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ABSTRACT 
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Accessible, explicit, high resolution soil information is crucial for land management, 

resource allocation, and agriculture. This thesis investigates how to build a 

comprehensive methodological framework to improve Canada’s soil maps by updating 

existing soil property maps for Middlesex County, Ontario. First, the most accurate soil 

depth functions to standardized depths per soil property are determined. Next, the 

highest accuracy covariates per soil property are defined. Finally, interpolation and 

machine learning algorithms are explored, to find the highest accuracy soil property 

maps per soil property. Geostatistical and deterministic algorithms can work well to 

interpolate soil organic matter data; the equal area quadratic spline function accurately 

standardizes soil profile depths - all horizons being present; and different covariates and 

soil property prediction methods are necessary for accurate 3D soil property maps for 

different soil properties at different depths. This methodological framework can be used 

to refine soil maps for Ontario, Canada.  
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1 Chapter 1: Introduction, Objectives, and Approach 

 Introduction 

1.1.1 Need for Soil Data 

Soil information, which is easy to access and easy to understand, is crucial to 

understand global climate change (Nauman and Thompson, 2014), resource allocation 

for urban and agricultural activities (Smith et al, 2016 and Kidd et al., 2015), and 

stewardship activities (Mansuy et al. 2014). Whether examining soil maps for 

stewardship activities, resource allocation, or other purposes, soil information for 

Canada is accessible online through both paper and interactive maps. Scanned paper 

maps are available for download as images (JPEGS or PNGS) with complete soil 

surveys for each county (Agriculture and Agri-Food Canada, 2012).  

Online interactive maps, such as Agriculture and Agri-Food Canada’s Soils of 

Canada (Agriculture and Agri-Food Canada, 2018) allow users view and download soil 

information for their area of interest. However, these interactive soil maps of Canada 

are simply digitized counterparts of paper maps.  

These online digital maps allow for easy access; however, the soil information 

available is low resolution (1:50000 or lower) which does not show variability of the soil. 

Soil can be highly variable, and to accurately show the variability, high resolution 

geospatial data is necessary. High resolution soil data which accurately represents soil 

variability can be achieved through the following three methods: 

• examination of legacy soil data and legacy soil maps 

• incorporation of auxiliary data to legacy soil data and maps 
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• high intensity soil sampling, or a combination of the three methods listed 

Each of these methods come with their own unique challenges and opportunities. 

Regardless of which method is used, the resulting soil maps are most useful in a digital 

format as rasters products. Ultimately, soil maps of higher resolution and higher 

accuracy are necessary for industry, government, and landowners (such as farmers) to 

make informed land management decisions. 

1.1.2 Traditional Soil Maps 

1.1.2.1 Legacy Soil Maps 

Legacy soil maps are available in both print and digital formats. Digital legacy soil 

maps at the provincial level are available through provincial government websites, such 

as Ontario’s online interactive map (Ontario, 2018) that shows a polygon-based soil 

map. The sizes of the map units vary in sizes less than one hectare to larger than 

50,000 hectares with the average map unit size in Southern Ontario at 101 hectares. 

Each of the map units may describe the extent of one, two, or three soil series, and may 

contain two or more soil property classifications. The range in map unit sizes is 

important because if a single map unit covers multiple farm fields and the map unit 

contains multiple soil property classifications, the map user does not implicitly know 

which soil property belongs to each field. To resolve the lack of soil information, the map 

user must perform scouting, field work, and lab work to decipher the soil properties of 

their area of interest. If the user does not have time for scouting/field/lab work, then the 

user may take the initial or first value within the map unit which may not accurately 
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reflect the soil under question. Taking the first value within the map unit can lead to 

inaccurate land management decisions.   

Along with an online interactive map, map unit soil maps covering all of Ontario 

can also be downloaded for use in geospatial information systems (Agriculture and Agri-

Food Canada, 2013). The maps listed above provide different ranges of information and 

generally include information such as soil great group, soil series, soil name, texture, 

drainage, elevation, landscape unit, and soil material description.  

An example of static soil maps are those for Middlesex County in Ontario. 

Middlesex County was first surveyed in the 1920 and published at a scale of 1:126,720 

(or 1 inch: 1 mile). After the first soil survey, a demand for slope and drainage data 

emerged leading to a resurvey of Middlesex County in the 1980 at a scale of 1:50,000. 

The higher-resolution soil map is the current soil map of Middlesex County and provides 

more detailed information for the area (Hagerty and Kingston, 1992). The higher 

resolution Middlesex County map still lacks crucial detail for various land management 

activities such as agriculture. The challenges to updating these soil maps is the time 

and cost involved with soil sampling. Among these challenges is an opportunity to use 

these traditional soil maps and combine them with other sources of data for an updated 

map of Middlesex County. By combining high resolution digital forms of data with 

traditional maps, the traditional maps can be refined and accurately updated to higher 

resolution for a lower cost than extensive soil sampling. 
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1.1.2.2 Legacy Soil Point Data 

To create the polygon-based legacy soil maps of Southern Ontario, soil surveys 

were carried out at different times. Much of the soil data collected across Ontario to 

create the legacy soil maps is no longer available. Middlesex County is one of the few 

areas where the legacy soil point data, which was used to create the polygon-based 

legacy soil maps, still exists. The soil data of Middlesex County consists of soil profiles 

with site information and soil chemistry data. There are 1640 unique soil profiles within 

this dataset, and this data was collected in the 1980’s by the Ontario Minister of 

Agriculture, Food and Rural Affairs (OMAFRA). Each of the 1640 unique sample points 

included a geographic location, elevation, soil series classification, slope, and slope 

type. Of these 1640 unique sample locations, 1331 of the locations possessed site 

information and soil chemistry data. The site information included: drainage, number of 

horizons, type of horizon, colour for each horizon, depths for each horizon, presence of 

mottles, and mottle colour for each horizon (if present). The soil chemistry data 

included: percent organic matter, pH, soil texture class, soil texture breakdown from 

gravel to fine clay, CaCO3, organic carbon, presence of carbonates, presence of 

fragments, and presence of shells. 

1.1.2.3 Specificity to Land Use Type and Soil Depth Functions 

The legacy soil point data with soil chemistry data has horizons with variable 

depths as shallow as 3 cm, and each soil profile contains two to eight horizons. The 

total soil profile length with the dataset varies from 30 cm to 475 cm with the average 

soil profile length of 103 cm. Given the number of horizons and the fluctuation of depth 
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for each horizon, standard depths must first be calculated for each soil property of each 

soil profile. The transformation of variable soil horizons into comparable and mappable 

depths can be either continuous depths, which increment by centimeter by centimeter; 

or discrete depths. For the purposes of this thesis, the six standard depths (0 – 5 cm, 5 

– 15 cm, 15 – 30 cm, 30 – 60 cm, 60 – 100 cm, and 100 – 200 cm) as defined by the 

GlobalSoilMap specifications (Arrouays et al., 2014; https://www.globalsoilmap.net/) are 

used instead of incremental depths. To transform variable soil horizons into standard 

depths, there are many different depths functions available. The most commonly used 

depth function for certain soil properties and nutrients is the equal area quadratic 

smoothing spline (Malone et al., 2009, Odgers et al., 2012, Lacoste et al., 2014, 

Taghizadeh-Mehrjardi et al., 2016; Shahbazi et al., 2019). However, there may be 

optimal depth functions for different soil properties. To determine the optimal depth 

function for each soil property, several depth functions are tested and compared. There 

is also the question of whether attributes such as land use impact the predictive power 

of soil properties at various depths. To determine if land use effects the accuracy of soil 

property prediction, different machine learning algorithms are used to predict soil 

properties at different depths with land use as a covariate. 

1.1.2.4 Legacy soil point data interpolation 

Different methods are available to create high resolution digital soil maps. One 

method to create new digital soil maps involves interpolating legacy soil point data. 

Interpolation involves estimation of values at un-sampled/unknown locations. The 

legacy soil data points at known locations can be interpolated to create a new digital soil 

https://www.globalsoilmap.net/
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map. The challenge is there are many different forms of interpolation which can be 

performed in many different computer programs. A commonly used commercial 

software, ArcGIS, provides many different geostatistic and deterministic interpolation 

procedures to create new digital soil maps from the legacy soil data. The primary 

challenge is determining which interpolation procedure is most accurate for interpolating 

legacy soil data to create new digital soil maps. This is achieved by testing several 

deterministic and geostatistic interpolators in ArcGIS to determine which interpolator 

produces the most accurate digital soil organic matter map. 

1.1.3 Opportunities for Digital Soil Mapping 

1.1.3.1 Soil Property Mapping 

Existing legacy soil maps representing Ontario soils delineate different soil types 

by varying sizes of polygons. Each polygon can contain information regarding the 

properties of the individual soil type; however, it is common for a single polygon to 

contain more than one value for a single soil property. If a soil map user needs to 

examine the variation of a specific soil property within a single polygon, it is difficult and 

time-consuming because obtaining the various soil properties within a single polygon 

requires the map user to do a significant amount of site work. There is an opportunity to 

create a high-resolution digital soil property maps that can then be used to update soil 

series maps.  

1.1.3.2 Usefulness of Ancillary Data 

Covariates (also referred to as ancillary data) are used to improve soil maps. 

Using covariates in conjunction with the interpolation of soil data points can yield higher 
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accuracy soil maps. Many different types of covariates exist including satellite data, 

radiometric data, and elevation data. There are many different types of ancillary data 

that can be used as covariates to improve digital soil mapping; however, some 

covariates are more useful than others. There are many methods to select optimal 

covariates; yet there is no consensus on which method selections the optimal 

covariates. For instance, Beguin et al. (2017) selected covariates to map different soil 

properties using the SCORPAN approach, whereas Taghizadeh-Mehrjardi et al. (2015) 

focused on the correlation-based feature selection method. Similarly, Hengl et al. (2014) 

performed principle component analysis to reduce data collinearity. Brungard et al. 

(2015) performed a systematic comparison of covariate selection using three different 

methods: a priori by soil scientists, covariates selected using the recursive feature 

elimination method, and using all available covariates. Brungard et al. (2015) also found 

that covariates selected using the recursive feature elimination to be the most accurate. 

The examination of covariate selection to determine the optimal covariates has the 

potential to improve the accuracy of Ontario soil maps. 

1.1.3.3 Opportunities with Different Interpolations and Machine Learning 

Various interpolation techniques, such as deterministic and geostatistic 

interpolations, can be effective techniques to creating digital soil maps from 

georeferenced soil point data. Although interpolating with only the soil point data can 

produce digital soil maps, higher accuracy digital soil maps can be created with 

machine learning and artificial intelligence techniques which incorporate other sources 

of data, such as environmental covariates. There are many different types of machine 
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learning and artificial intelligence techniques, each with its own advantages and 

disadvantages. Using different techniques with different combinations of environmental 

covariates can also produce higher resolution digital soil maps. To determine which 

machine learning or artificial intelligence technique renders high accuracy digital soil 

property maps, a series of machine learning techniques with different combinations of 

environmental covariates need to be tested on each soil property. 

 Objectives and Research Questions 

1.2.1 Long-Term Objectives 

The main objective is to create a comprehensive methodological framework to 

update soil property information in a raster format for the province of Ontario.  

1.2.2 Short-Term Objectives 

a. Determine optimal depth function(s) for standardizing soil properties from soil 

profiles to six standard depths 

b. Determine optimal covariate selection algorithm(s) to select optimal covariates 

for each soil property 

c. Determine optimal geostatistical interpolations and/or machine learning 

algorithm(s) to create soil property maps 

To achieve the long-term objective, a historical dataset for Middlesex County is used 

to test and create a methodology to update soil property information. This investigation 

starts by creating high resolution soil organic matter maps for agricultural land across 

Middlesex County. To create any soil property maps at any depth, the soil profile data 
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must first be harmonized to standard depths which can only be done if the data from soil 

profiles is first calculated to standard depths. Next, the covariates, which have the 

potential to improve the accuracy for each soil property need to be selected and 

validated. Covariates are the ancillary data which form the SCORPAN model to assist 

with higher accuracy predictions for each soil property. Different soil properties may 

require different covariates for most accurate prediction, so various algorithms must be 

tested to determine which covariates are most appropriate for each soil property. Once 

the standard depths for each soil property has been achieved and the most appropriate 

covariates for each soil property type has been determined, different algorithms can be 

tested to interpolate each soil property at different depths to determine which 

interpolation algorithm or which machine learning method yields the highest accuracy 

soil property map.  

The objectives are achieved through a series of research questions which are 

discussed in the next section. 

1.2.3 Research Questions Guiding Work in Each Chapter (2 – 4) 

Chapter 2 research question: 

i. Do geostatistical or deterministic interpolation algorithms produce the most 

accurate soil organic matter maps for 0 – 30 cm? 

