy (Saadat et al., 2008). However, 

even with lower accuracies, legacy maps can aid in modern approaches to 

mapping EB (Malone et al., 2014).  
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Legacy land cover maps are being used with modern statistical models to 

produce more accurate maps as is seen in approaches that are used in Digital Soil 

Mapping (DSM). These approaches try to enhance the information displayed in 

legacy maps and incorporate additional information such as terrain derivatives and 

satellite imagery (McBratney et al., 2003). DSM approaches have allowed for the 

improvement of spatial accuracy in legacy data (Grimm & Behrens, 2010), and has 

allowed for better sampling techniques to best represent legacy maps (Carré et 

al., 2007; Minasny & McBratney, 2006). New information can also be extracted 

through these approaches, for example relating to parent material, that has not 

previously been adequately mapped (Heung et al., 2014; Lemercier et al, 2012).  

A machine learning technique often used for DSM is the decision tree 

classifier known as Random Forest (RF) (Breiman, 2001). RF is an ensemble of 

classification trees used to predict either discrete or continuous dependent 

variables. RF has been widely used in many fields including bioinformatics (Bureau 

et al., 2003; Diaz-Uriarte & Andrés, 2005; Mitra et al., 2014; Strobl et al., 2008; 

Svetnik et al., 2004), ecology and species distribution (Cutler et al., 2007; Knudby 

et al., 2011; Van Beijma et al., 2014), and DSM (Ghimire et al., 2010; Grimm et al., 

2008; Pahlavan Rad et al., 2014; Wiesmeier et al., 2010). It has proven to be a 

very accurate modelling technique due to its ability to handle noisy data, generate 

variable importance measures and internally validate results (Breiman, 2001). 

Extensive testing has been done with the RF classifier for discrete and continuous 

datasets and it is found to have the highest accuracy rates with external validation, 

when tested against 179 other classifiers (Fernández-Delgad et al., 2014). 

The objectives of this study were to (a) accurately predict the occurrence of 

bedrock exposures in the landscape, (b) determine which variables had the 

greatest importance in predicting the occurrence of EB and (c) investigate how 

these variables influenced predictions.  
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2.3. Methods 

This study utilizes a RF classifier to integrate a wide variety of data sources, 

including provincial land cover maps, DEMs, satellite-derived spectral indices from 

both Landsat 7 and Advanced Spaceborne Thermal Emission and Reflection 

Radiometer (ASTER) as well as vector data for geology, vegetation and climate, 

in order to produce spatially explicit predictions of the presence and absence of 

EB (Figure 2-1). Training data were derived from a combination of existing 

datasets that specify the location of EB in relation to all other land cover classes, 

which we refer to collectively as Other Land Types (OLT). An equal area sampling 

scheme was used to select training data points from both EB and OLT areas. RF 

and a variable reduction method called VarSelRF were used to identify the most 

important variables to predict EB. These variables were used in a second RF 

model and results were validated using a set of 200 randomly located data points 

with the land cover class (EB or OLT) assigned through photo interpretation of 

imagery available from Google Earth and Google Maps. 
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Figure 2-1.     Workflow diagram of predictive land cover mapping using 
topographic indices, remotely sensed imagery, legacy land cover 
data and a RF classifier. Training data are derived from legacy land 
cover maps. Photo interpreted validation points were used to assess 
model accuracy. 

2.3.1. Study Area 

The study area covers approximately 3435 km2 and is centred on the town 

of Tulameen, in the southern interior of British Columbia (N 49°32'45" W 

120°45'36") (Figure 2-1). Two physiographic regions are represented in the 

Tulameen study area; the Coast-Cascade dry belt and the Thompson Plateau 

(Holland, 1964). Serrated peaks and ridges dominate the western portions of the 

landscape and often consist of EB. There is no present-day glacial activity within 

the study area. In addition, EB is often found on rounded summits and localized 

topographic highs below the tree line (1800 m) and in the eastern portion of the 
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region. The Tulameen study area has six biogeoclimatic zones that fall within its 

boundaries: The Coastal Western Hemlock; Ponderosa Pine; Interior Douglas Fir; 

Montane Spruce; Englemann Spruce Subalpine Fir; and Alpine Tundra (Lloyd et 

al. 1990). The region receives 510 mm of precipitation annually and the mean 

annual temperature varies from -7 to 18°C. The extensive precipitation (including 

snowfall) in the western portion results from an orographic effect of westerly winds 

flowing from the Fraser Valley.  

At higher elevations in the western part of the region, the dominant soils are 

Humo-Ferric Podzols, which have developed in coarse textured parent materials 

on well drained sites (Ministry of Parks, 1999). Brunisolic and Luvisolic soils 

predominate in the eastern portions of the region, where elevations are lower and 

less precipitation is received. The geology is a mixture of intrusive igneous rock 

and folded and faulted volcanic and sedimentary rocks with high mica content. 

Elevations range from 623 to 2337 m. The dominant geomorphic processes in the 

region are glacial in origin leading to a wide range of moraines, fluvial deposits, 

and colluvial materials. A significant amount of mass wasting has also occurred 

since deglaciation (Ministry of Parks, 1999). 
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Figure 2-2.     South Central British Columbia, depicting the Tulameen study area 
location. 

 

2.3.2. Land Unit Classification 

In this study, I consider EB to be a continuous or discontinuous naturally 

occurring land cover type where bedrock is the dominant feature visible with 

covering than 50% of the grid cell at the land surface. Areas of EB generally lack 

vegetation. Thin deposits of loose material, up to 10 cm thick, may overlay EB 

outcrops and such deposits typically are relatively unmodified by soil development 

processes. Other weathered or unweathered materials with discontinuous or 

continuous vegetation cover can be associated with EB in the landscape.  

Generally, large continuous areas of EB are found above the tree line, which 

is located at approximately 1800 masl in the study area. However, EB can occur 
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at lower elevations in the presence of minor topographic highs, exposed ridges, or 

the upper portions of slopes with convex curvature. Unconsolidated material such 

as colluvium greater than 10 cm thick is excluded from the EB definition. Thicker 

deposits of colluvium are typically found in areas with localized weathering, erosion 

and deposition of materials, where material depth and vegetation types vary 

greatly. 

In this study, EB is the only specific land type being modelled. All land types 

that do not meet the description of EB are labeled OLT. In the study area, OLT 

consist of, but are not limited to, agricultural land, urban land, densely vegetated 

land, and water. These features are considered together as a single land cover 

type, distinct from EB. Vegetated areas in close proximity or contained within 

bedrock areas are usually treeless, and may support shrubs, herbs, graminoids, 

byroids and lichens. Areas dominated by EB are often characterized by a rugged 

or topographically heterogeneous character compared to OLT. I consider a 1 

hectare grid cell as my evaluation unit, and each grid cell is classified based on 

which land type (i.e. EB vs. OLT) occupies more than half of the area. 

 

2.3.3. Calibration Data 

Training data for this study was obtained from two legacy land cover 

datasets in vector format: The Vegetation Resource Inventory (VRI) and the 

Predictive Ecosystem Mapping (PEM) projects (Ministry of Forest, Lands and 

Natural Resource Operations, 2013).  

The VRI is a province-wide database that maps British Columbia’s 

vegetation at a 1:50,000 scale. The primary use of the VRI is to classify vegetation 

types and non-vegetated cover types through crown cover estimates and non-
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vegetated coverage percentages. The database was created through photo 

interpretation and in-situ ground truthing (Ministry of Forest, Lands and Natural 

Resource Operations, 2013). VRI has a land cover type that consists of non-

vegetated land units with a total cover of trees, shrubs, herbs and byroids less than 

5%. These areas are usually upland and alpine regions that are primarily covered 

by rock, ice, and snow. Land cover units found in the VRI dataset classified as 

“exposed land” and “exposed soil” were considered as EB for the purposes of this 

study. 

Predictive Ecosystem Mapping (PEM) is an automated inventory system, 

designed to create ecosystem maps from spatial data and ecology–landscape 

relationships. Mapped at a 1:20,000 scale, it is a province-wide initiative to improve 

on previous mapping techniques with regards to both scale and accuracy (The 

Resources Information Standards Committee, 2006). Many PEM mapping 

projects, including the project covering the study area, were accompanied by semi-

detailed terrain surveys, and surficial material is an attribute in the PEM database 

that accompanies the maps. Polygons characterized as exposed bedrock in the 

PEM surficial materials attribute field (Ministry of Environment, 1988) were 

considered EB for the purposes of this study. 

 

EB polygons from VRI and PEM were joined to create a combined EB layer 

that represented all occurrences of exposed bedrock for the study area. The 

resulting combined data layer was compared to aerial imagery from BING Maps 

(Figure 2-3 A) and in-situ photography where available (Figure 2-3 B). Land cover 

units that did not fit the definition of EB were either removed or modified to conform 

to what was visible on the underlying imagery. A 100 m grid was overlaid on the 

study area, and a point was generated at the centre of each grid cell. 8691 of these 

points fell within the boundaries of the combined EB polygons. An equal sampling 

method (Heung et al., 2014) was then employed to generate an additional 8691 
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OLT data points representing the rest of the study area. These two sets of points 

were used to calibrate the RF models. 

 

Figure 2-3. A) BING imagery with a combined bedrock polygon, outlined in red, 
displaying the boundary of EB from both VRI and PEM. The orange 
dot represents the approximate location where image B was taken. 
B) A photo taken from the roadside showing a part of the combined 
bedrock polygon from A. Here EB is very prominent, with a vertical 
face of exposed rock. Overlying soil is a thin veneer with minimal 
vegetation. 

A 

B 
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2.3.4. Validation Data 

Map validation was accomplished using 1,000 randomly generated points 

within the study area. Points were classified as either EB or OLT through visual 

inspection of Google Maps imagery. Each of the random points was assessed in 

turn, until 100 points of EB and 100 points of OLT were found.  

OLT areas were generally easy to identify because they contained large 

expanses of trees, roads, cut blocks, lakes, rivers, and agricultural land. Generally 

bedrock outcrops were found in the upper slope of a catena. Grid cells for 

validation were compared to DEMs and derived slope values, the Google Maps 

satellite layer (30 cm resolution), Google Maps street view (where applicable), and 

Google Earth, using the vertical exaggeration. The Google maps satellite layer 

provided high resolution aerial imagery that allowed for identification of land types 

and local attributes for visual interpretation of vegetation cover. Google street view 

allowed for the highest resolution possible for interpretation of a grid cell when 

available. 

For example, Figure 2-4 A. shows a Google Maps image with a randomly 

placed validation point. The immediate area around the point has a homogenous 

texture with a dark greyish colour. Figure 2-4 B. shows the same area in Google 

Earth, where vertical exaggeration is used to emphasize the vertical relief around 

the validation point, and Figure 2-4 C. shows the Google street view image of the 

validation point. Here EB is very prominent, and areas that are not exposed are 

covered with a thin veneer of soil and have a sparse vegetation cover with 

discontinuous coniferous tree cover.  
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Figure 2-4. A) Image of a validation point that was classified as EB using Google 
Maps imagery. B) Google Earth image of the validation point from 
image with vertical exaggeration. The red boundary outlines all 
areas that would be considered as EB for this case study. C) Google 
Street View image of the validation point. EB is very prominent, and 
soil is a thin veneer. Vegetation consists of sparse tree cover and 
discontinuous bushes and shrubs.  

 

2.3.5. Predictor Variables 

Predictor variables used in this study were derived from a 100 m resolution 

DEM (Hectares BC, 2012), Landsat 7 and ASTER data as well as soil geological 
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and physiographic vector data (Table 2-1). 43 variables were used in total, all 

resampled to a 100 m resolution. 

Table 2-1.       List of 43 topographic, remotely sensed, and vector based land 
indices used as predictors in the RF classifier. 

 

Landscape 
Representation 

Terrain Derivatives Code Reference 

DEM Elevation Elevation  

 Topographic 
Ruggedness Index  

TRI (Riley et al. 1999) 

 Valley Depth ValleyD SAGA Development Team 
(2011) 

 Topographic Profile 
Index 

TPI (Guisan et al. 1999) 

 Slope Slope (Zevenbergen & Thorne, 
1987) 

 Multi-Resolution Valley 
Bottom Flatness 

MRVBF (Gallant & Dowling, 2003) 

 

 Multi-Resolution Valley 
Bottom Flatness-
Kilometre 

MRVBF_KM (Gallant & Dowling, 2003) 

 

 Multi-Resolution Ridge 
Top Flatness 

MRRTF (Gallant & Dowling, 2003) 

 Slope Slope (Zevenbergen & Thorne, 
1987) 

 Slope Height SlopeH (Boehner & Conrad 2008) 

 Standardized Height StandH SAGA Development Team 
(2011) 

 Profile Curvature 

 

ProfileC (Zevenbergen & Thorne, 
1987) 

 Plan Curvature PlanC (Zevenbergen & Thorne, 
1987) 

 Normalized Height NormHeight SAGA Development Team 
(2011) 

 Mid Slope Position MSP SAGA Development Team 
(2011) 

 Direct Insolation DirectInso (Böhner & Antonić, 2009) 
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 Diffuse Insolation DiffuseInso (Böhner & Antonić, 2009) 

 Convergence Index ConIndex (Koethe and Lehmeier, 1996) 

 Channel Network ChanNet SAGA Development Team 
(2011) 

 Catchment Area CatchArea SAGA Development Team 
(2011) 

 Altitude above Channel 
Network 

AltAC SAGA Development Team 
(2011) 

 Slope Length Factor LSFactor (Moore et al. 1993) 

 Topographic Wetness 
Index 

TWI (Beven & Kirkby, 1979) 

 Ridge Hill Slope 
Position-Hectare 

RHSP_HA (MacMillan, R.A, 2005) 

 Ridge Hill Slope 
Position-Kilometre 

RHSP_KM (MacMillan, R.A, 2005) 

 Mass Balance Index MB_IND (Friedrich, K. 1996) 

 Topographic Profile 
Index Classification  

Landforms (Guisan et al., 1999) 

    

Landsat 7 Normalized Difference 
Vegetation Index  

NDVI (Tucker, 1979) 

 Principal Component 
Analysis (7 Bands, 
First PC) 

LandsatPCA  

    

ASTER Visible and Near 
Infrared Principal 
Component Analysis 
(Bands 1-3, First PC) 

VNIRPCA  

 Normalized Difference 
Vegetation Index 

AsterNDVI  

 Iron Oxides  ironoxides (Kilby & Kilby, 2006) 

 Sericite and Illites Sericite (Kilby & Kilby, 2006) 

 Siliceous Rocks Siliceous (Kilby & Kilby, 2006) 

 Short Wave Infrared 
Principal Component 
Analysis (Bands 5-10, 
First PC) 

SWIRPCA  
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 Thermal Infrared 
Principal Component 
Analysis (Bands 11-15, 
First PC) 

TIRPCA  

Soil, Geological and  British Columbia 
Watersheds 

Watershed  

Physiographic  British Columbia 
Geology 

bcgeology  

Vector Data Biogeoclimatic Zones- 
Codes 

Beccodes  

Biogeoclimatic Zones- 
Zones 

Beczones  

British Columbia 
Geological/ Ecological 
Classes 

GeoEcoClas  

Glacial landforms 
Canada 

Glaciallf  

Mathew's 
Physiographic Areas 

PhysioArea  

Soil Landscapes of 
Canada 

SLC  

 

2.3.6. Random Forest Classification 

The randomForest package (Liaw and Wiener, 2002) was used in the R 

statistical program (R Development Core Team, 2012) to model the relationships 

between EB and the predictor variables. RF is an assemblage of classification 

trees that are fit to a data set, where the final predicted output is the combination 

of all trees. Trees are grown from a random selection of training data variables, 

and are allowed to reach the largest extent without pruning (Chen et al, 2004). As 

a supervised classifier, RF uses a bootstrapped portion (default 63.2%) of the 

training data in order to generate each tree. The remaining data points, called the 

Out-Of-Bag (OOB) portion, is used to generate an error estimate by comparing 

predictions and observations for these data (Breiman, 2001). Two forms of variable 
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importance measures called the mean decrease in accuracy (MDA) and the mean 

decrease in Gini coefficient (MDG) are also generated from the RF model,. The 

MDA uses the OOB measure to determine the change in prediction error from 

permutation of a single predictor in the validation (OOB) data. A large increase in 

error from such permutation indicates that the variable is important for making 

good predictions. The second variable importance measure, MDG, relies in the 

Gini coefficient that quantifies the impurity of each node in a tree. At each split in 

each tree, the Gini coefficients of the resulting two nodes are lower than that of the 

initial node, and the decrease in Gini coefficient is a measure of the importance of 

the variable used in the split (Liaw and Wiener, 2002). Default parameters were 

used for the RF model, as further optimization proved to have negligible 

improvements on prediction accuracy. 

2.3.7. Variable Selection 

Interpretation of RF can become complicated when attempting to assess 

variable importance and model predictions. Correlation between predictors and its 

influence on predictions is often hidden in the “Black Box” of the RF model (Strobl 

et al., 2008). Furthermore, prediction accuracy is often not improved by ‘over-

complicating’ a model by adding predictors, especially when those added variables 

are redundant (Svetnik et al., 2003). Accounting for data acquisition and 

processing, increased dimensionality can also be time consuming and costly and 

lowers or inhibits replicability in future studies. To reduce complexity a data 

reduction technique from Diaz-Uriarte and Andrés (2005) was employed to 

systematically remove redundant variables in the model. 

Variable reduction was completed using the ‘varSelRF’ package in R 

(Genuer, Poggi, & Tuleau-Malot, 2010), starting with the original RF model and 

using a backwards variable elimination method. First the OOB error of the original 
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model is calculated. Then the predictor with the lowest MDA importance is 

removed, a new RF model generated, and the OOB error of the new model 

calculated. Each new model’s OOB error is compared to the original model OOB 

error. This process is repeated, each time removing the predictor with the lowest 

MDA importance until there is only one variable left in the model. Each 

successively reduced model that was produced was compared to the original 43 

variable model. The model with the least amount of variables, but still within one 

standard error of the original model OOB error, was chosen by comparing the final 

binomial error count from all forests. It is important to note that variable importance 

is not recalculated with removal of each variable, but instead follows the order that 

was determined from the original MDA because this method reduces overfitting of 

the model (Svetnik et al., 2004). Default values were used for all parameters, 

except for the “Vars.frac.drop” function, which was set to 0.1, as any higher value 

return only a single predictor. 

2.3.8. Partial Dependence Plots (PDPs) 

PDPs generated from the RF model illustrate the effect of 𝓍 (a predictor) on 

ƒ(𝓍) (the predicted probability of EB presence) when all other predictors are fixed 

at their mean value (Equation 1). 

 

(Equation 1) 

 

PDPs can be interpreted to identify values of 𝓍 that are associated with 

particularly high or low probabilities of EB presence. It is important to note that the 

probabilities that are generated have also been influenced by all other variables in 
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the model (𝓍𝑖𝐶) (Hastie and Tibshirani, 2005), and may not represent 

environmental conditions actually found in the study area. 