Chapter 3 research questions: 

i. Which soil depth function most accurately represents the change in soil 

properties within a profile? 
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ii. Does soil series influence soil depth functions?  

iii. Are different soil depth functions more accurate for different land use types? 

Chapter 4 research questions: 

i. Can incorporation of covariates into soil property prediction algorithms improve 

prediction accuracy? 

ii. Are different sets of covariates necessary for each soil property type to produce 

more accurate soil property maps? 

iii. Does covariates selection vary by depth within the same soil property? 

iv. Which algorithm(s) produce the most accurate covariate sets for each soil 

property?  

 Thesis Approach 

1.3.1 What Each Chapter Offers 

A general introduction to the need for research in soil property mapping, 

opportunities in digital soil mapping with historical data, as well as objectives and 

research questions are covered in Chapter 1. An exploration of geostatistical and 

deterministic interpolators as provided by a commonly used GIS program, ArcGIS; and 

the application of these interpolators to SOM for agricultural soils is covered in Chapter 

2. This chapter provides an exploration as well as answers to whether deterministic or 

geostatistical interpolators provide more accurate maps for SOM across the agricultural 

soil of Middlesex County. The focus of Chapter 2 was exploring SOM for agricultural 

soils, so studying a soil depth of 0 – 30 cm was appropriate. However, for many other 
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soil mapping activities, standardized depths as stipulated by GlobalSoilMap (Arrouays 

et al., 2014) is appropriate. Chapter 3 investigates different soil depth functions to 

determine which soil depth function provides the highest accuracy for fitting various soil 

property values within soil profiles when all horizons are present within a soil profile and 

when a horizon is removed and predicted back. This chapter also explores if land use 

and soil series influences soil depth functions for different soil properties. Chapter 4 

considers covariate selection and prediction schemes to determine the best methods for 

predicting six different soil properties across Middlesex. By comparing different 

covariate groups selected by different covariate selection algorithms for soil property 

prediction with Regression Kriging; and comparing the prediction accuracy from 

Regression Kriging to Ordinary Kriging and Random Forest, Chapter 4 answers the 

questions of which covariates and prediction algorithms provides the higher accuracy 

predictions for each soil property across Middlesex County. 

Finally, Chapter 5 provides an overall summary and Chapter 6 provides contributions 

to science. 

 Impact 

The objective of this research is to build a comprehensive framework using legacy 

soil data combined with new data to create high resolution raster based digital soil 

property maps. This framework will provide the building blocks to create more accurate 

soil maps leading to a more accurate representation of every soil attribute at a higher 

resolution than the existing soil maps. 
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This research will provide two important goals: first, it will allow land managers and 

decision makers to make more informed decisions; and second, it will provide the 

scientific community with the optimal methods for selecting soil depth functions, 

covariate selection, and soil property prediction to create soil property maps for Ontario.  
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Preface to Chapter 2 

 Chapter 1 provided insights to the need for updated digital soil maps for Ontario 

as well as all of Canada. Often, the first step of digital soil mapping is collecting and 

processing soil samples. However, legacy soil data provides a geospatial dataset 

complete with physical and chemical data. The dataset used throughout this 

manuscript, the Middlesex County dataset, was used to construct soil maps of 

Middlesex. As Chapter 1 already discussed, the legacy soil maps are low resolution. 

The legacy dataset for Middlesex County can be used in conjunction with ancillary data 

to create higher resolution soil property maps of Middlesex County as compared to the 

existing soil maps. These new soil property maps are useful for land management 

activities, especially for agricultural. Chapter 2 explores methods for applying 

interpolation schemes to legacy soil data to create higher resolution soil property maps. 

In particular, the soil property SOM is of interest because SOM is a key soil property for 

agricultural activities. Deterministic and geostatistical interpolators are compared to 

determine which method provides more accurate SOM maps of Middlesex County. An 

overlooked statistical measure, the Kolmorgorov-Smirnov test, is incorporated with other 

standard statistical tests to assess deterministic and geostatistical interpolators, as well 

as an examination of the range of variation in different moving windows to assist with 

determining the accuracy of the output SOM maps for Middlesex County.  
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2 Chapter 2: Spatial Interpolation of Soil Organic Matter at a 
Regional Scale using Legacy Data: Comparing 

Deterministic and Geostatisical Methods 

 Abstract 

Spatial interpolation is the procedure of estimating values at un-sampled sites 

within the area covered by existing observations. Many software packages are available 

to perform spatial interpolation. A commercial and widely used software package, 

ArcGIS, provides users with an array of spatial interpolators. The easy to use nature of 

spatial interpolators can lead to users choosing interpolators without full consideration of 

which algorithm will best represent the data. This paper examines soil organic matter 

(SOM) legacy data for agricultural soils across Middlesex County from Ontario, Canada. 

Agricultural soils depend on conducting precise surveys on soil traits so that 

management practices can be developed to minimize soil degradation. A crucial soil 

property for agricultural productivity is SOM. To create SOM maps for Middlesex 

County, the main objective of this study was to perform a comprehensive comparison of 

interpolation algorithms within ArcGIS including various deterministic (e.g. inverse 

distance weighting, global and local polynomial, radial basis function) and geostatistical 

(e.g. simple kriging, ordinary kriging, universal kriging and empirical Bayesian kriging) 

interpolation methods with default values and altered transformation types to predict 

SOM in Middlesex County farmlands. A legacy dataset containing 1640 soil samples 

with laboratory measurements were collected by an OMAFRA soil survey carried out in 

late 1980’s. Samples were first separated into calibration (70%) and validation (30%) 

datasets. The calibration dataset was used to develop SOM maps using the ArcGIS 



 

 

15 

 

software suite. The effectiveness of the interpolations techniques was tested using 

coefficient of determination resulting in the Global Polynomial with a polynomial of 1 

with the highest R2 for the internal validation and the whole dataset and simple Kriging 

with highest R2 for external validation. Empirical Bayesian Kriging with an Empirical 

transformation type resulted in the lowest RMSE for internal validation and the whole 

dataset, and both Empirical Bayesian with an empirical transformation type and simple 

Kriging resulted in the lowest RMSE for external validation. The Radial Basis Function 

with a thin plate spline produced the lowest D statistic and highest p-value for the K-S 

test; and when examining the ranges of contiguous cells within each interpolation, all 

interpolations ranged within the same range of the input data except for two of the 

Radial Basis Function – one with an inverse multiquadric function and one with a thin 

plate spline. This investigation shows that both deterministic and geostatistical methods 

provide accurate SOM maps of agricultural areas. 

 Introduction 

Spatial interpolation is the procedure of estimating the value of properties at un-

sampled sites within the area covered by existing observations. Spatial interpolation of 

soil samples across a landscape provides a visual representation of the distribution and 

variability of soil properties, which is crucial for agricultural and environmental 

management (Li & Heap, 2011). However, this requires a considerable number of soil 

samples and measured soil properties to communicate with confidence and thus the 

success of interpolation mainly depends on two aspects; a) quality and quantity of 

measured soil properties and b) the methods used to interpolate measured soil 
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properties. While the collection of new soil data at large scales is almost impossible to 

support, legacy soil data shows promise to provide background information. Similarly, 

various programs and software based on diverse mathematical algorithms are available 

to interpolate point data and often prepares maps of various qualities. One of the most 

common software platforms used for interpolation in academia, government, or 

industrial sectors is ArcGIS from ESRI Inc.. While the software provides diverse options, 

most users select the default parameters and the method to interpolate their samples 

without proper justification. Moreover, options to change many parameters often result 

in users choosing a method without knowing its suitability for the purpose and thus 

rendering users confused and making results difficult to interpret for the physical 

meaning. Therefore, a thorough comparison of various interpolation methods will 

highlight the differences between the available approaches and inform users, allowing 

them to make informed decisions.  

The region of southern Ontario is home to a significant agricultural industry. 

Among the key soil properties assessed to guide land management, soil organic matter 

(SOM) is often considered as the backbone of soil health and is of high importance for 

agricultural soils due to its influence on other physiochemical properties (Wang et al., 

2012) including but not limited to arability, water holding capacity, and nutrient retention 

capability (Reeves, 1997; Aref and Wander, 1998). Thus, the information on spatial 

distribution of SOM can enhance the efficiency of agricultural management practices in 

this area. However, SOM has a complex spatial variability (Wang et al., 2012) and the 

study requires intensive soil sampling for providing information on the most accurate 
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distribution of SOM (Gregory et al., 2005). High sampling and analysis cost along with 

challenges associated with accessibility (Wang et al., 2012) and representation (Long et 

al., 2018) often limit the information. Interpolation methods are used in these situations 

as a typical approach to create continuous (raster) distribution maps from point (vector) 

based data (Xie et al., 2011). Interpolation methods are divided into three groups: 

geostatistical, non-geostatistical, and combined methods (Li and Heap, 2014). The 

background methodology and the available features generate different results and thus, 

there is no specific method which works as an optimal approach for all data sets (Piccini 

et al., 2014).  

The purpose of interpolating SOM data to create continuous data surfaces is 

threefold. First, continuous SOM maps across agricultural land will assist with 

agricultural management decisions which eventually help in reducing soil degradation. 

Second, the SOM maps from legacy soil data will serve as a benchmark to compare to 

SOM changes from the time of the collection of soil data to the current levels of SOM in 

agricultural land. Third, determining the optimal interpolation algorithm for SOM will 

assist in future studies of SOM mapping and may assist with determining optimal 

interpolation methods for interpolating other soil properties. 

While the opportunity for collecting new soil data is limited, legacy soil data can 

provide information on the variability and act as benchmark to study changes in SOM.  

For example, legacy soil data can provide the historical and baseline information to 

study various aspects of soil attributes including the effect of land use/land cover 

variations in topography and plant coverage (Kempen et al., 2012). However, there are 
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limitations while working with legacy soil data. Among such limitations, the locations for 

the data may contain inaccuracies, and the number of samples and depth of samples 

may not be ideal for future studies. Since legacy soil samples have been taken in 

different time periods to answer different type of queries, the available legacy data might 

not cover the whole area of interest based on the current study requirements (Carre et 

al., 2007). Yet, it shows potential to estimate SOM over a large area. 

Therefore, the overall objective of this study was to investigate the optimal 

approach for interpolating SOM using legacy soil data and the interpolation algorithms 

available within the commercially available ArcGIS software. An interpolation algorithm 

can be chosen without full consideration of the most suitable algorithm to represent the 

data. This study aims to determine the optimal interpolation algorithm using default 

settings, or quickly and easily changeable parameters, within ArcGIS for interpolating 

SOM. This is accomplished through comparing the deterministic (inverse distance 

weighting, radial basis functions, global polynomial, and local polynomial) and 

geostatistical (various types of Kriging) interpolation methods available in the ArcGIS 

software in the Geostatistical Analyst toolset. Although there are other interpolation 

methods available including areal, kernel smoothing, and diffusion kernel interpolation, 

these three types of interpolation are omitted. Areal interpolation was omitted because it 

is based on polygon data; and kernel smoothing, and diffusion kernel were omitted 

because this study considers deterministic and geostatistical methods, not interpolation 

with barriers. The assessment of interpolation methods was carried out by i) comparing 

internal and external RMSE for each interpolation, ii) comparing Kolmogorov-Smirnov 
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(K-S) statistics, and iii) analysis of spatial distribution patterns using the range of SOM 

within contiguous cells of each interpolation.  

 Materials and Methods 

2.3.1 Study area 

The study area is Middlesex County; a 3,317 km2 area in Southern Ontario, 

Canada. The percent of arable land in Middlesex has fluctuated; as of 2014 most of 

Middlesex is used in various agricultural activities. In 1983, agricultural land constituted 

approximately 78% (2582 km2) (Ontario Ministry of Agriculture and Food, 1983) and has 

dropped to approximately 74% as of 2014 (AAFC, 2018).  

The soils of Middlesex developed across a range of different parent materials ranging 

from coarse gravels to heavy clays. Mottling and gleying are common in imperfectly and 

poorly drained soils throughout the County. Although Middlesex is predominantly 

composed of mineral soils, there are some areas of organic soils. 

2.3.2 Overview of climate, soil type, and geology 

Topographically, Middlesex displays a range of 161m with the highest altitude of 

340m in the North East quadrant and the lowest elevation of 179m in the North West 

quadrant. There are significant changes in elevation throughout Middlesex due to 

historic glaciation. Previous glacial activity caused hummocky and undulating 

topography across Middlesex. The hummocky and undulating areas are categorized as 

moraines and kames, and the flat areas categorized as plains. This glacial activity also 

created a range of surficial geologic features such as glaciolacustrine material layers or 

deposits, eolian sand layers, and glaciofluvial outwash layers and deposits (Hagerty and 
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Kingston, 1992). Middlesex County possesses a humid continental climate with a 

temperature variation from -6°C to 30°C with precipitation throughout all seasons. 

2.3.3 Legacy dataset 

A legacy soil data set of 1640 sample points was available for this study. The 

data set was collected from the Middlesex County in Ontario, Canada (depicted in 

Figure 2.1) by the Ontario Minister of Agriculture, Food and Rural Affairs (OMAFRA) in 

the late 1980s.  

 

Figure 2.1: Soil profiles across Middlesex showing soil organic matter levels for top 30 cm. 
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Soil cores were collected, classified, sampled by pedogenic horizons, processed and 

analyzed in laboratory for a range of soil properties.  A total of 1331 sample points had 

soil chemistry data. The depth of the soil profiles varied between 60 and 200cm and the 

number of horizons varied between 2 and 8. Each horizon sample was analyzed for 

several soil properties including pH, texture, and carbonates. Other site attributes 

associated with each soil core during time of sampling included drainage, slope, 

presence and colour of mottles, and presence of shell fragments. 

2.3.4 Data pre-processing methodology 

The 1331 points with soil chemistry data were then assessed and screened 

according to land uses. Using the Agricultural Resource Inventory (ARI) agricultural 

polygon layer released in 1983, any points within the legacy soil data set which were 

outside of agricultural fields were removed. The purpose of this experiment was to 

produce accurate SOM for agricultural area, so soil cores which were not collected on 

agricultural land were omitted from this study. A total of 1231 soil cores with chemistry 

data were retained for the study. The distribution of SOM in the resulting 1231 samples 

was also compared against SOM range often found in agricultural fields. As reported by 

OMAFRA (2016), agricultural soil organic matter typically ranges from 1 – 10% and the 

range of SOM within the remaining 1231 was 0 – 10%.  

As the number and depth of horizons and the depth of the soil profile varied 

among soil cores, the soil properties for each core were harmonized to standardized 

depths using a depth function interpolation. To create an accurate interpolated surface 

across the dataset, organic matter was calculated for each soil core at a standard depth 



 

 

22 

 

of 30 cm using a mass preserving spline as implemented in the mpspline package 

(Bishop et al. 1999) in R (R core team, 2018) with a lambda of 0.1. This spline function 

is a commonly used to calculate incremental or standardized values within soil profiles. 

Soil is often tilled to a depth of 30cm (Olson and Al-Kaisi, 2015); however, a minimum of 

half of all crops’ roots are within the upper 20cm of soil (Fan et al., 2016) suggesting a 

suitable SOM mapping soil depth of 0 – 30 cm.  

The 1231 data points used were divided into model building (calibration) and 

testing (validation) datasets by randomly splitting the 1231 points into 70% (862 points) 

for the model building and 30% (369 points) for testing. Although there are many ways 

data can be split, such as 90% in the calibration set and 10% in the validation set, or 

closer to an equal split of 50% in each data set; a 70/30 split was used to provide 

enough data points in the calibration set to create an accurate model. The data was split 

using the Subset Features tool in ArcGIS which randomly selection 30% of the data 

points from the dataset to create a validation dataset. This initial data split was 

performed once so the same calibration data set was used for each type of interpolation 

to preserve a comparable output. 

2.3.5 Interpolation algorithms for SOM 

This study performs all interpolations for SOM using the Geostatistical Analyst 

package in ArcGIS. 

The five deterministic and geostatistical methods available in Geostatistical 

Analyst are Inverse Distance Weighted (IDW), local polynomial (LPI), global polynomial 

(GPI), Kriging (KRG) including Empirical Bayesian Kriging (EBK), and Radial Basis 
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Functions (RBF). Each method was broken down into one or more sub-methods. These 

sub-methods were further broken down into one to five different settings resulting in 

comparison of fifteen different interpolation algorithms.  

Each of the interpolation methods listed above possess default parameters within 

ArcMap optimized to the input data. Optimized interpolation provides an output of a 

variable’s distribution. If a user does not have time to investigate optimal interpolation 

techniques, the user may select an interpolation method and use the default parameters 

or make minor changes to quickly obtain an interpolated surface. The interpolation 

methods tested are a combination of default values and slightly altered default values. 

All interpolation methods with parameters are displayed in Table 2.1. All interpolations 

starting with the number 1 are the default values for each interpolation and any changes 

made to the defaults for each method are consecutive numbers, if any. Below is an 

explanation of each interpolation method and how alterations to the defaults can change 

the interpolation output. 

The IDW interpolator is deterministic and contains several properties available for 

the user to change. One such parameter, the Neighborhood Type, can be changed to 

‘Smooth’. The ‘Smooths Neighborhood type uses an inner and outer boundary around 

the search neighborhood. These boundaries serve to smooth transitions from inside to 

outside the search neighborhood. 
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Table 2.1: Parameters for each interpolation method applied to soil organic matter. 

Code 
Power 

Neighborhood 
Type 

Max 
Neighbors 

Min 
Neighbors 

Sector 
Type 

Angle 
Order of 

Polynomial 
Subset 

Size 
Radius 

Kernel 
Function 

IDW1 2 Standard 15 10 1 0 – – – – 

IDW2 2 Smooth 15 10 1 0 – – – – 

RBF1 – Standard 15 10 1 0 – – – 
Completely 
Regularized 

Spline 

RBF2 – Standard 15 10 1 0 – – – 
Inverse 

Multiquadric 

RBF3 – Standard 15 10 1 0 – – – 
Spline with 

Tension 

RBF4 – Standard 15 10 1 0 – – – Multiquadric 

RBF5 – Standard 15 10 1 0 – – – Thin Plate Spline 

LPI1 – – – – – – 1 – – Exponential 

KRG1 – Standard 5 2 4 45 – – – – 

KRG2 – Standard 5 2 4 45 – – – – 

KRG3 – Standard 5 2 4 45 – – – Exponential 

EBK1 – 
Standard 
Circular 

15 10 1 0 – 100 2611.21 – 

EBK2 – 
Standard 
Circular 

15 10 1 0 – 100 2611.21 – 

GPI1 – – – – – – 1 – – – 

GPI2 – – – – – – 10 – – – 
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Code 
Kernel 

Parameter 
Transformation 

Type 
Order of Trend 

Removal 
Variable Model Type Lag 

# of 
Lags 

Kriging 
Type 

IDW1 – – – – – – – – 

IDW2 – – – – – – – – 

RBF1 0.25 – – – – – – – 

RBF2 515.67 – – – – – – – 

RBF3 .03 – – – – – – – 

RBF4 0.00 – – – – – – – 

RBF5 1e20 – – – – – – – 

LPI1 – – – – – – – – 

KRG1 – Normal Score None Covariance Multiplicative Skewing 633.20 12 Simple 

KRG2 – None None Semi-variogram Stable 645.87 12 Ordinary 

KRG3 – None Constant Semi-variogram Stable 78.07 12 Universal 

EBK1 – None – – – – – – 

EBK2 – Empirical – – – – – – 

GPI1 – – – – – – – – 

GPI2 – – – – – – – – 
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Using smooth transitions results in more gradual change between values in the 

interpolated map. For this study, the only parameter changed was the neighborhood 

type because with no prior knowledge, it is the simplest and most straightforward 

parameter to change which provided the largest impact to the output interpolation. 

Like IDW, RBF also is a deterministic interpolator. Five different iterations of RBF 

were used in this study, each with different Kernel Functions. The Completely 

Regularized Spline Kernel Function creates a slightly smoother interpolated surface. 

The Spline with Tension Kernel Function will not produce as smooth of an interpolated 

surface as the other methods; but will closely constrain the minimum and maximum to 

that of the input dataset. The Multiquadric Kernel Function can improve approximation 

of the input variable. The Inverse Multiquadric Kernel Function allows further flexibility 

with interpolation in comparison to the other Kernel Functions. Finally, the Thin Plate 

Spline Kernel Function can provide more accurate interpolations with denser input 

datasets. 

The GPI and LPI interpolators both are fast and inexact, meaning the model 

predicts values at the locations with data values. Two different iteration of GPI were 

tested; the default with a polynomial of 1 and a second iteration with a polynomial of 10. 

Increasing the order of the polynomial from 1 allows for greater variation in the surface. 

LPI is comparatively slower than GPI due to the interpolation’s complexity. Unlike GPI, 

LPI allows the user to control the neighborhood type, sector type, anisotropy factor as 

well as other parameters; but for the purpose of this study only the defaults were used 

for LPI. 
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ArcMap’s Geostatistical Analyst provides two geostatistical kriging methods: 

Kriging and Empirical Bayesian Kriging. Kriging possesses six different types: Ordinary, 

Simple, Universal, Indicator, Probability, and Disjunctive. Only Ordinary, Simple, 

Universal, and Empirical Bayesian are used in this investigation. 

 Each of the five interpolation methods detailed in Table 2.1 were performed on 

the calibration dataset for the study. Defaults were changed in three of the four 

interpolation algorithms to determine the most accurate interpolation for SOM. Users 

who work in the field of geostatistics and work with programs like ArcGIS, but are not 

well versed in geostatistics, require best practices for most accurate interpolation 

methods for SOM. 

2.3.6 Analysis and execution of interpolations 

ArcGIS 10.4 with its extension Geostatistical Analyst was used to perform each 

interpolation method. R Studio and Excel were used for all analysis and diagram 

creation. 

2.3.7 Evaluating interpolation algorithms 

Evaluation of the interpolations was performed using root mean square error, 

coefficient of determination, the K-S test, and comparing the roughness using 3×3, 5×5, 

and 9×9 matrices across each interpolation. 

Evaluating the accuracy each interpolation algorithm using the root mean square error 

(RMSE) as per Equation 1. 
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Equation 1:  

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑍𝑖 − 𝑍)2

𝑛

𝑖=1

 

where 𝑍𝑖 is the observed value, 𝑍 is the predicted value, and 𝑛 is the number of 

samples. Interpolation algorithms were also evaluated using the coefficient of 

determination (R2) as per Equation 2. 

Equation 2: 

𝑅2 = 1 −
∑ (𝑥𝑖 − �̅�)2

𝑖

∑ (𝑦𝑖 − �̅�)2
𝑖

 

where 𝑥𝑖 represents the x value for the observation i, �̅� is the mean of the x value, 𝑦𝑖 is 

the y value for observation i, �̅� and is the mean of the y value.   

The split dataset results in an internal and external RMSE and R2 values which allow 

relative and absolute measures of fit for internal and external validity of the interpolation 

algorithms. RMSE and R2 was also applied to the pre-processed dataset (calibration 

and validation sets combined). 

 A common method to compare two data sets is the t-test; however, the t-test 

requires the data sets to be normally distributed. The K-S test is an effective alternative 

because it is a nonparametric test and is used in this study to compare the probability 

distribution of each of the interpolations against the distribution of the pre-processed 

dataset. By comparing the distributions of each of the interpolated maps to the input 

dataset, quantitative measures of two measures, the p-value and the D-value. The D-
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value measures the maximum distance between the cumulative distribution of the input 

data set and the cumulative distribution of the interpolated data set as per Equation 3. 

Equation 3: 

𝐷𝑛,𝑚 > 𝑐(∝)√
𝑛 + 𝑚

𝑛𝑚
 

where 𝑛 is the size of the first sample, in this case the pre-processed dataset, and 𝑚 is 

the size of the second sample, in the case the values from an interpolated map. 

Put more simply, the smaller the D-value, the higher the similarity between the 

cumulative distributions. The p-value and D-values measure show how closely each 

interpolated map fits the input dataset. If the p-value and D-value of an interpolated map 

is low, then then interpolated map closely fits to the distribution of the input dataset 

indicating the interpolation method accurately maps the data. 

Examining the range of differences within a defined window, across each 

interpolation, provides statistics on the changes of SOM within smaller areas of each 

interpolation output. The range of differences within a defined window, such as 3 cells 

by 3 cells, 5 cells by 5 cells, and 9 cells by 9 cells window; as illustrated in Figure 2.2. 

 

Figure 2.2: Example of defined windows to examine range differences. 
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Investigating the ranges of 3×3, 5×5, and 9×9 windows across each interpolation 

provides insights to the differences in SOM within a smaller area, such as would be 

found in a farm field, and provides information regarding whether the spatial trends 

within each interpolation are maintained at different scales.  

 Results and Discussion 

2.4.1 Descriptive statistics 

The pre-processed dataset contained 1231 data points which showed a range of 0 – 

9.9% SOM. The pre-processed dataset had a mean of 3.7% and a standard deviation of 

1.59%. The dataset showed close to a normal distribution with a skew of 0.63 and 

kurtosis of 0.47 indicating a positively skewed distribution (Figure 2.3). 

The pre-processed dataset was split into the calibration and validation datasets. 