PDPs have a y axis that ranges from -∞ to ∞ and quantifies the log-odds of 

a positive classification for the total range of values in 𝓍. Log-odds are logarithmic 

transformations of the probabilities for values in 𝓍 (Hastie and Tibshirani, 2005). 

Using Equation 2, the y-axis of the PDPs were converted from a log-odds to a 

probability scale that determines the probability of EB presence. The 

transformation of the y-axis was applied to the three variables (LandsatPCA, 

Landsat NDVI and Topographic Ruggedness Index (TRI) with the highest MDA 

importance after variable reduction. 

𝑝 = 𝐸𝑋𝑃(𝑦)/(1 + 𝐸𝑋𝑃(𝑦)) 

 (Equation 2) 

2.4. Results and Discussion 

2.4.1. Partial Dependence 

RF is referred to as a “Black Box” due to the use of multiple classification 

trees, where detailed interpretation of the relations between the predictors and the 

response variable becomes very difficult (Prasad et al., 2006). Through the use of 

PDPs, the relationships between predictors and predictions can be at least partially 

understood. Cutler et al. (2007) used PDPs in their analysis of species distribution; 

however they only made a qualitative assessment of values. Here I use PDPs to 

quantify the probability of generating an EB presence prediction given the full 

range of values for a predictor. It is important to note that probabilities illustrated in 

these PDPs quantify the predicted probability of EB presence given a specific 

value of the predictor in question and the mean value of all other predictors present 
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in the model. The LandsatPCA, Landsat NDVI and TRI variables will be further 

analyzed due to their rank generated from the RF MDA plot. While all other 14 

variables also had a non-negligible influence on the prediction of bedrock, only 

LandsatPCA, NDVI and TRI were explored further in this study. 

 

2.4.1.1 Landsat PCA 

LandsatPCA obtained the highest MDA variable importance. Similar studies 

that have used RF to map landforms, with the inclusion of EB, have found that 

elevation was ranked the most important. However these studies did not include a 

LandsatPCA layer in the analysis (Veronesi & Hurni, 2014). To further understand 

the influence that LandsatPCA had on the prediction of EB, a PDP was generated 

(Figure 2-5) to show the probabilities of generating a presence response for EB. 

Histograms from the training data were plotted with the PDPs to better understand 

the relationship between the data and the final model predictions. 
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Figure 2-5.     A Partial Dependence Plot for the first principal component of a 
Landsat 7 image. Partial dependence is the partial effect that a 
predictor will have for predicting the dependent variable, when all 
other predictors in the model are set to their mean value. The x-axis 
shows the full range of values of the predictor variable. The primary 
y-axis (left) shows the backwards log transformation of a log-odd to 
produce a probability metric for a presence prediction for EB. The 
secondary y-axis (right) is the cell count for LandsatPCA values in 
the data used to train the RF model. 

 

The PDP shows that an increase in LandsatPCA values from -36 to 

approximately 30 lead to an increase in the predicted probability of EB presence 

from 25% to around 60%. This probability remains relatively stable at higher 

LandsatPCA values (Figure 2-5). The histograms also indicate a transition from a 

high frequency of OLT to EB observations over this range of LandsatPCA. The 

highest frequency values of Landsat PCA for the EB training data is 17, but the 

LandsatPCA values with the highest rate on the classification occur between 
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LandsatPCA 30 and 70. This indicates two processes. One, that RF favours values 

where one class has a significantly higher frequency than the other to increase 

prediction probability. Two, that there is a divergence between frequency of values 

in the training dataset and prediction rate and shows that higher frequencies do 

not directly correlate with increased prediction rates. EB presence is least likely in 

the -40 to -3 range of LandsatPCA, in which LandsatPCA values are predominantly 

associated with the OLT class.  

Factor loadings from the PCA report attributed the majority of the variance 

to bands 4 and 6 from the Landsat 7 images. Band 4 is the near infrared band 

often used for biomass and shoreline interpretations (Bou Kheir et al., 

2010;Gowardet al., 2001; Velmurugan & Carlos, 2009) and band 6 is for thermal 

infrared and is used for thermal and soil moisture mapping (Goward et al., 2001; 

Hashemimanesh et al., 2012).  The greater the PCA value is, the more likely that 

RF will classify an area as bedrock. From the high factor loadings these areas are 

assumed to be warmer and lacking biomass. 
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2.4.1.2 Normalized Difference Vegetation Index 

 

Figure 2-6.     A Partial Dependence Plot for Landsat NDVI with count data of the 
Landsat NDVI training data values used to generate the PDP. 

NDVI was the second most important variable in the MDA in the reduced 

RF model. The PDP for Landsat NDVI (Figure 2-6) shows an irregular u-shaped 

relationship with the prediction for EB, with three distinct regions. Lower prediction 

effects for EB can be seen in the 0.19 to 0.38 range of NDVI. The prediction of EB 

is as low as 37% in this range, which also coincides with significant overlap in the 

training data between the two classes (EB and OLT). NDVI values less than 0.19 

represent a second region of the PDP, where much higher prediction effects (as 

high as 62%) were observed. Valor & Caselles (1996) used field testing in the 

Hérault region of southern France and found NDVI values for EB to be below 0.17, 

which is consistent with the results presented in this PDP. The last region of the 

PDP plot for NDVI occurs where values are greater than 0.38. Here another 

increase in prediction effect is observed in EB, where classification is seen as high 

as 49%. These values in the training data were found to be on fringe areas 

between EB and densely vegetated areas and are being represented as pure 
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bedrock. Values in this range tend to be closely related to vegetated environments, 

which is not typical for EB, having led to decreases in the prediction accuracy of 

the bedrock maps. The misrepresentation in the training data can be attributed to 

the changing scale for the combined bedrock polygons (1:20,000 scale) to a 100 

m resolution.  

2.4.1.3 Topographic Ruggedness Index 

 

Figure 2-7      A Partial Dependence Plot for topographic ruggedness index with 
count data of the TRI training data values used to generate the PDP. 

The third most important variable in the RF model was topographic 

ruggedness index (TRI) (Figure 2-7). Here a positive linear relationship with the 

prediction effect is seen; where the higher the value for TRI, the higher its 

prediction effect for classifying EB. TRI values between 0 and 24 have a great 

amount of overlap between EB and the OLT classes, and also the highest 

frequency of OLT training points. The effect that TRI has on the presence response 
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in the lower portion of this range can be as low as 34%, due to the higher 

frequencies of OLT training points found in this range. Classification reaches 67% 

as the frequency of EB exceeds OLT with values exceeding 24. TRI is closely 

related to slope (Sappington et al., 2007) and may be why it supersedes slope as 

an important predictor (DiBiase et al., 2012; A. M. Heimsath et al., 2012). However, 

it is important to note that TRI accounts for variance in a landscape and does not 

give the degree of change as does slope. The PDP suggests that highly rugged or 

highly variable terrain has more EB. The highest occurrence can be seen with a 

TRI value of 67. In this landscape, values do not tend to be any more variable than 

a TRI of 67 and this is why there is less frequency for higher TRI values.  

It is important to note that the probabilities shown in the PDPs are not true 

probabilities of finding EB in an area with the given environmental conditions, but 

rather the probability of EB presence predicted by the RF model. These values are 

influenced by study area (location and scale), the training data, and the predictors 

used in the model.  

2.4.2. Accuracy of Legacy Land Cover Maps 

The 200 validation points were compared with the legacy land cover data 

that depicted EB and OLT for the study area (Figure 2-8). Validation results show 

the percentage of cells correctly classified in each map for EB and OLT out of 100. 

Both accuracy ratings for EB and OLT are then summed and averaged for the total 

map accuracy (Figure 2-9). Validation accuracy of EB for VRI and PEM was low, 

reported at 46% and 28%, respectively. The combined EB layer only marginally 

increased its accuracy at 48%.These results reflect in part the coarser map scale 

used to produce the legacy land cover maps, and also they possibly reflect that 

EB was not the focus of the VRI maps, where the vegetated and productive areas 

of the landscape received much more attention than those with EB. Total accuracy 
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for VRI and PEM were between 63% and 75%, however these values are skewed 

by the high prediction probability for the OLT class. Values for EB (the minority 

class) were much lower, and were seen to be as low as 28% with the PEM data. 

Not only was EB misclassified as OLT classes in areas with bedrock, there were 

significant portions of bedrock that were not included in the PEM and VRI datasets. 

 

Figure 2-8.      EB map from legacy land cover data (blue polygons), in relation to 
200 validation points assessed for areas of EB and OLT. 
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Figure 2-9      Validation accuracy (%) for the 200 validation points (100 for EB and 
100 for OLT).  Each cover type for validation was compared to the 
map and resulting accuracies (out of 100) for each class are 
presented. The total map class represents the average of both class 
accuracies. 

When the validation points were compared to the RF predictions, overall 

accuracy for RF predictions using all variables and the reduced variable model 

were 88.5% and 89%, respectively. EB prediction accuracy was also 85% and 86% 

respectively and OLT prediction at 92% for both models. There was an average of 

30% higher accuracy for the predicted RF maps compared to the legacy land cover 

maps. Emphasizing that legacy maps can greatly be improved through RF.  
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2.4.3. Predicted Maps 

Both RF models for the Tulameen study area (Figure 2-10) produced very 

similar maps. The model with all 43 variables covered 425.95 km2 (12.4%) of the 

study area and the reduced model covered 428.23 km2 (12.5%) of the study area. 