The calibration and validation datasets display similar statistics to that of the whole pre-

processed dataset. The calibration set possessed a mean of 3.68%, standard deviation 

of 1.58%, and the same slightly positively skewed distribution of the whole pre-processed 

dataset with a kurtosis value of 0.49. The validation set possessed a mean of 3.74%, 

standard deviation of 1.61%, a right skew of 0.41, and a kurtosis of 0.41 (Figure 2.3). The 

calibration and validation datasets are similar to the pre-processed dataset in terms of 

mean, standard deviation, skew, and kurtosis. 

. 
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2.4.2 Interpolation Results and Discussion 

Each of the fifteen methods and sub-methods were performed on the calibration 

dataset to create rasters at 100 m resolution. The high and low ranges of each output 

interpolation varied. For instance, the interpolation method with the smallest range of 

Figure 2.3: Boxplot and histogram of soil organic matter distribution for pre-
processed data and data split into calibration (Cali) and validation (Vali) 
datasets. 
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3.06 to 4.25% is GPI1; and the interpolation method with the largest range of -9.86 to 

27.26 is RBF5 (Table 2.2). 

This distribution of SOM varies across each of the 15 interpolations. The 

interpolation displaying the closest values in terms of mean and coefficient of variation 

to the pre-processed dataset is RBF5 (Table 2.2); however, RBF5 also possessed the 

greatest number of values outside of the input SOM values of 0-10%. Of the 334374 

cells in the output interpolation, 2523 cells were below 0% SOM, and 580 cells were 

above 10% resulting in almost 1% of all cells outside the range of the dataset’s input 

range. Extending outside of the maximum of the input range can be acceptable, 

extending into the negative range is never acceptable for this data set since negative 

SOM does not exist.  

The order of interpolations extending outside the 0 – 10% SOM data range from 

least number of cells outside of the data range to the greatest number of cells outside of 

the data range are: RBF1<RBF2<GPI2<RBF5 (Table 2.2 and Figure 2.4). Although the 

interpolation outputs can be scaled to reflect actual SOM values (in this case all values 

below 0 removed), this study examines the most appropriate interpolation algorithms 

through each algorithm’s default values or through minor changes to the default values. 

Regardless of the Kernel function, Radial basis functions can, and often do, estimate 

above and below the input data’s minimum and maximum. Unlike interpolators like IDW 

which are based on data averaging, the RBF interpolator employs a curved line to 

extend beyond any given sample point which can extend the interpolated output beyond 

the minimum and maximum range (Buhmann, 2003).   
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Three of the five RBF sub-methods estimated above and below the range of the input 

data; only RBF1, RBF2, and RBF5 produced negative values. The Kernel functions 

associated with RBF1, RBF2, and RBF5 produce a curve which extends significantly 

past the input data values (Schaback, 2007). All three of these Kernel functions 

theoretically produce a smoother map by extending the interpolated surface farther 

away from the input points; however, it comes at a cost of introducing values outside of 

the minimum and maximum of the input dataset. RBF3 and RBF4 produce less smooth 

interpolated outputs meaning the ranges of the interpolated outputs do not exceed the 

range of the input dataset. GPI2 is another interpolator which extends into the negatives 

for this dataset. GPI1 stays within the range because it only fits one plane though the 

Figure 2.4: Boxplot of the pre-processed data and each of the interpolations. 
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dataset, whereas GPI2 is a 10th order polynomial which bends to fit though the varying 

datapoints within the set. This allows for a smoother interpolation but extends beyond 

the range of the dataset. 

The rest of the interpolations stayed within the 0 – 10% SOM data range. The 

Inverse Distance Weighted interpolator stays within the input data range because IDW 

employs a moving average technique. Averaging a series of data points can only stay 

within the input maximum and minimum. Although Kriging interpolators also use a 

weighted average technique, some Kriging methods can extend beyond the range of 

the input data. In the case of this study, all five Kriging methods happened to stay within 

the same range as the input dataset.  

Comparing the internal and external RMSE for each interpolation shows a 

variation in the RMSE for each interpolation algorithm. GPI1 showed the highest R2 

scores for calibration and the pre-processed dataset (Table 2.2). Statistically this should 

mean GPI1 explains most of the variability of the response data around its mean. 

However, the output for GPI1 is a completely smooth gradient with no high and low 

changes to indicate the variable nature of the soil organic matter input. 

GPI interpolation methods, especially with a polynomial of 1, are generally used 

for data with a smooth gradient like pollution modeling. However, even in studies where 

the goal was testing interpolation methods to accurately model soil pollution, the Local 

Polynomial method was used instead of the Global Polynomial method because the 

Local Polynomial method allows for fitting the polynomial to local areas of the points 

rather than fitting to the whole dataset (Xie et al., 2011).
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Table 2.2: Statistics associated with each interpolation method; the highest R2 is marked with □ symbol; the lowest RMSE is marked 
with ■ symbol; low K-S p-value is marked with ***, and the lowest K-S D-value is marked with **. 

Code Min Max Mean CV 

R2 

(Internal) 

R2 

(External) 

R2 

(Whole 

Dataset) 

RMSE 

(Internal) 

RMSE 

(External) 

RMSE 

(Whole 

Dataset) 

K-S 

p-

value 

K-S 

D-

value 

IDW1 0.03 9.64 3.64 0.24 0.78 0.72 0.73 1.63 1.69 1.63 0.00*** 0.18 

IDW2 0.04 9.62 3.68 0.18 0.83 0.83 0.81 1.66 1.62 1.57 0.00*** 0.26 

RBF1 -1.52 9.60 3.64 0.21 0.80 0.77 0.76 1.60 1.63 1.57 0.00*** 0.20 

RBF2 -13.29 19.45 3.66 0.26 0.78 0.68 0.74 1.70 1.74 1.66 0.00*** 0.17 

RBF3 0.21 9.31 3.64 0.20 0.77 0.80 0.76 1.58 1.60 1.57 0.00*** 0.21 

RBF4 0.09 9.43 3.62 0.29 0.81 0.61 0.72 1.76 1.81 1.76 0.00*** 0.11 

RBF5 -9.86 27.26 3.72 0.45 0.76 0.43 0.71 2.13 2.16 2.11 0.01*** 0.05** 

LPI1 1.95 5.32 3.66 0.12 0.86 0.93 0.79 1.54 1.55 ■ 1.53 0.00*** 0.33 

KRG1 1.85 5.86 3.68 0.10 0.85 0.94 0.83 1.53 1.56 1.53 0.00*** 0.34 

KRG2 0.93 8.21 3.64 0.19 0.76 0.98 □ 0.75 1.58 1.60 1.54 0.00*** 0.21 

KRG3 0.93 8.21 3.64 0.19 0.76 0.83 0.75 1.58 1.60 1.54 0.00*** 0.21 

EBK1 1.66 6.09 3.65 0.18 0.79 0.85 0.76 1.56 1.58 1.55 0.00*** 0.23 

EBK2 1.93 5.53 0.53 0.15 0.80 0.91 0.77 1.51 ■ 1.55 ■ 1.50 ■ 0.00*** 0.30 

GPI1 3.06 4.25 3.71 0.07 0.92 □ 0.97 0.94 □ 1.56 1.61 1.58 0.00*** 0.40 

GPI2 -2.90 9.45 3.57 0.21 0.83 0.85 0.81 1.59 1.56 1.55 0.00*** 0.21 
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The variation of SOM across Middlesex County does not follow a smooth, gradual 

gradient. Looking at the coefficient of determination, internally and for the whole 

dataset, GPI1 explains the variability of data better than the other interpolation models 

(Table 2.2). But due to the linear nature of GPI1, this model still may not be suitable for 

depicting the spatial distribution of SOM. 

The external R2 produced by KRG2 is the highest, indicating KRG2 is superior for 

predicting SOM in terms of absolute measure of fit (Table 2.2). The method displaying 

the lowest RMSE internally, externally, and for the whole dataset was EBK2 (Table 2.2). 

Local polynomial also produced the same external RMSE as KRG5 (Table 2.2).  

The K-S test has been shown to be a useful test to determine estimation quality of 

different interpolation algorithms (Kravchenko and Bullock, 1999). Using the K-S test, all 

interpolations yielded p-values of <0.05 indicating that all interpolations are not 

significantly different from the observed distribution (Table 2.2). RBF5 displayed the 

lowest D-value as well as a low p-value suggesting that compared with the other 

interpolations, RBF5 is the most similar to the distribution of the pre-processed dataset 

(Table 2.2). The drawback to RBF5 is it contains values which fall under the 0% which 

makes this interpolation unrealistic for mapping SOM (Table 2.2 and Figure 2.4). 

Quantitative measures of the K-S test provide the necessary statistics for measuring the 

similarity of each interpolation to the input dataset; but visual representations of the K-S 

test assist with intuitively understanding the K-S test results as shown as the cumulative 

distribution in Figure 2.5. 
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Figure 2.5: Cumulative distributions of pre-processed data and each of the interpolations of % soil 
organic matter. 

Ding et al. (2018) comments on the spatial display of each interpolation can 

provide an excellent exploration of the spatial output of each interpolation. Analyzing 

patterns within each interpolation and using visual elements such as a cornea or “bull’s 

eye” effect or zigzag effects within the interpolated map incorporated with statistics for 

each map can assist with deciding on optimal interpolations for a variable. For instance, 

EBK1 showed an overlapping halo effect which could be mistaken for a zigzag effect. 

IDW1 and IDW2 showed severe bullseye effect. EBK2, RBF1, RBF2, and RBF3 all 

showed some bullseye effect but were generally smoother than IDW1 and IDW2. KRG1 

showed a bullseye effect with some zigzagging and linear artifacts. These same effects 

were present but much more severe in KRG2 and KRG3. RBF4 and RBF5 showed 
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some clustering, but were smooth in comparison to other algorithms, as shown in Figure 

2.6.  

Analyzing and comparing spatial elements between interpolations can be done 

by examining roughness. Often roughness is associated with digital elevation models; 

however, roughness can also be applied to other types of interpolated outputs, like 

SOM. Examining roughness of each interpolation at different scales can be useful to 

determine if the pattern within the interpolation persists at increasing levels of 

roughness.  

Higher ranges of SOM indicate more rugged or more severe differences of SOM 

within close range while lower ranges of SOM indicate smoother or more gradual 

changes. The interpolations listed from roughest to smoothest for the 3x3 window are 

as follows: RBF2, RBF5, RBF1, IDW1, IDW2, RBF4, RBF3, KRG3, KRG2, KRG1, 

EBK1, GPI2, EBK2, LPI1, and GPI1 (Table 2.3 and Figure 2.7). RBF2 possesses a 

range of 19% SOM and GPI1 possesses a range of 0.004% SOM (Table 2.3). The 

roughness of the interpolations for the other two windows yielded slightly different 

results. The roughest interpolations according to the 5x5 and 9x9 windows were also 

RBF2, RBF5, RBF1, and IDW1; and the smoothest were also LPI1 and GPI1; but there 

was a slightly different order for the interpolations between the roughest and the 

smoothest (Table 2.3). GPI1 remained the smoothest interpolation for all three 

roughness windows with the largest roughness range of 0.015% for the 9x9 window. 

Given the input data varied from 0 to 10% SOM, range variations outside of 10% 

SOM suggest unsuitable interpolations. Contiguous cells within a 3x3, 5x5, and 9x9 
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Figure 2.6: Outputs from 15 interpolations for Global Polynomial (GPI), Local Polynomial (LPI), Inverse Distance Weighted (IDW), Kriging (KRG and 
EBK), and Radial Basis Function (RBF) of the SOM calibration dataset at 100 m resolution for Middlesex agricultural land. 
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Figure 2.7: Ranges performed on each SOM interpolation at 100 m using 3 x 3 window. 
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Table 2.3: Statistics for the 3x3, 5x5, and 9x9 range windows; these are the statistics for the ranges within each of the 3 moving 
windows which describe the roughness. 

 3x3 Range 5x5 Range 9x9 Range 

 Min Max Mean SD Min Max Mean SD Min Max Mean SD 

EBK1 0.000 0.998 0.107 0.122 0.000 0.724 0.085 0.086 0.000 1.504 0.352 0.215 

EBK2 0.000 0.535 0.044 0.051 0.000 1.073 0.202 0.160 0.000 1.202 0.157 0.153 

GPI1 0.000 0.004 0.003 0.001 0.000 0.008 0.007 0.001 0.000 0.015 0.014 0.003 

GPI2 0.000 0.818 0.040 0.052 0.000 1.468 0.083 0.102 0.000 2.696 0.171 0.202 

RBF1 0.000 8.908 0.160 0.192 0.000 8.908 0.316 0.343 0.000 8.908 0.622 0.625 

RBF2 0.000 19.316 0.233 0.319 0.000 28.734 0.464 0.614 0.000 27.567 0.883 0.995 

RBF3 0.000 2.672 0.142 0.159 0.000 4.236 0.279 0.283 0.000 6.096 0.548 0.525 

RBF4 0.000 2.936 0.217 0.193 0.000 4.174 0.432 0.359 0.000 6.683 0.842 0.658 

RBF5 0.000 12.302 0.363 0.350 0.000 18.274 0.719 0.643 0.000 22.141 1.377 1.142 

KRG1 0.000 1.466 0.068 0.063 0.000 1.481 0.127 0.103 0.000 1.786 0.233 0.180 

KRG2 0.000 2.564 0.228 0.263 0.000 3.673 0.420 0.367 0.000 4.591 0.722 0.507 

KRG3 0.000 2.564 0.288 0.263 0.000 3.673 0.420 0.367 0.000 4.591 0.722 0.507 

IDW1 0.000 4.253 0.193 0.221 0.000 5.395 0.385 0.408 0.000 6.689 0.751 0.717 
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window for the interpolations RBF2 and RBF5 possess cells that are outside the range 

of 0 to 10% SOM. It should be noted that for both RBF2 and RBF5, most of the cell 

ranges within each of the windows is below 2% SOM difference.  