Showing that even though there was a reduction in total predictors, seemingly 

identical maps were created. The total area mapped for both RF models was 

significantly greater than the area mapped by PEM and VRI. PEM, VRI and the 

combined bedrock layers had 46.06 km2 (1.3%), 105.26 km2 (3%), and 108.01 km2 

(3.1%) area, respectively. Figure 2-11 shows a comparison of the combined EB, 

and the predicted RF maps. The RF model captures more of the EB in the 

landscape that was not mapped from the PEM and VRI mapping procedures. 

However, it is important to note that VRI and PEM did not have exclusive EB layers.  

The lack of exclusive EB layers may have contributed to the lower accuracies, 

which emphasizes the need for this study’s methods. It is also important to 

emphasize that even though more EB has been mapped in the landscape, this 

study focused on a 100 m resolution, where the VRI and PEM datasets were 

mapped at a 1:20,000 scale. VRI and PEM have higher precision with their 

boundaries, while the RF model includes more of the fringe landscape that is not 

EB but dense vegetation.   
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Figure 2-10.   Predictive EB cover type maps using RF at a 100 m spatial 
resolution for the Tulameen study area. 
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Figure 2-11. A comparison of the (A) combined EB and the (B) RF predicted EB 
maps. 



 

52 

 

 

2.5. Conclusion 

This paper presented the use of a RF classifier to map exposed bedrock. 

The RF classifier was applied to a study area in Southern BC to demonstrate how 

modified legacy land cover maps can be used, in combination with a range of 

predictors derived from DEMs, satellite imagery and soil, geological and 

physiographic vector data to produce accurate bedrock maps.  

Using the VarSelRF package, backward elimination of predictor variables 

showed that the 43 predictors used for the original model could be reduced to 17 

variables, with no substantial effect on prediction accuracy. This reduction allowed 

for a simpler model and could save time in dataset acquisition and preparation if 

bedrock predictions are desired for different areas with the same model. 

To further understand how variables influenced the prediction of bedrock, 

transformed PDPs from the reduced RF model were generated for the three most 

important predictors (Landsat PCA, NDVI and TRI). Key value ranges were 

described for values that were associated with accurate classification of EB for 

each variable. Anomalies in the data such as seen with NDVI were also easier to 

visualize and interpret with PDPs. 

Finally, this study demonstrates that RF can greatly improve on legacy land 

cover maps that could be considered noisy and lacking in accuracy. These findings 

highlight the importance of machine learning techniques in land cover mapping, as 

field data collection is expensive and time-consuming and thus rarely carried out 

and there is an increasing reliance on remotely acquired information. 
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Chapter 3.  
Modelling Soil Depth in the Critical Zone for 
Southern British Columbia 

3.1. Abstract 

The Critical Zone (CZ) is defined as the outer layer of the solid Earth, extending 

from the vegetation canopy to the pedosphere and down to the bottom of the 

weathered bedrock zone. Most biological, chemical and physical interactions take 

place in the CZ, and it is here that most terrestrial life is found. Being able to predict 

the depth of the pedosphere (i.e. soil depth) in the CZ can lead to a better 

understanding of rates of physical/chemical change, such as carbon 

sequestration, soil erosion, and water storage. The objective of this study was to 

accurately map the depth of the pedosphere on a landscape scale for Southern 

British Columbia. The data inputs used were exposed bedrock (EB) points, well 

water (WW) data, and manually sampled soil depth measurements, for which 

conditioned latin hypercube sampling (cLHS) was used to define a set of locations 

where soil depth was measured from soil pits. Four methods were then used to 

model soil depth as a function of environmental data layers derived from a digital 

elevation model and satellite imagery: Generalized Linear Model (GLM), Random 

Forest (RF), GLM Residual Kriging (GLMRK) and RF Residual Kriging (RFRK). An 

equal weighted random sampling scheme of 100 EB, WW, and soil pit points was 

used with each model. A second sampling scheme was used with the same WW 

and soil pit points and an additional 5000 randomly sampled EB points, used to 

improve prediction accuracy with limited data sources. Of the modelling methods 

used, GLMRK proved to be the best method for shallow depths (0 to 2 m) as 

assessed by Root Mean Square Error (RMSE) values (1.87 m) with the equal 

weighted sample scheme. 
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The addition of the 5000 EB points substantially improved predictions for shallow 

depths (RMSE 0.9 m) as well as soil depths in the 2-5 m range, while having 

negligible impact on predictions at deeper depths. This demonstrates that an 

exposed bedrock layer can help constrain shallow soil depth predictions when 

used in conjunction with geostatistical approaches such as GLMRK and RFRK for 

mapping soil depth. 

Keywords:       Critical Zone, Soil Depth, Random Forest, GLM, Kriging, Landscape    
Modelling 

A version of the following chapter will be submitted to a peer reviewed journal for publication under the co-authorship of Margaret Schmidt, Chuck 
Bulmer, and Anders Knudby. 

3.2. Introduction  

The critical zone (CZ) is the environment in which complex interactions 

between soil, rock, air, water, and living organisms occur to maintain and regulate 

natural processes. The CZ extends from the top of the vegetation to the solid fresh 

bedrock below the soil surface (NRC, 2001). The active regions within which these 

processes take place are the atmosphere, biosphere, hydrosphere, lithosphere, 

and the pedosphere. The pedosphere, here considered as encompassing all 

unconsolidated material from the top of the mineral soil to the top of the fresh 

bedrock, acts as a transition zone between the atmosphere above and the hard 

rock below (Brady & Weil, 2007) and as the interface for the other four spheres 

(Lin, 2010). 

The pedosphere influences nutrient and chemical exchange rates (Brantley 

et al., 2007; Chorover et al., 2007), the effects of water storage, water yield and 

boundary transfer (Field et al., 2015; Yu et al., 2015; Yu et al., 2014), and 

weathering, erosion and soil production rates (Heimsath et al., 2012; Jin et al., 

2010; Ma et al., 2010; Moraetis et al., 2014). These processes are all strongly 
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influenced by the vertical extent of the pedosphere (henceforth: soil depth). 

Empirical and quantitative models are needed to predict and describe this aspect 

of the CZ due to the complexity of mapping the depth of the pedosphere directly 

(Lin, 2010). Four categories of such methods have been used to model soil depth: 

1. Process based 

2. Deterministic  

3. Stochastic/ geostatistical  

4. Combined  

(Li et al., 2011; Pelletier & Rasmussen, 2009) 

Each of these methods attempts to predict the steady state depth of soil. 

The first models to predict soil depth were process based models that incorporated 

the relationships of slope angle and slope convexity with soil production rates 

(Heimsath et al, 1999). These models were very susceptible to stochastic elements 

in the landscape that could alter erosion rates. An assumed starting soil depth was 

required for each model, which introduced errors as an approximate depth was 

given. Later, local depth measurements were introduced to calibrate the models, 

and higher resolution elevation data were introduced to aid in predictions. This 

generally improved the model predictions of soil depth (Pelletier & Rasmussen, 

2009). However, these models are typically very complicated to reproduce and are 

only applicable to small hillslopes which require a large amount of in-situ 

measurements.  

Deterministic methods are also commonly used to predict soil depth, for 

example regression models have been used to predict soil depth from topographic 

variables (Ziadat, 2010). Quantitative models incorporating the relationship 

between the distance to bedrock and well water depth have proven to be beneficial 



 

61 

 

in data limited areas of Sweden (Karlsson et al., 2014). However, one issue with 

these models is the inability to incorporate local variance related to heterogeneous 

landscapes. These models can therefore only be applied to small areas, where the 

effect of local trends in the landscapes can be minimized.  

Many studies have used geostatistical methods such as kriging and 

combined methods of residual kriging to predict soil depth (Kuriakose et al., 2009; 

Odeh et al., 1994; Sarkar et al., 2013). The combination of both geostatistical and 

deterministic methods has allowed for the integration of topographic variables to 

account for spatial uncertainty in the landscape, and thus has led to improvements 

in soil depth mapping. Generalized Linear Model (GLM) residual kriging was one 

of the first combined methods proposed (Odeh et al., 1994). GLM is a weighted 

linear model that uses a link function to allow distributions other than a normal 

distribution to be used for predictions (Lane, 2002). Residual values were 

generated from the GLM model and kriged, then observed soil depth 

measurements were independently kriged and were added to the kriged residuals. 

It was found that only residual values (which incorporated the uncertainty in the 

landscape) should be kriged and combined with the layer produced by the 

regression model, not a kriged layer of observed soil depths (Hengl et al., 2004; 

Odeh et al., 1995). Other studies have explored different combinations of 

regression models and kriging procedures to improve upon prediction accuracies. 

Kuriakose et al., (2009) compared the use of a linear model, block kriging and 

residual block kriging and found that the residual block kriging performed the best 

for predicting soil depth. Residual block kriging was able to account for more of the 

variability in the landscape when comparing error rates; although validation results 

were similar to ordinary kriging with residual kriging due to the controlled 

environment. That study had 259 augured soil points; however the depth range 

was limited from 0 to 4 m, and the study site comprised a single watershed.  
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Random Forest (RF) is a non-parametric decision tree classifier that can 

predict both discrete and continuous data (Breiman, 2001). The ability of RF to 

handle large and noisy datasets and to generate variable importance plots has 

made it an important tool to map soil properties (Heung et al., 2014; Rad et al., 

2014; Wiesmeier et al., 2010). Tesfa et al., (2009) used RF in regression mode 

and compared it to a General Additive Model (GAM) to predict soil depth at 

watershed-scale. Their study focused on the creation of new predictors that could 

help to predict soil depth. It was found that RF outperformed the GAM model and 

was able to express more of the spatial variability in the watershed than the GAM 

model; however they did not further explore the abilities of RF and residual kriging 

(RFRK). 

RFRK has been explored in mapping other soil properties but has not been 

used to map soil depth. Guo et al., (2015) explored mapping soil organic matter 

using RFRK and found that it significantly out-performed a stepwise linear 

regression and a RF in regression mode. Hengl et al., (2015) used RFRK to map 

soil nutrient contents for the continent of Africa. Mapping was done at a 250 m 

resolution, with minimal data and these authors also found that it outperformed RF. 

Their results also demonstrate that RFRK can handle a large amount of spatial 

variation in the landscape in comparison to other methods, even at a continental 

scale. Even though RFRK has not been explored to map soil depth, it has proven 

its ability to map highly variable soil properties, indicating that it could be used for 

mapping soil depth at the landscape scale.  

Most soil depth studies are conducted on a local scale, typically on a single 

watershed or a hillslope, with very extensive sampling methods. Combination 

methods such as Residual Kriging can prove to be an important tool for mapping 

soil depth at a larger landscape scale, especially in data limited areas. 
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The objectives of this study were to first map the depth of the pedosphere 

(soil depth) on a landscape scale; then to compare two deterministic models with 

residual kriging and assess which model had optimal performance; and finally to 

assess the predictive power that data on the location of exposed bedrock (EB) 

adds for mapping soil depth. The modelling methods GLM, RF, GLMRK and 

RFRK, were used to predict soil depth and the methods were compared through 

variogram variances and prediction errors to determine which method performs 

the best for mapping soil depth. The methods were applied to the Tulameen region, 

Southern British Columbia. 

3.3. Methods 

This study compares GLM, RF, GLMRK and RFRK for mapping the depth 

of a steady-state soil layer in Southern British Columbia (Figure 3-1). Explanatory 

environmental variables were derived from a digital elevation model (DEM) and 

Landsat 7 and ASTER satellite imagery. Calibration/validation soil depth data 

points were derived from well water (WW) records (n = 239), soil pits (n = 174), 

and exposed bedrock (EB) locations (n = 300). A separate set of models was 

created by expanding the set of EB locations from 300 to 5000. All models were 

calibrated with a subset of the available data (n = 300, n = 5200 with the expanded 

data set), applied to the environmental data layers to produce mapped predictions, 

and validated with a random subset of the soil depth data (n = 222) not used for 

model development. Map accuracy was quantified as the Root-Mean-Squared 

Error (RMSE) calculated separately for soil depth ranges 0-2 m, 2-5 m, 5-10 m, 

and >10m. 



 

64 

 

 

Figure 3-1      Workflow diagram for predictive mapping of soil depth using 
topographic indices, remotely sensed imagery and GLM, RF, 
GLMRK, and RFRK modelling methods. Calibration data consisted 
of well water data, in-situ soil depth measurements and exposed 
bedrock areas. Validation data were a subset of the calibration data 
and assessed the prediction accuracy of each model using RMSE 
values. 

3.3.1. Study Area 

The Tulameen study area is located in the south central interior of British 

Columbia, Canada (N 49°32' W 120°45') (Figure 3-2). The area occupies 3435 km2 

of primarily coniferous forest in the Cascade Dry Belt and Thompson Plateau. The 

Cascade Mountains here are considered to be part of the Coast Mountain range 

(Holland, 1976) and elevations range from 623 to 2337 masl. The biogeoclimatic 

zones that are found in this region are the Coastal Western Hemlock, Mountain 

Hemlock, Alpine Tundra, Interior Douglas-Fir, and the Engleman Spruce zones. 

Monthly average temperatures range from -12 to 27º C with an average of 550 mm 

annual precipitation (B.C. Ministry of Parks, 1999). 
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The majority of the soils in this region developed after the recession of the 

Wisconsin glaciation, approximately 12,000 years ago. The dominant parent 

material in the region is glacial till, with some areas of glacial fluvial and glacial 

lacustrine deposits. Typical soil types found in this region are Dystric Brunisols in 

the higher elevations and Humic Podzols in the lower elevations; soil pH ranges 

from 3.6 to 5.2 (Fraser et al., 1989). The depth of the soil in this region is highly 

variable, in part because glacial erosion and deposition during the Pleistocene 

Epoch likely resulted in six times more movement and deposition of material than 

subaerial erosion (Church & Ryder, 2010). 
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Figure 3-2      Map of the Tulameen study area in southern interior of British 
Columbia, Canada. 
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3.3.2. Soil Depth Data 

Soil depth data were obtained from three independent sources: provincially 

regulated well water records, in-situ depth measurements from soil pits, and a 

predictively modeled EB layer. Due to the methods with which these datasets were 

created, they are inherently clustered, primarily near roads or populated areas. 

The creation of the EB data layer is briefly described below, full details were 

outlined in Chapter 2.  

3.3.2.1 Exposed Bedrock Layer 

A 100 m resolution map of EB for the study area was created using 

predictive modeling in a separate study (Chapter 2), with an overall accuracy of 

88%. Calibration data for the EB map included land cover maps, a DEM, satellite-

derived spectral indices from both Landsat 7 and ASTER as well as vector data 

for geology, vegetation and climatic zones. Modelling was facilitated by user 

interpretation of imagery with comparison to legacy cover data, and was validated 

with high-resolution imagery. Sample points for the present study were generated 

from the centroid of each EB cell (42,823 total cells were available) and were 

assigned a soil depth value of 0 m. 

3.3.2.2 Well Water 

The Province of British Columbia has made it mandatory through the Water 

Act that all private and public wells have a well report produced. Each report details 

artesian flow rates, limnology and depth to bedrock, along with GPS coordinates 

(http://www.env.gov.bc.ca/wsd/data_searches/wells/). All well data (568 points) in 

the Tulameen area were accessed and the depth to bedrock values were 

extracted; however, only 239 of the wells had complete reported depth 

measurements and were used in further analysis.  
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3.3.2.3 In-situ Soil Depth Data 

Field measurements of soil depth were made at locations chosen using 

conditioned latin hypercube sampling (cLHS) (Minasny & McBratney, 2006). cLHS 

is a modified sampling technique based on the latin hypercube (LHS) initially 

discussed by McKay et al. (1979). The cLHS is a stratified random sampling 

technique that can sample across multivariate distributions of both discrete and 

continuous data. Equally probable strata are created for each covariate, where the 

number of strata is determined by the number of samples defined by the user. One 

sample value is randomly chosen from within each strata. cLHS ensures that 

samples are found in data feature space (Minasny & McBratney, 2006).  

Eight predictor variables were chosen to represent the feature space for the 

Tulameen study area which were elevation, slope, total insolation, NDVI (Landsat 

7), topographic profile index (TPI), plan-curvature, profile-curvature, and 

multiresolution index of valley bottom flatness (MRVBF). 

A 150 m buffer was applied to all roads, logging routes and fire access roads 

in the study area. The buffer was applied to reduce the total potential area to be 

sampled, enabling more samples to be collected with shorter distances to travel, 

while still capturing the variability of the landscape. 200 sample points were chosen 

due to time constraints associated with field collection. Other studies have used a 

similar sample size, with suggestions that 200 to 300 sample points are 

representative for soil field studies using the cLHS method of sampling (Brungard 

& Boettinger, 2010). 

3.3.2.3.1 Soil Depth Measurements 

174 of the 200 points were sampled in the field, while the remaining 26 

points were either inaccessible or located in dangerous areas. A one metre soil pit 

was excavated at each of the 174 points if possible. When soil depth (depth of 
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unconsolidated material to solid bedrock) was less than 1 m, the depth was 

recorded. When solid bedrock was not encountered in the 1 m profile, topographic 

details of the sampled area were evaluated and a generalized depth was visually 

estimated for the 1 hectare area that the plot represented. All pits regardless of 

depth had relevant site conditions recorded. Field information from local soil 

surveys were also used to assist in making soil depth estimates (Lord & Green, 

1974). 

An example of the method used in the field collection process for soil areas 

with a depth greater than 1 m is shown in Figure 3-3. Here the sample point was 

located on a 20° slope adjacent to the road. Bedrock was not found within the 1 m 

soil pit (Figure 3-3A). This point (Figure 3-3B) was found to be at a mid-slope 

position with a straight surface shape (slanting hill from right to left) with minor 

mounds. The soils here were derived from a morainal blanket deposit. Due to the 

presence of visible exposed bedrock in the area surrounding the pit, and the pit 

being located on a relatively steep slope, close to the peak of a local mountain, 

soil depth was estimated as 3 m for the 1 hectare grid cell that it represented. 
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Figure 3-3      Images displaying the estimation of soil depth in the field. A) A 100 
cm deep soil pit. B) The slope position of the sample point and the 
surrounding area. 

 

3.3.3. Environmental Variables 

Environmental predictor variables included both topographic variables 

derived from a DEM and remotely sensed variables (Table 3-1). A 100 m DEM 

(Hectares BC, 2012) was used to generate all topographic variables. Remotely 

sensed variables were used to quantify visible surficial mineral presence, 

vegetation cover and other land cover. Images were acquired from Landsat 7 and 

the ASTER satellites. 

Table 3-1         List of 36 topographic and remotely sensed indices used in the 
GLM, RF, GLMRK, and RFRK models. 