 Conclusions 

The overall goal of this study was to compare interpolation algorithms within 

ArcGIS to determine which algorithm(s), either default or slightly altered parameters, 

provide the most accurate predictions of SOM in Middlesex County farmlands. The four 

methods found to be most appropriate for interpolating SOM for Middlesex County 

farmlands are KRG2, EBK2, RBF4, and IDW1. 

The major challenges in comparing interpolation methods is finding a method 

which adequately fits all statistical measures. The measures of statistics used in this 

study conflict with one another and do not agree on a single, optimal method of 

interpolation of SOM across Middlesex County. The most common statistics used for 

comparison, R2 and RMSE, provide mixed results with GPI1 and KRG2 providing the 

comparatively optimal relative measure of fit and EBK2 and LPI1 with the comparatively 

optimal absolute measures of fit. Including GPI1 in recommendations is not 

recommended because GPI1 provides a completely smooth, linear gradient which is not 

appropriate for representing the variation of SOM across Middlesex. In terms of R2 and 

RMSE, KRG2, EBK2, and LPI1 as optimal in terms of R2 and RMSE. 

Looking to the K-S statistic, RBF5 displayed the lowest D statistic and highest p-

value suggesting that compared with the other interpolations, RBF5 displays the most 

similar to the distribution of the pre-processed dataset. However, RBF5 is also the 
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interpolation with the greatest number of cells outside the outside the range of the SOM 

of the input dataset. RBF5 also produced one of the roughest interpolation outputs with 

the highest range within the 9, 25, and 81 contiguous cells. This is because the RBF 

interpolation tends to predict above and below the minimum and maximum values of the 

dataset. If the minimum and maximum of RBF interpolations were constrained, this may 

be the optimal choice for interpolation in terms of a spatial comparison; however, since 

this paper analyzes the defaults and alterations to only the function types, RBF 

interpolation types are not recommended for interpolating SOM. 

Using defaults or slightly altered parameters for interpolations within ArcGIS, the 

recommended interpolations to interpolate SOM are KRG2 according to the R2, EBK2 

according to the RMSE, and RBF4 and IDW1 because they both have small D-values 

but are within the 1-10% SOM range. These recommendations are restricted to SOM 

interpolation of SOM with no auxiliary data. To improve upon this investigation to 

determine the best method for interpolating SOM, it is recommended auxiliary data and 

interpolation techniques such as regression kriging or machine learning are 

investigated.  
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Preface to Chapter 3 

Chapter 2 investigated the most accurate interpolation schemes to represent spatial 

variability of SOM at a county scale within the top 30 cm of soil. Chapter 2 found that 

not one, but several interpolation methods may be appropriate for spatially mapping 

SOM. What is unknown is whether these same interpolation methods are appropriate 

for mapping other soil properties. Chapter 2 explored mapping of SOM for 0 – 30 cm of 

soil, which was appropriate for agricultural purposes, but other land management 

activities require digital soil mapping at a range of depths. Before further mapping 

activities can continue, soil depth functions must be applied to each soil profile to obtain 

harmonized soil properties at standardized depths. The most commonly used soil depth 

function is the equal area mass preserving spline. There is literature showing the 

accuracy of the equal area mass preserving as an accurate depth function for some soil 

properties, but not for others. Chapter 3 compares several soil depth functions to 

determine which function provides the most accurate approximation of each soil 

property throughout a collection of soil profiles covering Middlesex County.  
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3 Chapter 3: Comparison of depth function performance for 
soil property- and soil type-specific applications 

 Abstract 

Accurate digital soil property mapping requires soil property data at incremental or 

standardized depths rather than horizon-based measurements of soil profiles. To 

accurately represent soil attributes across an area, standard depths within a soil profile 

must be calculated to allow three-dimensional mapping at specified depth intervals. The 

purpose of this investigation was to compare four different methods (linear regression 

equal area quadratic spline, 3rd order polynomial regression, and exponential decay 

function) to transform variable soil horizons into standardized depths for 6 different soil 

properties: pH, % sand, % silt, % clay, soil carbonates, and % SOM, within a collection 

of legacy soil profiles collected from Middlesex, Ontario, Canada. This investigation also 

assessed the most accurate soil depth function for different soil types (series). Depth 

functions were compared using R2, RMSE, and CCC. Of the depth functions fitted to 

complete soil profiles, the equal area quadratic spline provided the highest accuracy; 

when a horizon was removed and predicted back, the most accurate functions were 

either linear regression or exponential decay for all soil profiles and for most soil types.     
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 Introduction 

Digital soil maps are resources for environmental and agricultural management. 

To build accurate three-dimensional DSMs, new soil data is collected and can be 

incorporated with existing (legacy) soil profiles. When new soil profiles are collected and 

tested, soil properties/attributes are often based on horizons. The horizon-based 

method for associating soil properties to a profile results in one value for each soil 

property for each horizon. The horizon-based method results in “stepped” data which 

does not show the continuous nature of any given soil property (Hartemink and 

Minasny, 2014, Minasny et al., 2016). Soil profiles are usually collected and tested 

according to genetic horizons, but this is counter to the nature of soil properties because 

soil properties can change evenly with depth (Bishop et al., 1999, Russell and Moore, 

1968). To accurately transform soil attribute values within a soil profile’s horizon, soil 

depth functions are necessary. Jenny (1941) wrote that the statistics of soil depth are 

not uniform in all directions; rather, soil profiles and soil properties within profiles have 

their own unique depth signature. Each soil property within a profile can have unique 

depth signature and each soil property needs a representative depth function. To 

accurately represent the variability in soil depth for agricultural and environmental 

mapping (Liu et al., 2013), it is necessary to explore the accuracy of different depth 

functions for different soil properties. 

Various methods of representing depth functions include the drawing of freehand 

curves (Jenny, 1941), exponential decay functions, linear regressions, polynomials, and 

sigmoid functions (Bishop et al., 1999, Kempen et al., 2011). Minasny et al. (2016) goes 
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into further description of seven different typologies of depth functions including uniform, 

gradational, exponential, wetting front, abrupt, peak, and minima-maxima. Each of the 

depth functions listed may be more suitable for different soil properties, soil types, or 

land use types. For instance, soil organic matter (SOM) and organic carbon (OC) can 

rapidly decline in depth, making exponential or power functions appropriate for modeling 

both SOM and SOC (Minasny et al., 2016) except in areas with significant human 

influences (Kempen et al., 2011). To fit fluctuations in SOM and SOC caused by human 

influences, mass preserving equal-area quadratic splines have provided accurate 

modeling for the vertical distribution of SOC (Bishop et al., 1999, Lacoste et al., 2014, 

Malone et al., 2009, Odgers et al., 2012). Using linear regressions to predict soil 

properties within a profile are not a common choice; the closest to using linear 

regressions were simple exponential functions as proposed by Russell and Moore 

(1968) since the exponential function can model both linear as exponential shapes.  

Depth modeling for SOM and OC has been investigated much more extensively 

than other soil properties. Looking at soil depth functions more generally rather than 

application of depth functions applied to specific soil properties, the equal area 

quadratic spline, as proposed by Ponce-Hernandez et al. (1986) ensured equal area to 

the left and right of the spline protected the mean value of the horizon. Bishop et al. 

(1999) compared the use multiple λ values for the equal area spline with to 1st and 2nd 

order polynomials and exponential decay functions. Bishop et al. (1999) also introduced 

smoothing to the Ponce-Hernandez equal area quadratic spline to help with 

measurement error and boundary conditions between soil horizons. Bishop et al.’s 
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(1999) study showed that the equal area smoothing spline provided better prediction for 

all soil attributes tested; however, this study was constrained to 3 soil profiles, each soil 

profile representing a different soil class. Zhang et al.’s (2017) study was much more 

extensive, analyzing 32 soil profiles for their local dataset and 432 soil profiles for the 

global dataset. Zhang et al. (2017) may have found that their sigmoid function showed 

superiority in terms of “interpretability, simplicity, and generality”; however, the equal 

area quadratic spline function (EAQSF) provided more accurate results fitting pH within 

agricultural fields. In Zhang et al.’s (2017) study, in most cases the 3rd polynomial 

performed worse than the other methods tested, except with the global dataset where 

the 3rd polynomial performed slightly better than their sigmoid function. This suggests 

further testing of the 3rd polynomial with other soil properties datasets to test viability of 

this depth function. 

The goal of this study was to determine the most accurate soil property depth 

function across different soil types. More precisely, the objectives were: 1) determine 

which soil depth function (linear regression, 3rd polynomial, EAQSF, and exponential 

decay function) most accurately represents % sand, % silt, % clay, % SOM, CaCO3, 

and pH for complete soil profiles with all horizons and with soil profiles with the 2nd 

horizon removed and 2) if the most accurate depth function for each soil property 

maintains its accuracy across various soil types. 
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 Materials and Methods 

3.3.1 Study area 

The area of study was located in Middlesex County, Ontario, Canada. The 

landscape of Middlesex, shaped by glacial activity over 10,000 years ago, includes 

physiographic features such as moraines, plains, dunes, kames, and river terraces 

(Hagerty and Kingston, 1992). This highly variable landscape various soil textures 

including ranges of silt loams, sandy loams, clay loams; as well as an array of drainage 

types from rapid to poorly draining soils. The variable landscape peaks at an altitude of 

340 m and includes an elevation range of 161 m. The county’s climate is affected by 

Lake Huron to the north west of the county and Lake Erie to the south with a humid 

continental climate and temperature varying from -6°C to 30°C, and all seasons 

experience precipitation (Hagerty and Kingston, 1992). 

3.3.2 Legacy dataset 

The dataset under consideration is confined to Middlesex County, Ontario, 

Canada. The 1640 soil profiles obtained from Middlesex by the Ontario Ministry of 

Agriculture, Food, and Rural Affairs (OMAFRA) were collected in the late 1980s and 

were obtained from predominantly agricultural areas. Other sampled areas include 

forested areas and floodplains. After soil profile collection, 1331 soil profiles were 

sampled by pedogenic horizon and analyzed in the laboratory for various soil properties. 

The distribution of the 1331 samples in the Middlesex Dataset are shown in Figure 3.1. 

Of the soil properties available in the dataset, the soil properties under consideration for 

this study were pH, % sand, % silt, % clay, % CaCO3, and % SOM.
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6 soil properties from 1 soil profile in 
Middlesex County 

Figure 3.1: Map of Middlesex County. The black dots represent locations for each of the soil profiles which are layered over top of a 
soil series maps. The pop-out to the left shows soil properties from 1 soil profile. 
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There are five different soil orders represented in Middlesex – Luvisolic, 

Brunisolic, Gleysolic, Regosolic, and Organic; most of the soils in Middlesex are well 

drained or imperfectly drained (Hagerty and Kingston, 1992).  

3.3.3 Soil Depth Functions 

Simple Linear Regression 

The linear regression model used in this study was as described in Equation 4. 

Equation 4: 

𝑓(𝑥) =  𝛽0 +  𝛽1𝑥𝑖 +  𝜀𝑖 

where 𝛽0 +  𝛽1 are the parameters of the model, 𝑓(𝑥) is the estimated value at the 

horizon given 𝑥𝑖, and 𝜀𝑖 is the error. A simple linear regression was chosen for this study 

to compare the accuracy and effectiveness of a linear model compared to models which 

can flex and fit soil attributes within a profile. 

Third order polynomial regression 

The 3rd order polynomial regression function used in this study as per Equation 5. 

Equation 5: 

𝑓(𝑥) = 𝑎 + 𝑏 × 𝑥 + 𝑐 × 𝑥2 + 𝑑 × 𝑥3 

where a, b, c, and d were four parameters of the polynomial function. Bishop et al. 

(1999) compared 1st and 2nd polynomial regression against various models; and Zhang 

et al. (2017) compared 3rd polynomial regression against various models finding the 3rd 

order polynomial regression to be suitable for predicting pH in some circumstances.  
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Equal area quadratic smoothing spline (EAQSF) 

The equal-area quadratic spline (EAQSF) starts with a quadratic spline and each 

horizon conforming to a quadratic polynomial with each polynomial for adjacent 

horizons meeting smoothly at the horizon boundary. The overall soil property curve is 

described as a quadratic spline in Equation 6. 