Landscape 
Representation Terrain Derivatives Code Reference 

DEM Elevation Elevation  

 Topographic Ruggedness Index  TRI (Riley et al. 1999) 
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 Valley Depth ValleyD SAGA Development Team (2011) 

 Topographic Profile Index TPI (Guisan et al. 1999) 

 Slope Slope (Zevenbergen & Thorne, 1987) 

 
Multi-Resolution Valley Bottom 
Flatness MRVBF (Gallant & Dowling, 2003) 

 
Multi-Resolution Valley Bottom 
Flatness-Kilometre MRVBF_KM (Gallant & Dowling, 2003) 

 
Mulit-Resolution Ridge Top 
Flatness MRRTF (Gallant & Dowling, 2003) 

 Slope (in radians) Slope (Zevenbergen & Thorne, 1987) 

 Slope Height SlopeH (Boehner & Conrad 2008) 

 Standardized Height StandH SAGA Development Team (2011) 

 Profile Curvature ProfileC (Zevenbergen & Thorne, 1987) 

 Plan Curvature PlanC (Zevenbergen & Thorne, 1987) 

 Normalized Height NormHeight SAGA Development Team (2011) 

 Mid Slope Position MSP SAGA Development Team (2011) 

 Direct Insolation DirectInso (Böhner & Antonić, 2009) 

 Diffuse Insolation DiffuseInso (Böhner & Antonić, 2009) 

 Convergence Index ConIndex (Koethe and Lehmeier, 1996) 

 Channel Network Base Level ChanNet SAGA Development Team (2011) 

 Catchment Area CatchArea SAGA Development Team (2011) 

 Altitude above Channel Network AltAC SAGA Development Team (2011) 

 Slope Length Factor LSFactor (Moore et al. 1993) 

 Topographic Wetness Index TWI (Beven & Kirkby, 1979) 

 Ridge Hill Slope Position-Hectare RHSP_HA (MacMillan, R.A, 2005) 

 Ridge Hill Slope Position-Kilometre RHSP_KM (MacMillan, R.A, 2005) 

 Mass Balance Index MB_IND (Friedrich, K. 1996) 

 
Topographic Profile Index 
Classification Landforms (Guisan et al., 1999) 

    

Landsat 7 Normalized Difference Vegetation 
Index 

NDVI (Tucker, 1979) 

 
Principal Component Analysis (7 
Bands, First PC) 

LandsatPCA 
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ASTER Visible and Near Infrared Principal 
Component Analysis (Bands 1-3, 
First PC) 

VNIRPCA 

 

 
Normalized Difference Vegetation 
Index (Bands 3 and 2) 

AsterNDVI 
 

 Iron Oxides ironoxides (Kilby & Kilby, 2006) 

 Sericite and Illites Sericite (Kilby & Kilby, 2006) 

 Siliceous Rocks Siliceous (Kilby & Kilby, 2006) 

 

Short Wave Infrared Prinicpal 
Component Analysis (Band 5-10, 
First PC) 

SWIRPCA  

 

Thermal Infrared Principal 
Component Analysis (Bands 11-15, 
First PC) 

TIRPCA  

 

 

3.3.4. Calibration and Validation Data Samples 

3.3.4.1 Calibration Data 

Of the 42,823 EB, 239 WW and 174 soil pit data points, a randomly 

selected, equal weighted subset of 100 EB, 100 WW and 100 soil pit points were 

used for model calibration. The EB points represent the shallowest depths, 

whereas, the WW point represent the deepest depths and the soil pit points are 

mid-range depth points. An alternative calibration data set, increasing the number 

of EB data points from 100 to 5000, was also created. The increased EB points 

were paired with the 100 WW and 100 soil pit points to test the effect of using this 

abundant but specific (depth = 0 m) data source on model behaviour. Greater 

sample sizes have been shown to increase estimation precision for deterministic 

models (Mendez & Lohr, 2011) and for variogram predictions when applied to 

residual kriging, however it is often unknown how large a sample needs to be in 

order to achieve optimal precision (Webster & Oliver, 2007). Values of all 
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environmental predictors (Table 3-1) were derived for all data points to form the 

calibration data set. 

3.3.4.2 Validation Data  

In order to assess model performance, a random subset of equal weighted 

samples was created from the WW, soil pit, and EB points that were not used in 

the generation of the models. Validation samples consisted of 74 well water points, 

74 soil pit points, and 74 randomly sampled EB points for a total of 222 validation 

points. 

3.3.5. Modelling Approaches 

Four modelling approaches were used to estimate soil depth from the 

calibration data sets: GLM, RF in regression mode, GLM with residual kriging, and 

RF with residual kriging. Calibration data for the RF models were not normalized 

because RF is a non-parametric model, while predictors were log-transformed as 

necessary prior to use in the GLM models. All residuals used for kriging were 

checked for normality (Hengl et al., 2004) using a Shapiro-Wilk and Anderson 

Darling test and log-transformed as necessary prior to kriging. When residuals 

were below zero, the absolute value for the lowest negative residual was added to 

all residuals in order to allow log transformation prior to normalization. Residuals 

were normalized in order to meet all assumptions for kriging.   

3.3.5.1 Generalized Linear Model  

The generalized linear model (GLM) is an iterative weighted regression 

model that does not require the data be normally distributed (Nelder & 

Wedderburn, 1972). To ensure that the classical assumptions of linear models are 

still met, a link function is incorporated into the GLM. The link function establishes 

a connection between the mean of the dependant variables and the array of 
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independent variables. The dependant variable is scaled to the independent 

variables through the link function to allow for the effects of the model to be 

additively combined (Venables & Dichmont, 2004). For this study, the Gaussian 

distribution with the identity link function was used. This implied that my data 

followed a normal distribution (Lane, 2002). The GLM models were created in the 

R statistical program (R Development Core Team, 2012) with the glm package. 

3.3.5.2 Random Forest 

RF is an ensemble of decision trees capable of being used in either 

regression mode or classification mode, and can accept both categorical and 

continuous data (Breiman, 2001). Individual trees are grown from a bootstrapped 

sample (default 63.2%) of calibration data, and are allowed to grow to the largest 

extent without pruning to ensure that the largest amount of variance can be 

expressed. The remaining 36.8% (the ‘out of bag’, OOB, data) are used in an 

internal validation test that, in regression mode, estimates the mean square error 

(MSE) of predictions. Variable importance is also generated from the OOB data, 

ranking variables according to their influence on model predictions. Variable 

importance is measured in two forms, of which the mean decrease in accuracy 

(MDA) was used here. The MDA measures the increase in prediction error when 

permuting the values of a variable in the OOB data, thus effectively removing that 

variable’s information content. The greater the increase in prediction error, the 

greater the importance of the variable (Liaw & Wiener, 2003). The RF models were 

created in the R statistical program (R Development Core Team, 2012) with the 

randomForest package (Liaw and Wiener, 2002). 

3.3.5.3 Residual Kriging  

Residual kriging was used to correct for any spatial trend that may exist in 

residuals from the GLM and RF models. Residuals are created and are used to 

generate a variogram. Residuals are interpolated with ordinary kriging as these 
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observations are then considered independent (Bivand et al., 2008). The predicted 

layer from the GLM or RF model is then added to the kriged residual layer to create 

the final predictions (Odeh et al., 1995; Odeh et al., 1994). Uncertainty is 

incorporated into the model through the addition of residuals from the GLM or RF 

that represents drift for the data (Hengl et al., 2004). The structure of the variogram 

(Gaussian, Spherical, and or Exponential) was chosen by comparing mean square 

value (MSE) from the cross validation results and choosing the structure with the 

smallest MSE (Oliver & Webster, 2014). 

3.4. Results and Discussion 

3.4.1. Descriptive Statistics 

Calibration data for the models (Figures 3-4A and 3-4B) are positively 

skewed due to the relative abundance of EB points, all with depth = 0 m. EB only 

covers 438 km2, which is 7.8% of the landscape (Chapter 2) but currently 

represents approximately 33% of the calibration data (Figure 3-4A), or 

approximately 96 % if 5000 EB points are used (Figure 3-4B). The effect of the 

skew on mean depth in the calibration data increases significantly from the data 

set with 300 points (mean depth = 7.6 m) to the data set with 5200 calibration 

points (mean depth = 0.44 m). The average soil depth for the Tulameen area is 

5.5 m (Lord & Green, 1974). Soil depths for the calibration data range from 0 m to 

93.3 m. This is a relatively large range compared to other studies, which typically 

only include depths ranging from 0 m to 5 m (Kuriakose et al., 2009; Tesfa et al., 

2009).  
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Figure 3-4      Frequency of the calibration data and descriptive statistics A) The 
equal weighted calibration points with 300 total points. B) The 
experimental calibration dataset with 5200 total points. 

 

3.4.2. Variograms 

The variogram was used to represent the reduction in spatial 

autocorrelation from the residual values of RF and the GLM in comparison to the 

target (observed depth) calibration data (Figure 3-5). The 300-point calibration 

data set (Figure 3-5A) had a fairly large spatial variance with an extent of 1.0 to 

2.5. There is a general trend of increased variance with the target calibration data 

the farther away the points are. When comparing the residuals from both RF and 

GLM to the target variance, there is a substantial drop in variance from the target 

that implies a large portion of the overall variance was removed by the models 

(Odeh et al., 1995; Odeh et al., 1994). The noise in both the RF and GLM models 

is seen with the increase in spatial variance and then a sudden decrease at 

distances greater than 10,000 m. The noise being expressed indicates that there 

is not enough variation explained from the small sample sizes, which is influenced 

by the very heterogeneous landscape being mapped. 
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The 5200 target calibration data (Figure 3-5B) had a fairly small variance 

with an extent of 0.04 to 0.4. This smaller range is largely due to the large number 

of points in this data set and the significant clustering that is inherent with these 

selected calibration data. There is a small difference in the target calibration data 

variance until 23,000 m, where a large increase in variance can be seen. Overall 

the trend linearly increases in variance at greater distances for the target 

calibration data and GLM and RF residuals. Both the GLM and RF residuals see 

a substantial drop in variance from the target calibration data, implying that the 

trend has been removed (Odeh et al., 1995; Odeh et al., 1994). The variance is 

almost 0 for both the GLM and RF residuals, implying that the point density is 

useful for kriging and that the residuals have had most of their spatial 

autocorrelation removed. 