Equation 6: 

𝑠(𝑥) =  𝑝𝑖(𝑥) 𝑓𝑜𝑟 𝑥𝑖−1  ≤ 𝑥 ≤ 𝑥𝑖 , 𝑖 = 1,2, … , 𝑛 

where the quadratic spline is denoted as 𝑠(𝑥), and within each horizon 𝑠(𝑥) observes a 

quadratic polynomial 𝑝(𝑥) where the polynomials 𝑝𝑖(𝑥) and 𝑝𝑖+1 for adjacent horizons 

meets smoothly at the horizon boundary. Smoothing conditions are also required and 

described fully by Bishop et al. (1999).   

Further, the quadratic spline is achieved by estimations from the horizon data, which 

involves choosing a minimizing depth function that describes the true soil property as 

shown in Equation 7 

Equation 7: 

1

𝑛
∑(𝑦𝑖 − 𝑓�̅�)

2

𝑛

𝑖=1

+ 𝜆 ∫ 𝑓′(𝑥)2𝑑𝑥
𝑥𝑛

𝑥0

 

where each measurement 𝑦𝑖 is calculated using 𝑓�̅� which is the mean value over an 

interval; depths of boundaries of n horizons are denoted by 𝑥 with 𝑥0 as the soil surface, 

and 𝜆 is the control for the trade-off between the roughness and the fidelity term. This is 

also described in detail by Bishop et al. (1999). The equal area quadratic smoothing 

spline function (EAQSF) builds on the EAQS by using a linear function between knots; 
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knots being the points at the layer boundaries with a soil profile. This is further 

developed and described in detail in Appendix A of by Malone et al.’s (2009) study on 

depth functions of soil carbon storage. After testing λ values of 10, 0.1, 0.01, 0.001, 

0.0001, 0.00001, Bishop et al. (1999) found that a λ value of 0.1 provided the highest 

accuracy of fitting procedures for all soil properties in their study; the accuracy of a 0.1 λ 

value was used by Zhang et al.’s (2017) application of EAQSF to pH. Due to both these 

findings, a λ value of 0.1 was used in this study for the EAQSF. Zhang et al. (2017) 

showed the EAQSF to be the most accurate in some circumstances when predicting 

pH, so the accuracy of the EAQSF is expanded to different soil properties and applied 

to the Middlesex dataset.  

Exponential decay function (EDF) 

The exponential decay function models the soil property by decreasing the level of the 

soil property proportional to the depth from the top of the soil profile as per Equation 8. 

Equation 8: 

𝑦 =  𝑐𝑒−𝑘𝑥 

Where 𝑦 is the value of the soil property, 𝑥 is the soil depth below the surface of the soil, 

and both 𝑐 and 𝑘 are constants. 

3.3.4 Workflow of soil depth functions 

The application of the four depth functions described above were applied to the six 

soil properties (pH, % sand, % silt, % clay, % CaCO3, and % SOM) for all profiles within 

the dataset in two different ways: 
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1. Each depth function was fitted to all horizons of each soil profile, then the fitted 

values were evaluated against the observed values with the methods detailed in 

section 3.3.5. 

2. The second horizon was extracted from every soil profile and held out. Each of 

the depth functions were fitted to all the soil profiles which were missing the 

second horizon and the second horizon was predicted back with each depth 

function. The predicted second horizon was evaluated against the observed 

second horizon with the methods detailed in section 3.3.5. 

The dataset was broken down by soil series and land use type. Breaking down the 

dataset allows this study to examine if accuracy of soil depth functions changes 

according to soil series and land use. However, the results will be limited because most 

of the soil profiles were collected from agricultural landscapes.  

3.3.5 Evaluation of soil depth functions 

Soil depth functions were evaluated using root mean square error (RMSE) to 

determine the accuracy of prediction as per Equation 9. 

Equation 9: 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑍𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑍𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)

2
𝑛

𝑖=1

 

w here 𝑍𝑖 is the observed value, 𝑍 is the predicted value, and 𝑛 is the number of 

samples. The coefficient of determination (R2) to determine the goodness of the fitting 

scheme as per Equation 10. 
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Equation 10: 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑓𝑖)2

𝑖

∑ (𝑦𝑖 − �̅�)2
𝑖

 

where 𝑥𝑖 represents the x value for the observation i, �̅� is the mean of the x value, 𝑦𝑖 is 

the y value for observation i, �̅� and is the mean of the y value. Lin’s Concordance 

Correlation Coefficient (CCC) shows the level of agreement between the predictions 

and the measurement as per Equation 11. 

Equation 11: 

𝜌 =
2𝜌′𝜎𝑧𝜎�̂�

𝜎𝑧
2 + 𝜎�̂�

2 + (𝜇𝑧 − 𝜇�̂�)2
 

where µ is the mean and σ is the variance for the vector of the true measurements of z 

and the vector of the predicted values of ẑ, and 𝜌′ is the correlation between 𝜇𝑧 and 𝜇�̂�.  

 Results and Discussion 

3.4.1 Descriptive statistics 

Each of the 1331 soil profiles in the Middlesex Database’s chemistry data contain 

between 2 and 8 horizons with an average of 4 horizons. The range of % sand was 

between 0 – 98 with an average of 32.9, the range of % silt was 0 – 91 with an average 

of 36.3, and for clay the range was 0 – 69 with an average of 22.2. The acidity of each 

soil horizon within each profile was expressed using pH, and pH is expressed on a 

logarithmic scale. Standard statistical measures, such as an average, are not 

appropriate to apply to a logarithmic scale; but an average is applied to the pH values 

within the dataset to capture the whether the soils are generally more acidic or alkaline. 

The ranges for pH were 1.7 – 7.9 with an average of 7.18 showing the soils within the 
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dataset are generally neutral. There were 4 soil profiles within the dataset that were 

classified as ultra-acidic. For % CaCO3, there was a range of 0 – 82 and an average of 

8.4. Most of the soil profiles (68% of the profiles) were weakly calcareous, 31% of the 

profiles were moderately to strongly calcareous, and 1% of the soil profiles were 

extremely calcareous. Finally, % SOM had a range of 0 – 80 with an average of 3.2. 

Most of the soil profiles were less than 20% SOM; only 3% of the soil profiles were 

classified as mucky.  

3.4.2 Depth functions in dataset – all horizons 

Comparing all soil profiles across all soil properties, the EAQSF provided the 

highest accuracy, highest concordance, and best fitting function as compared to linear 

regression and 3rd order polynomial regression functions. Fitting a depth function to soil 

profiles with all horizons showed EAQSF as outperforming the other depth functions 

because EAQSF was designed to fit a smooth spline at knots within the soil profile to 

closely fit to the observed data (Bishop et al., 1999) as shown in Figure 3.2 (a). Other 

studies chose the EAQSF to accurately model carbon storage and available water 

capacity (Malone et al., 2009) as well as various soil properties including sand, silt, clay 

and SOC (Sulaeman et al., 2013). While testing other depth functions for accurately 

fitting pH, Zhang et al. (2017) found that, overall, the EAQSF provided the highest 

accuracy and best fit.  

When all the soil profiles for each soil property are grouped by soil series, the 

EAQSF provides higher accuracy and better goodness of fit for most soil series in each 

soil property apart from Bryanston, Burford, Huron, Honeywood, Muriel, and Organic. 
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 The 3rd order polynomial provided equivalent accuracy to EAQSF’s predictions, and in 

some cases slight better accuracy and goodness of fit for some soil series for each soil 

property. Concordance showed that the linear function performed as well as the EAQSF 

for many soil properties over different soil series, and in some cases concordance for 

the 3rd order polynomial function was higher. Looking at pH specifically, R2, 

concordance, and RMSE all converged on EAQSF for all soil properties grouped 

together (Table 3.1). When the soil profiles were grouped by soil series, the 3rd order 

polynomial provided equivalent accuracy to EAQSF and higher goodness of fit for 

Figure 3.2: All 4 depth functions fitted to pH of a single profile located in the Melbourne series. 
Box (a) shows depth functions fitted to all 4 horizons within the profile; box (b) shows depth 
functions fitted to profile with the 2nd horizon removed. 



 

 

58 

 

 

Table 3.1: R2, CCC, and RMSE for depth functions across all horizons for pH. Values bolded and highlighted for R2 and CCC show 
highest values for each depth function; and values bolded and highlighted for RMSE show lowest values for each depth function. 

 

pH 

 R2 CCC RMSE 

 Linear 
3rd 

Polynomial EAQSF Linear 
3rd 

Polynomial EAQSF Linear 
3rd 

Polynomial EAQSF 

All Soil Profiles  0.849 0.571 0.999 0.918 0.755 0.999 0.205 0.481 0.019 

Blackwell 0.790 0.965 0.999 0.941 0.786 0.941 0.114 0.034 0.007 

Brantford 0.912 0.992 0.999 0.997 0.994 0.998 0.104 0.033 0.009 

Bennington 0.862 0.994 0.999 0.991 0.990 0.994 0.118 0.027 0.008 

Bookton 0.878 0.986 0.999 0.994 0.988 0.995 0.154 0.052 0.016 

Bryanston 0.907 0.986 0.999 0.995 0.975 0.995 0.063 0.027 0.005 

Brant 0.905 0.990 0.999 0.997 0.992 0.998 0.119 0.039 0.008 

Burford 0.822 0.999 0.999 0.969 0.938 0.968 0.121 0.000 0.008 

Caledon 0.846 0.963 0.998 0.989 0.969 0.989 0.166 0.087 0.020 

Fox 0.680 0.825 0.996 0.985 0.890 0.983 0.288 0.223 0.038 

Huron 0.866 0.995 0.999 0.997 0.982 0.997 0.087 0.020 0.006 

Honeywood 0.884 0.999 0.999 0.993 0.989 0.993 0.086 0.005 0.006 

Melbourne 0.882 0.986 0.999 0.994 0.985 0.995 0.128 0.044 0.009 

Muriel 0.890 0.999 0.999 0.991 0.964 0.991 0.115 0.000 0.007 

Organic 0.041 0.999 0.999 0.747 0.750 0.746 0.049 0.000 0.005 

Plainfield 0.904 0.991 0.999 0.995 0.992 0.997 0.224 0.072 0.017 

Teeswater 0.797 0.994 0.999 0.977 0.941 0.977 0.154 0.036 0.014 

Walsher 0.808 0.981 0.999 0.982 0.976 0.987 0.261 0.088 0.022 

Wattford 0.869 0.988 0.999 0.993 0.987 0.994 0.236 0.073 0.017 



 

 

59 

 

Burford, Honeywood, Muriel, and Organic soil series. Concordance diverged showing 

the linear function as stronger for Burford and Fox, the linear function as strong as 

EAQSF for Blackwell, Bryanston, Caledon, Huron, Honeywood, Muriel, and Teeswater; 

and the 3rd order polynomial function as stronger than the other functions for Organic 

(Table 3.1). Although some of these soil series share the same Order, Soil 

Development Environment, dominant drainage, or Associated Landform (Table 3.2), the 

soil types where concordance diverged from R2 and RMSE do not all share the same 

pedogenetic environment in terms of specific glacial effects or landform association. 

The soil type pH tends to be an outlier with respect to the divergence of concordance 

from the other statistical measures. The concordance of sand, silt, clay, CaCO3, and 

SOM tended to converge with R2 and RMSE for the other soil series for the other soil 

properties. For tables showing the R2, CCC, and RMSE for each soil depth function 

applied to all horizons of each soil property, see Appendix A.2.  

3.4.3 Depth functions – 2nd horizon removed/predicted back 

Removal of the second horizon from each soil profile which was predicted back 

with each depth function yielded much different results compared to depth functions 

fitted to all horizons within each soil profile. All soil profiles were considered as one 

large group for each soil property, and for each soil property there were few instances 

where EAQSF outperformed any of the other depth functions in any of the soil 

properties in terms of R2, CCC, and RMSE. One of the reasons the EAQSF did not 

perform as well as the other depth functions was because the linear regression model 

and exponential decay models do not fit the values in each horizon as closely as 
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Table 3.2: Soil series and associated, order, development environment, landforms, and drainage all derived from Hagerty and Kingston, 
1983. 

Soil Series 
Textures from Soil 

Landscapes Order Parent Material Associated Landforms Dominant Drainage 

Blackwell 
Clayey with beds of 

Sand and heavy Clay 
Gleysol Glaciolacustrine deposits Clay plains Poor 

Brantford 
Clayey and heavy 

Clayey 
Luvisolic Glaciolacustrine deposits Clay plains Moderately well to imperfect, poor 

Bennington Loamy over Clayey Luvisolic 
Glacial till deposits and 

glaciolacustrine deposits 
Clay plains and moraines Well to imperfect, poor, very poor 

Bookton 
Sandy over Clayey and 

heavy Clayey 
Brunisolic 

Glacial till deposits and 
Glaciolacustrine deposits 

Glaciolacustrine sand plains and deltas, 
small dunes on clay plains, abandoned 

shorelines; moraines 
Well to imperfect, poor 

Bryanston Loamy Luvisolic Glacial till deposits Moraines Well to imperfect, poor 

Brant 
Loamy over Gravelly 

over Loamy 
Brunisolic Glaciolacustrine deposits Glaciolacustrine sand plains and deltas Well to imperfect, poor, very poor 

Burford Gravelly over Loamy Brunisolic Glaciolacustrine deposits 
Spillways, river terraces, glaciofluvial 
deltas, kames, abandoned shorelines 

Rapid to imperfect, poor 

Caledon 
Sandy over Gravelly 

over Loamy 
Luvisolic Glaciolacustrine deposits 

Spillways, river terraces, glaciofluvial 
deltas, kames, abandoned shorelines 

Rapid to imperfect, poor 

Fox 
Sandy over Loamy or 

Gravelly 
Luvisolic Glaciolacustrine deposits 

Glaciolacustrine sand plains, spillways, 
kames 

Rapid to imperfect, poor, very 
poor 

Huron Clayey over Loamy Luvisolic Glacial till deposits Moraines Moderately well to imperfect, poor 

Honeywood Loamy Brunisolic Glacial till deposits Moraines Well to imperfect, poor 

Melbourne 
Clayey and heavy 

Clayey 
Luvisolic Glaciolacustrine deposits Clay plains Moderately well to imperfect, poor 

Muriel Loamy; variable Luvisolic Ground moraines Moraines 
Moderately well to imperfect, poor, 

very poor 

Organic 
Organic over Sandy 

over loamy 
Organic Glaciolacustrine deposits  Very poor 

Plainfield 
Sandy over Clayey and 

heavy Clayey 
Brunisolic Glaciolacustrine deposits Sand plains, duned sand plains Rapid to imperfect, poor 

Teeswater 
Loamy over Gravelly 

over Loamy 
Luvisolic Glaciolacustrine deposits 

Spillways, river terraces, glaciofluvial 
deltas 

Well to imperfect, poor 

Walsher Sandy over Loamy Luvisolic Glaciolacustrine deposits Glaciolacustrine plains or deltas Well to imperfect, poor 

Wattford Sandy over Loamy Luvisolic Glaciolacustrine deposits Sand plains Well to imperfect, poor, very poor 
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EAQSF, and therefore can provide more accurate approximations of the removed 

horizon, as shown in Figure 3.2 (b).  

Each soil property demonstrated different soil depth functions as providing higher 

R2 and CCC, and lower RMSE; however, all soil profiles and soil profiles regrouped for 

land use and soil all tended to show higher R2 and CCC, and lower RMSE for linear and 

exponential decay depth functions. 

Starting with all profiles assessed together, the measures of accuracy, 

concordance, and goodness of fit all converged on the exponential decay function for 

pH, silt, clay, and CaCO3, accuracy and goodness of fit measures converged on linear 

function for sand and SOM.  

Next, the soil profiles were considered in terms of soil series. Examining the R2, 

CCC, and RMSE for only pH for the soil profiles across different soil series, either the 

linear and exponential decay function provided the highest R2, highest CCC, and lowest 

RMSE. However, there was not agreement between the three measures for all soil 

series. Brantford, Bryanston, Fox, Melbourne, and Walsher all showed convergence of 

R2, CCC, and RMSE on the linear regression depth function. All five of these soil series 

belong to the Luvisolic order and were developed on glaciolacustrine deposits or glacial 

till deposits (Table 3.3). The similarity in the pedogenic development of these five soil 

series may contribute to the linear regression depth function to prediction back the 

second horizon of these soil series. The pedogenic effect on pH is, generally, the pH 

increases with depth.
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Table 3.3: R2, CCC, and RMSE for depth functions for pH with the 2nd horizon removed and predicted back. Values bolded and 
highlighted for R2 and CCC show highest values for each depth function; and values bolded and highlighted for RMSE show lowest 
values for each depth function. 

 
pH – 2nd horizon removed 

 R2 CCC RMSE 

 Linear 
3rd 

Polynomial EAQSF EDF Linear 
3rd 

Polynomial EAQSF EDF Linear 
3rd 

Polynomial EAQSF EDF 

All Soil 
Profiles  0.805 0.242 0.132 0.809 0.868 0.328 0.365 0.878 0.272 1.285 0.641 0.265 

Blackwell – – – – – – – – 0.326 0.055 0.203 0.326 

Brantford 0.667 0.526 0.048 0.658 0.801 0.608 -0.190 0.799 0.195 0.349 0.653 0.199 

Bennington 0.785 0.570 0.066 0.788 0.788 0.650 -0.192 0.793 0.197 0.313 0.794 0.194 

Bookton 0.836 0.617 0.073 0.836 0.782 0.756 0.253 0.793 0.278 0.325 0.538 0.272 

Bryanston 0.181 0.003 0.096 0.174 0.389 0.021 0.075 0.380 0.150 0.427 0.691 0.154 

Brant 0.756 0.381 0.000 0.754 0.835 0.441 -0.004 0.836 0.172 0.541 0.616 0.172 

Burford 0.951 0.866 0.069 0.951 0.351 0.165 -0.088 0.340 0.315 0.518 0.256 0.331 

Caledon 0.787 0.340 0.006 0.800 0.662 0.530 -0.048 0.683 0.397 0.515 0.685 0.384 

Fox 0.671 0.318 0.008 0.655 0.760 0.351 -0.063 0.749 0.259 0.882 0.487 0.273 

Huron 0.415 0.246 0.006 0.404 0.474 0.383 0.034 0.479 0.210 0.294 0.767 0.210 

Honeywood 0.785 0.221 0.199 0.780 0.786 0.259 0.341 0.786 0.135 0.408 0.297 0.135 

Melbourne 0.400 0.373 0.002 0.390 0.594 0.522 0.036 0.590 0.244 0.345 0.548 0.247 

Muriel 0.767 0.427 0.102 0.768 0.650 0.236 0.193 0.651 0.147 0.397 0.386 0.147 

Organic – – – – – – – – 0.086 0.363 0.177 0.086 

Plainfield 0.898 0.788 0.003 0.900 0.921 0.819 -0.039 0.923 0.258 0.487 0.971 0.253 

Teeswater 0.835 0.993 0.300 0.835 0.649 0.634 -0.066 0.655 0.169 0.267 0.366 0.164 

Walsher 0.701 0.478 0.316 0.692 0.775 0.605 0.459 0.768 0.287 0.441 0.415 0.297 

Wattford 0.911 0.739 0.002 0.912 0.854 0.806 0.032 0.859 0.302 0.393 0.824 0.295 
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Similarly, R2, CCC, and RMSE all converged on the exponential decay function 

for Bennington, Caledon, Muriel, Plainfield, and Wattford for the soil property pH. These 

five soil series all belong to the Luvisolic order, save for Plainfield which belongs to the 

Brunisolic order (Table 3.2). Much like Brantford, Bryanston, Fox, Melbourne, and 

Walsher; Bennington, Caledon, Muriel, Plainfield, and Wattford were developed on 

glacial till glacial till and/or glaciolacustrine deposits (Table 3.2). Although these soil 

series developed in similar environments, these soil series have the distinction that, 

generally, the pH decreases in the B horizon then increases to the bottom of the profile.  

The other soil series (Blackwell, Bookton, Brant, Burford, Huron, Muriel, Organic, 

Teeswater) showed no convergence on one specific depth function for predicting pH 

back to the second horizon. All three statistical measures were either on linear 

regression or exponential decay function, except for Blackwell, 3rd order polynomial 

provided the best goodness of fit; with Burford EAQSF provided the best goodness of 

fit, and with Teeswater 3rd polynomial provided the highest accuracy (Table 3.3). 

The soil property sand shows convergence of R2, CCC, and RMSE for Bookton, 

Brant, Caledon, Plainfield, and Wattford on linear regression. Bookton, Caledon, 

Plainfield, and Wattford were all formed from sandy over loamy, gravelly, or clayey 

environments; except for Brant which was formed in a loamy over gravelly environment. 

Burford was the only other series where R2, CCC, and RMSE converged on a single 

depth function, in Burford’s case the 3rd order polynomial (Table 3.3). All other soil 

series had different accuracies, concordances, and goodness of fit under different soil 

depth functions. 
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Examining silt for the soil profiles for each soil series was much more uniform in 

terms of R2, CCC, and RMSE in terms of agreeing on a single depth function. Linear 

regression provided the highest R2 and CCC, and lowest RMSE for most soil series, 

except for Teeswater and Walsher. Teeswater showed a higher accuracy and 

concordance for 3rd polynomial with a better goodness of fit for linear regression; and 3rd 

polynomial provided a higher accuracy for Walsher but higher concordance and 

goodness of fit for linear regression (Table 3.3). Teeswater is similar to Brant in terms of 

texture from soil landscapes, but they differ in terms of associated landforms which may 

account for the differences in different soil depth function’s predictive ability. As for 

Walsher, it may be similar to Wattford and Fox in terms of textures from soil landscapes 

but differs from both in terms of associated landforms (Table 3.2).  

For clay, R2, CCC, and RMSE converged on linear regression for Brantford, 

Caledon, Fox, Honeywood, and Melbourne. Both Brantford and Melbourne developed 

on clayey and heavy clayey landscapes, are associated with clay plains and developed 

from glaciolacustrine deposits. Caledon and Fox both developed on a mixture of sandy, 

gravelly, loamy landscapes from glaciolacustrine deposits, sand plains, spillways, and 

kames; and Honeywood developed on loamy, glacial till environments. For the rest of 

the soil series for the examination of clay, there was no convergence of R2, CCC, and 

RMSE on a single soil depth function 

Examining CaCO3, R2, CCC, and RMSE converged on the exponential decay 

function for eight different soil series: Bookton, Bryanston, Caledon, Melbourne, Muriel, 

Plainfield, Walsher, and Wattford. Examining the soil series that converged on the same 



 

 

65 

 

depth function for the other soil properties, there were some similarities with the 

pedogenic environment. However, the eight soil series that converged on exponential 

decay for CaCO3, each of these soil series comes from different pedogenic 

environments. Both Plainfield and Wattford developed in sand plains; Bookton and 

Bryanston in glacial till Bookton developed in sandy over clayey landscapes whereas 

Bryanston developed in loamy landscapes; Walsher, Caledon, and Melbourne 

developed in glaciolacustrine environments, but Caledon developed from spillways, 

deltas, and kames whereas Melbourne developed in clay plains, and Walsher 

developed in sand plains; and finally, Muriel developed in loamy ground moraines. In 

short, the pedogenesis of all these soil series is very different. For the rest of the soil 

series, there was no convergence of R2, CCC, and RMSE on a single soil depth 

function. 

Finally, the results from SOM show that R2, CCC, and RMSE converged on 3rd 

polynomial for Brantford, Brant, Caledon, Fox, Honeywood, Melbourne, and Walsher. 

Each of these soil series developed from glaciolacustrine deposits, except for 

Honeywood which developed on glacial till. R2, CCC, and RMSE converged on the 

exponential decay function for Bennington, Bookton, and Plainfield; all three of these 

soil series were developed in slightly different parent material and landforms, but all 

three series share lighter textured soil landscapes layered over heavier textured soil 

landscapes. For the rest of the soil series, there was no convergence of R2, CCC, and 

RMSE on a single soil depth function to predict SOM. 
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 Conclusions 

Equal area spline functions are commonly used to harmonize soil properties within 

a soil profile due to this function’s higher accuracy in comparison to other depth 

functions. This study used the Middlesex legacy soil database to compare the EAQSF 

against other depth functions and found that the EAQSF provided higher accuracy 

predictions and EAQSF provided a better fitting model. However, when the second 

horizon of each soil profile was removed and predicted back, the linear and exponential 

decay function provided higher accuracy predictions than the EAQSF. For the removal 

and prediction back of the second horizon, when all soil profiles were grouped together, 

all three of the statistical measures converged on EDF as the most accurate for pH, 

clay, silt, and CaCO3; whereas the linear function was shown as most accurate for sand 

and SOM suggesting that if a soil profile is missing a horizon and the horizon needs to 

predicted back, it is suggested that several depth functions are tested rather than 

relying on one depth function to provide the highest accuracy for any given soil property. 