When comparing both variograms (Figures 3-5A and 3-5B) there is a 

substantial drop of variance from the 300 to the 5200 target calibration data as the 

extent for variance drops from 0.3 to 2.5, to 0.04 to 0.4. The GLM and RF residuals 

using 5200 calibration points has substantially lower variance compared to the 

target of the 300 calibration point models. It is important to note that these are only 

the residuals of the models. The layers of depth have already been predicted and 

the models themselves hold most of the prediction power. The kriging residuals 

are designed to remove uncertainty trend that the landscape may have. This is 

important for landscape scale procedures as there could be multiple localized 

trends found within a larger landscape. With the addition of the RK it is seen that 

most of the spatial autocorrelation has been removed from the GLM and RF 

models, implying that the predicted maps would have higher accuracies due to the 

removed uncertainty from the kriged residual layer.  
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Figure 3-5      Experimental variogram of observed depth calibration data (Target) 
and their associated residuals with GLM and RF A) 300 point 
calibration data, and B) 5200 point calibration data. 

3.4.3. Soil Depth Maps, Model Accuracy, and Variable Importance  

3.4.3.1 Soil Maps  

The resulting maps of soil depth (Figure 3-6) show the expected trend for 

depositional landscapes: valley bottoms and lower areas in the catena have 

deeper soil depths where more deposition of material can take place (Heimsath et 

al, 2001; Heimsath et al., 1997), and areas higher in the catena and closer to the 

peaks of mountains have little to no material, implying that rates of erosion have 

exceeded soil production and have left predominantly EB (DiBiase et al., 2012). 

Maximum ranges vary for each map according to prediction method and the 

residual kriging that was applied to each map (Tesfa et al., 2009).  

Due to the effect that different models have, maximum soil depths range 

from 19.1 m (GLM5200) to 78.3 m (GLMRK300). Generally, the GLM maps (Figure 

3-6A and 3-6B) have low maximum depths. This is rectified with the addition of RK 

(Figure 3-6C and 3-6D) as the errors contained in the residuals correct this shorter 

range. GLMRK300 (Figure 3-6C) is seen to have the most representative range of 
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all the maps. The range for calibration data is 0 m to 93.3 m and GLMRK300 has 

a range of 0 m to 78.4 m. All other maps have a range from 0 m to a maximum of 

50-56 m. These maps do not fully capture the maximum range of depths for the 

Tulameen region. 

Values at the ends of the depth range are susceptible to large over- and 

under-prediction errors (Hengl et al., 2007) indicating that deeper depths and 

shallower depths could have more error than mid-range depths. Under-prediction 

was easily identified with all kriging models, which included values below zero. To 

account for the prediction error, such negative soil depths were converted to a 

depth of 0 m (Sarkar et al., 2013). Generally the GLM models suffered less from 

this problem (never predicting below -1 m) than the RF models (predicting down 

to -17 m). 
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Figure 3-6     The 8 predicted soil depth (m) maps for the Tulameen study area. Depth 
maps are named after the model used to predict them and the number 
of EB points used A) GLM300 is the GLM model using 300 calibration 
points B) GLM5200 is the GLM model using 5200 calibration points C) 
GLMRK300 is the GLM model with residual kriging using. 



 

81 

 

 

3.4.3.2 Model Fit and Prediction Accuracy 

The model GLMRK5200 had the lowest average RMSE value (Figure 3-7). The 

GLMRK300 model performed second best in terms of lowest average RMSE especially 

considering the smaller calibration dataset used. Increasing the total amount of EB points 

increased prediction accuracy for all models and depths up to 5 m (Figure 3-7).  

The use of EB as a depth proxy allows for an increased sample size without 

additional sampling through ancillary data or in-situ sampling. This indicates the strength 

of EB as an effective proxy for depth modelling in the future. The RF models with 5000 EB 

points had lower average RMSE than did corresponding models with 100 EB points, while 

the GLM models did not (Figure 3-7). RF models performed very well with regards to 

explained variance for model prediction in comparison to the GLM models (Table 3-2). 

However, the GLM models with RK outperformed all RF models in terms of RMSE values 

(Figure 3-7) showing that higher r2 values, implying greater model fit, do not always 

indicate a better prediction. 

Table 3-2        Model coefficients of determinations (r2) for calibration data and 
predicted results for both GLM and RF. 

Model Type r2 

GLM 300 0.28  

GLM 5200 0.20 

RF   300 0.86 

RF   5200 0.88 
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Figure 3-7       Validation results using RMSE values (m) for the eight depth maps 
created for this study. Four models were used: GLM, RF, GLMRK and 
RFRK. Each model used two sets of calibration data, a 300 point 
calibration dataset and a 5200 point calibration dataset. Results are 
named after the model type and the calibration dataset used. Each 
layer was validated for 4 depth intervals and an average RMSE value 
for all depths. The number of points to validate each group are 
presented in the top right portion of the chart. 

The 0 m to 4.99 m soil depth range is very important because this is where 

the majority of biological activity takes place in the pedosphere (Al-Agely & 

Reeves, 1995; Canadell et al., 1996). A large number of EB points likely over-fitted 

the models with an imbalance of 0 m data allowing for the shallower depths to be 

favoured in the predictions (Chen et al., 2004; Van Hulse & Khoshgoftaar, 2009). 

As a consequence, deeper depths (5 m and greater) are underrepresented in the 

predictions, resulting in larger error rates for these depths. However, the addition 

of EB points greatly reduces each model’s error for the 0 m to 5 m range when 

comparing the 300 models to the 5200 models of the same model type. Addition 

of a large number of EB points may prove similarly useful in other areas where soil 
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depth mapping is focused on this shallow depth range (Kuriakose et al., 2009; 

Tesfa et al., 2009). 

Overall, RK had a mixed effect for reducing reported errors. The greatest 

reductions with RK are seen in the 0 m to 4.99 m range, with the exception of the 

GLM5200 models. These models had lower errors in the 0 m to 4.99 m depths, but 

significantly higher errors for depths >5 m. Part of the reduction in error can be 

associated with the removal of the spatial variances that is seen with all models 

from the reported variograms (Figure 3-5). Variograms do not look at reported 

values (depth ranges), but rather are designed to visualize and quantify spatial 

autocorrelation in the landscape. This is why variograms cannot directly relate the 

removal of spatial uncertainty to having better predicted maps. Variograms 

express that spatial uncertainty has been removed, however these are associated 

with modeled residuals, which can introduce further modelling error if the models 

used are inaccurate. This is reported in Figure 3-7, with lower RMSE values for a 

majority of the RK but the reduced accuracy is especially apparent with the RFRK 

predictions in comparison to the GLMRK maps as the modelled residuals for RF 

had much larger ranges than the GLM. 

3.4.3.3 Variable Importance and Environmental Influences on Soil Depth 

Deeper soil depths are usually associated with more transport-limited 

landscapes, and thus less variability can be explained by the environmental 

predictors that are used. At the landscape scale, glacial and periglacial activity 

override the normal debris flow equilibrium. Slope and convexity relations typical 

of un-glaciated environments do not always apply here (Brardinoni & Hassan, 

2006). Soil production rates are higher where soil depth is shallower. Slopes that 

are too steep (greater than 30°) could contribute to a net loss of soil as the erosion 

rate is greater than the rate of soil production (DiBiase et al., 2012; Heimsath et 

al., 2012). As soil becomes deep, soil production decreases, and soil depth is no 
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longer a function of slope and convexity as explored through process-based 

models (Dietrich et al., 1995; Heimsath et al., 1999; Minasny & McBratney, 1999; 

Pelletier & Rasmussen, 2009). However, at a landscape scale these deeper soils 

differ from previous findings in heavily studied convexity and slope studies, as local 

processes of soil production become harder to quantify with DEMs and 

topographic derivatives. This is due to the fact that determinants that predict soil 

erosion and deposition on a local scale do not respond to determinants on the 

landscape scale (Brardinoni & Hassan, 2006). Depths in the Tulameen region are 

closely related to the deposition of sediment from glaciers that differ from typical 

expectation of local lithological sediment exchange (Brardinoni et al., 2009).  

Figure 3-8 is the MDA chart generated from the RF model (5200 calibration 

points). Variables are ranked based on the MSE increase caused by their 

permutation. In this landscape-scale model, slope is ranked 30th and planform- 

and profile-curvature are also ranked very low. It is clear that on a landscape scale, 

variables such as channel network base level (prediction for water table heights in 

the landscape), elevation and MRVBF (indicator for areas of high erosion and 

deposition) which indicate regions of deposition are better predictors for depth than 

previously described slope and convexity. This indicates that other site specific 

topographic variables affect the distribution of material on a smaller scale (Behrens 

et al., 2010). Further research is needed on the interactions of glacial deposits and 

soil distribution as it relates to soil depth. 
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Figure 3-8      Mean Decrease Accuracy (MDA) plot from the RF model with 5200 
calibration points. This plot shows relative importance for predictor 
variables in the RF model. Higher values imply a greater reduction in 
model accuracy if that variable is not included. 

3.5. Conclusion 

This paper presented the use of GLM, RF, GLMRK and RFRK as methods 

to predict soil depth. The modelling of soil depth is important for a better 

understanding of the CZ. Not many studies have been conducted on mapping soil 

depth on a landscape scale, especially to depths greater than 5 meters. Data that 

are easy to access and can be acquired remotely is noted as a critical need for 
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mapping soil depth (Riebe & Chorover, 2013). In this study, novel data inputs were 

used in order to supplement the lack of available data for mapping soil depth. WW 

data provided a free, accurate and relatively abundant source of data at deeper 

depths. The soil pit information collection through a cLHS method proved to be 

useful to include calibration data at moderate soil depths that are rarely found in 

WW data (deeper soils) or EB data (by definition depth = 0 m). EB points also 

allowed for far more accurate models to be generated for the 0 to 4.99 m depth 

range as an abundance of points could be generated. The inclusion of EB to 

constrain model predictions at the shallowest depths created more sample points 

for kriging, which produced maps that were more accurate. 

When analyzing soil depth on a landscape scale, it is also important to 

understand different predictors affecting the deposition and erosion of soil material. 

My study found that the top 3 predictors for soil depth were the relationship to a 

channel network base level, elevation and MRVBF (indicator for valley bottoms 

and deposition). Due to the multiple scales at which the depth of the pedosphere 

can be mapped, it is important to further understand which predictors are relevant 

at each scale. 

When comparing the three models used, GLMRK was the superior method. 

RF is often cited as a better prediction method for soil attributes, however, with the 

introduction of kriging, my results showed that GLMRK models can produce better 

maps. RMSE values remained relatively consistent until greater than 4.99 m 

depths. Here it is hypothesized that the models were unable to accurately predict 

these depths because deeper depths do not correlate with topographic variables 

as much as shallower depths. The addition of RK was found to reduce RMSE for 

most models, at most depths. The RMSE values that were obtained in this study 

suggest that soil depth has been effectively modelled and mapped with limited 

data. The maps of soil depth can be beneficial for further study of soils within the 
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CZ. This study has highlighted other determinants can help to predict soil 

deposition, erosion and production on a landscape scale. These findings convey 

that the CZ should be analyzed as a multiscale phenomenon to better understand 

how each predictor influences the depth of the pedosphere.  
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Chapter 4. Conclusions 

4.1. Thesis Conclusions 

The focus of this research was to develop a methodology to model and map 

the location of EB and the depth of the pedosphere in the CZ. A landscape scale 

EB map was created with the use of a RF classifier. Modified PDPs were used to 

further analyze the probability of prediction for EB. The resulting EB map was a 

critical component for mapping the depth of the pedosphere in the CZ. GLM, RF, 

GLMRK and RFRK were each used to map the depth of the pedosphere and the 

results were compared. The results showed that with minimal data, accurate 

predictions for the CZ with RF and GLM could be made. In addition, EB was found 

to be an effective proxy for soil depths in remote regions with minimal data to 

facilitate depth mapping of the pedosphere. 

In the first component (Chapter 2) of this thesis, RF was used to map the 

occurrence of exposed bedrock from legacy land cover data and topographical, 

satellite and land cover data. RF was used because of its ability to handle highly 

variable data, rank variable importance and generate partial dependence plots. 

Calibration data were created from legacy land cover data from vegetation 

inventories and land cover maps. Attributes from the vegetation inventory and land 

cover maps were selected to best represent exposed bedrock in the landscape.  

Once the model had been run, variable importance was used to reduce the 

total amount of variables in the model without having an effect on prediction 

accuracy. The original model had 48 variables used to predict exposed bedrock 

and the final prediction only had 17. Both maps had a prediction accuracy of 88%. 

These results show that having more information for calibration does not always 

produce better maps.  



 

94 

 

Landsat PCA, Topographic Ruggedness Index (TRI), and a Normalized 

Difference Vegetation Index (NDVI) were explored to determine their influence on 

exposed bedrock prediction through the use of modified PDPs. It was found that 

higher values in the Landsat PCA (with high factor loadings of the near infrared 

band and thermal band) could produce prediction probabilities as high as 63%. 

This indicated that warmer areas lacking biomass are good indicators for EB. 

Through analysis of TRI, it was found that TRI values greater than 34 (implying 

highly rugged landscapes) could have prediction probabilities as high as 67%. 

Lastly NDVI values less than 0.17 showed prediction probabilities as high as 62%. 

PDPs outlined not only the influence that a given variable had, but also which 

values are the most important for predicting the occurrence of EB. This research 

allowed for a closer look inside the black box of RF to better understand the 

influence of individual variables on the prediction of EB occurrence. 

In the second component of this thesis (Chapter 3), the depth of the 

pedosphere was modelled for the Tulameen region of Southern British Columbia. 

Calibration data included point data obtained from the EB map with soil depth set 

to 0 metres for randomly selected exposed bedrock pixels; well water data; and 

soil depth data collected in the field. Environmental variables used in the models 

included topographic and satellite indices to account for the local variability of the 

landscape. There was high spatial co-variance for the region when assessing the 

co-variance of the calibration data with semi-variograms. Both GLM and RF 

models had similar abilities to remove the co-variance for the landscape, implying 

that both models perform well when predicting soil depth.   

It was found that the GLMRK model performed the best out of all the models 

for predicting soil depth. RMSE values for the 0 to 2 m range were 1.87 m for the 

equal weighted random sampling, and 0.9 m for the boosted sampling scheme. 

Deeper depth ranges had similar results for prediction accuracy, where GLMRK 
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was the superior model and RFRK was the second best. The RF model without 

kriging had the worst results, implying that deterministic models alone were unable 

to fully model the spatial structure in soil depth across the study area. These results 

showed that GLMRK and RFRK are both powerful tools to map landscape scale 

soil attributes such as soil depth. It also shows that data collected remotely, such 

as EB and WW data, are powerful supplements for soil depth modelling. This 

implies that more studies could use EB as a data input for mapping soil depth.  

4.2. Future Research 

This research has presented a new generic approach to quantify the CZ on 

a landscape scale, however this study’s specific results are limited to the 

environmental conditions in the study area. The study has been conducted in a 

primarily mountainous region that has recently been glaciated in the last 15,000 

years. Due to the topographical heterogeneity of the landscape (especially 

presented with the TRI), there was an abundance of EB. Not all landscapes have 

an abundance of EB (approximately 10% of the landscape was EB) and therefore 

it may not be applicable as a data source. Possible solutions and areas of research 

would be to use landform classifications in order to supplement regions that have 

little to no EB. Mapping of landform units has already been heavily studied 

(Jasiewicz et al., 2014; Vannametee et al., 2014) with automated processes 

designed to map these units. Relative depths can be assigned to land units and 

used as proxies for depth (BC Ministry of Environment, 2010; Vannametee et al., 

2014) and landforms and spatial interpolation methods can be further explored for 

regions lacking abundant EB.  

Slope and convexity in the glacial landscape have less of an influence on 

the deposition of material than in other landscapes that have not been recently 

glaciated (Brardinoni et al., 2009). Slope and convexity are cited as the main 
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drivers to quantify depth in studies that quantify soil production and regolith depth 

on a hill slope scale (Heimsath et al., 2001; Heimsath et al., 1999). This research 

has shown that slope and convexity are not major drivers for soil depth, where 

elevation, depth of channel network and MRVBF can have more influence. This 

disparity between local scales and global (landscape scale) areas has created 

another gap in understanding the drivers and relationships for soil production and 

deposition. Testing the models from this study in a mountainous region that has 

not been recently glaciated, could provide further insights into these processes.   

Lastly due to the scale at which the soil depth and EB are being mapped, 

local processes of soil production, erosion, and deposition become harder to 

quantify because the scale of these events are not as responsive on the landscape 

scale (Brardinoni & Hassan, 2006). Soil forming processes have been shown to 

respond at different spatial resolutions (Behrens et al., 2010). Multi-scale studies 

would provide a better understanding for the soil production processes and could 

produce higher quality maps. 

4.3. Thesis Contributions 

The research in this thesis was the first to map exposed bedrock and depth 

of the pedosphere on a landscape scale using RF, GLM and kriging in Southern 

British Columbia, Canada. This study is unique in its use of ancillary data sources. 

Modified legacy land cover data of EB was used as primary data inputs to map the 

landscape scale variability for EB. The resulting EB maps were used to produce 

high quality soil depth maps. The use of these data sources allowed for a reduction 

in extensive fieldwork that typically would have been required for such an area, 

and therefore I suggest that future studies use similar data inputs. 
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With the use of modified PDPs that were presented in Chapter 2, I allowed 

for a critical view inside the black box of RF that is typically unavailable. Where 

other studies focus primarily on relative influence or cumbersome regression trees, 

the PDPs allow for an intuitive look at how decisions were made in RF with relation 

to the data in the model. This allows for a better understanding of the data available 

and the relationships between them. 

GLMRK and RFRK proved to be very powerful tools for mapping the depth 

of the pedosphere. Typical studies use intensive process-based models to map 

steady- state soil depth, where my methodology proposes a simpler approach that 

can yield just as accurate results. This method can also extend past typical scales 

of hill slope or watershed scale studies into the landscape scale as I have done.  

These contributions can be used in many fields, such as GIScience, soil science, 

hydrology and geomorphology (landscape evolution modelling) since soil depth is 

required for their modelling. My approaches to map EB and soil depth, draw from 

all of these fields of study and extend current standards and practices that are 

available to improve on current mapping methodologies.   
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