Future investigation of soil depth functions should include testing sigmoid functions, as 

well as expanding this analysis to a global dataset.  
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Preface to Chapter 4 

Digital soil mapping at different depths requires accurate soil depth functions to 

interpolate the depth of soil profiles at continuous or standardized depths so these 

standardized values per soil profile can be used for spatial DSM. Chapter 3 explores the 

most suitable depth functions for different soil properties within a collection of soil 

profiles covering Middlesex County. When all horizons are available within a soil profile, 

the equal area mass preserving spline proves the most accurate depth function most of 

the time. However, if a soil horizon is missing or omitted, linear regression or 

exponential decay algorithms provide more accurate estimations. Chapter 4 uses this 

knowledge to apply the most accurate soil depth function to different soil properties so 

standardized soil property values in each soil profile can be used to test the accuracy of 

various methods to perform spatial mapping of different soil properties. Chapter 4 

applies various methods of spatial analysis, with and without covariates, to different soil 

properties to determine if covariate selection and type of spatial analysis varies across 

different soil properties as well as if covariate selection and spatial analysis type 

variates for the same soil property across different depths.   
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4 Chapter 4: Comparison of Ordinary Kriging, Regression 
Kriging, and Machine Learning Methods for Multi Depth 

Soil Property Mapping of Middlesex County Using Legacy 
Soil Data 

 Abstract 

The variation of soil is closely related to environmental covariates such as radiometric 

data, climatic data, digital elevation models, and the derivatives extracted from each of 

these types of data. The aim of this study was to apply digital soil property mapping 

techniques to a legacy data set collected across Middlesex County, Ontario, Canada. 

The legacy dataset includes 1640 soil profiles containing various laboratory 

measurements collected in the 1980’s by the Ontario Ministry of Food, Agriculture, and 

Rural Affairs (OMAFRA). The soil properties under consideration were pH, % sand, % 

silt, % clay, % CaCO3, and % SOM. Models tested for covariate selection include 

stepwise regression with a collinearity test, recursive feature elimination, and 

correlation-based feature selection; soil property prediction models tested include 

ordinary kriging, regression kriging with different sets of covariates, and random forest. 

Each of the covariate selection models and soil property prediction models were applied 

to six different depths (0 – 5, 5 – 15, 15 – 30, 30 – 60, 60 – 100, 100 – 200 cm) for each 

of the six soil properties. Overall, the results indicate that the variability across soil 

properties, and even within a single soil property when examined by depth, must be 

carefully considered when choosing appropriate algorithms for both covariate selection 

and soil property mapping technique. Only two soil properties, sand and clay, 

converged on a single prediction method at all depths: random forest with all covariates. 
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Clay displayed an external (30% holdout) R2 and RMSE of 0.38 and 9.8, 0.38 and 10.1, 

0.41 and 11.09, 0.35 and 13.15, 0.3 and 13.85, and 0.1 and 17.32 at 0 – 5, 5 – 15, 15 – 

30, 30 – 60, 60 – 100, 100 – 200 cm, respectively. All other soil properties exhibited a 

mix of covariates and prediction algorithms at different depths that provided the highest 

R2 and lowest RMSE. 

 Introduction 

The focus of Digital Soil Property Mapping activities is constrained to specific 

purposes, such as applying various algorithms and techniques to a single soil property 

rather than exploring mapping techniques over a range of soil properties. Significant 

research has been completed with respect to specific soil properties; for instance, 

constructing soil organic carbon (SOC) maps has received significant attention. 

Creating SOC maps for different areas around the globe, such as Brazil (Ferreiro et al, 

2016, Gomes et al, 2019), parts of China (Chen et al, 2019), areas in Italy (Veronesi 

and Schillaci, 2019) have been tested and explored in many ways. Chen et al. (2019) 

found that artificial neural networks kriging provided the most promising out of all the 

methods tested, and Gomes et al. (2019) discovered random forest at all depths within 

soil profiles provided more accurate SOC maps.  

Exploration into various algorithms to predict other soil properties such as clay, 

sand, organic carbon, and pH found that the same algorithms cannot be applied to 

different soil properties to achieve accurate soil property maps. For instance, Moraes et 

al. (2018) determined the most appropriate algorithm for clay, potassium, and pH was 

regression; for sand, regression kriging; and for organic carbon, ordinary kriging. 
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However, Moraes et al.’s (2018) study was focused on the Keller Peninsula in 

Antarctica which is severely different than Middlesex County in terms of climate, soil, 

and land use. 

Beguin et al. (2017) compared several models to predict thickness and 

carbon/nitrogen ratio in the organic layer of soil, carbon concentration in the organic 

layer of soil, percentage of sand, and bulk density in Canada’s managed forests. They 

found that spatially explicit models (specifically, a Bayesian geostatistical model fitted 

with integrated nested Laplace approximation) produced better prediction for all soil 

properties under examination. However, the spatial variability of soil properties, both 

physical and chemical, can be affected by land cover and agricultural systems (Murty et 

al., 2002) which makes drawing comparisons of Beguin et al.’s (2017) study difficult 

since this study on Middlesex County is predominantly confined to agricultural land. 

McBratney et al. (2003) laid the foundations of DSM showing the various 

methods and covariates that can be used, such as data from radiometric surveys. For 

example, a study in New South Wales, Australia successfully used radiometric data to 

predict soil depth, total phosphorus, and total carbon (McKenzie and Ryan, 1999). 

However, the research described so far does not provide answers to the covariate 

selection methods and spatial prediction methods for soil properties in the warm- 

summer humid continental climate zone in an area dominated by Luvisolic soils. These 

answers are necessary to perform soil property prediction for Middlesex County, 

Ontario, Canada. 
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There are many different types of covariates that can assist in the prediction of 

soil properties. Some studies base covariate selection on the SCORPAN approach 

(Beguin et al, 2017), other studies base covariate selection on algorithm simplicity 

(Gomes et al., 2019), and some studies strive to reduce correlation between covariates 

to choose the predictors which will have the greatest impact on soil property prediction 

(Chen et al., 2019, Nussbaum et al., 2018). Focusing on the algorithmic approach for 

covariate selection, various algorithms have been tested to determine optimal 

covariates. For instance, recursive feature elimination has been used to select the 

optimal covariates to predict soil organic carbon stocks (Gomes et al, 2019, Brungard et 

al., 2015; Hounkpatin et al., 2018). Different studies, as the one’s discussed, chose a 

specific covariate selection algorithm to select optimal covariates, or compared several 

covariate selection algorithms to choose optimal covariates. One problem with the 

studies discussed above is that none of these studies were conducted on soils from a 

humid, continental climate with comparably shallower soils. This study performs 

covariate selection using three different algorithms: Stepwise Regression with a 

Collinearity Test (SRCT), Recursive Feature Elimination (RFE), and Correlation Based 

Feature Selection (CBFS) for six different soil properties: pH, % sand, % silt, % clay, % 

calcium carbonate (CaCO3), and % soil organic matter (SOM). 

The aims of this study were to: a) determine if covariate selection is unique to soil 

property and/or depth within each soil property; b) whether different soil property 

prediction algorithms are sensitive to certain covariates as well as different sets of 

covariates; and c) the most accurate and best fitting soil property prediction model for 
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each soil property and/or soil depth. Ultimately the goal of this study was to determine if 

covariate(s) selection and soil property prediction algorithms are unique for different soil 

properties and different depths within the same soil property. 

 Materials and Methods 

4.3.1 Study area 

Middlesex County, located in Ontario, Canada, is a topographically diverse area 

which was shaped by glacial activity over 10,000 years ago. The 3,317 km2 area has an 

elevation span of 161 m (179 – 340 m above sea level) and possesses physiographic 

features including moraines sand plains, clay plains, spillways, and kames. The climate 

is humid continental with precipitation throughout all seasons and a temperature range 

of -6°C to 30°C (Hagerty and Kingston, 1992). 

4.3.2 Legacy dataset 

The Ontario Ministry of Agriculture, Food and Rural Affairs (OMAFRA) performed 

an extensive soil sampling mission in the late 1980s extracting 1640 soil profiles across 

Middlesex County representing five different soil orders: Brunisolic, Gleysolic, Luvisolic, 

Organic, and Regosolic. The soil profiles were predominantly collected from agricultural 

areas and woodlots, and a small portion of the soil profiles were collected from ranches, 

floodplains, and areas with high organic matter such as sod farms. Only 1331 of the 

1640 soil profiles collected were sampled by pedogenic horizon and processed for 

laboratory analysis. The number of horizons varied from 2 to 8 horizons and the total 

depth of the soil profiles varied from 30 – 475 cm with an average depth of 103 cm. The 
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variation in the number of horizons in the dataset varies spatially across the County, as 

shown in Figure 4.1. 

 

Figure 4.1: Map of Middlesex County with soil profile dataset coloured according to number of 
horizons in each profile. 

4.3.3 Covariates 

Environmental covariates were generated in three ways: 

a) A digital elevation model (DEM) provided by OMAFRA at 30 m (Land Information 

Ontario, 2019) was upscaled to derive terrain covariates with a spatial resolution 

of 250 m were calculated using ArcGIS 10.2 software. The terrain covariates 

were aspect, curvature, hillshade, terrain roughness index (TRI), slope, and 

topographic wetness index (TWI). The DEM itself also was used as a covariate. 
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b) Climatic covariates were collected from Environment Canada and processed to 

fit the same 250 m grid as used for the terrain covariates (Environment Climate 

Change Canada, 2019). The climate normals from 1961 to 1990 were chosen 

because the legacy soil data was collected in the 1980’s. The climate covariates 

were mean temperature, precipitation, wind speed, and relative humidity. 

c) Radiometric data was provided by the Ontario Geological Survey, 2012, and was 

fit to the same 250 m grid as the DEM. Natural radioactive emanations, also 

known as gamma rays, can be measured from rock and soil. The radiometric 

covariates under consideration were uranium (U), thorium (Th), and potassium 

(K); ratios of thorium and potassium (Th/K), uranium and potassium (U/K), and 

uranium and thorium (U/Th) were used in this study.  

4.3.4 Covariate groupings 

A total of 17 covariates were generated for this study. All covariates were used 

together in a group called All Covariates (AC), and three different algorithms were 

applied to the covariates to create 3 covariate subgroups. The subgroups of covariates 

were generated using the following covariate selection algorithms: stepwise regression 

with a collinearity test, recursive feature elimination, and correlation-based feature 

selection. 

4.3.4.1 Stepwise regression and collinearity test (SRCT) 

The stepwise regression algorithm from the Caret package (Kuhn, 2017) was 

used in conjunction with a collinearity test (Fox et al., 2019) to avoid overlap and 

therefore increase accuracy with independent covariates (Milne, 2009). SRCT is a 
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backwards selection algorithm and works by iteratively eliminating the least suitable 

predictors (Kuhn and Johnson, 2013). 

4.3.4.2 Recursive feature elimination (RFE) 

The recursive feature elimination algorithm from the Caret package (Kuhn, 2017) 

is an algorithm which fits the model to all covariates, ranks then iteratively selects 

covariates. The top ranked covariates are retained, then the model is refit and the 

model’s performance is assessed. Covariates with the lowest importance are iteratively 

eliminated until the user defined threshold, which for this study is set to 0.75, is met or 

only one covariate remains. For a complete explanation with examples, please refer to 

Kuhn’s detailed documentation (Kuhn, 2019), section 20.  

4.3.4.3 Correlation based feature selection (CBFS) 

Correlation-based feature selection identifies the covariates that are uncorrelated 

with one another to serve as strong predictors of the soil property under investigation. 

The goal was to select covariates which are highly correlated with the soil property of 

interest but uncorrelated with one another (Hall, 1999). The corr library (Yu et al., 2019) 

for RStudio was used with a cut-off of 0.5 to identify highly correlated attributes. 

4.3.5 Prediction Methods 

4.3.5.1 Ordinary Kriging (OK) 

Ordinary kriging is a commonly used geostatistical technique which creates an 

optimal unbiased estimated map using a semivariogram based on regionalized 

variables. 
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A simple linear model is first constructed as per Equation 12. 

Equation 12: 

𝑦 =  𝛽0 +  𝛽1𝑥𝑖 +  𝜀𝑖 

where 𝛽0 is the intercept term, 𝛽1 is the slope coefficient, 𝑥𝑖 is the independent variable, 

and 𝜀𝑖 is the error term. 

Model functions (Spherical, Exponential, Gaussian, Matern, and Matern with M. Stein’s 

parameterization) are then automatically fit and the parameters (nugget, range, and sill) 

are optimally selected to achieve best fit with the autofitVariogram function as part of the 

automap library (Hiemstra, 2013) in R Studio.  

4.3.5.2 Regression-Kriging (RK) 

Regression-kriging is a hybrid method that combines ordinary kriging of the 

prediction residuals with a multiple-linear regression model (Milne, 2009). The 

independent variables are the covariates, and the dependent variable is a soil property. 

First, a multiple linear regression model is constructed with the soil property and group 

of covariates as per Equation 13. 

Equation 13: 

𝑦 =  𝛽0 + 𝛽1𝑥1 + ⋯ +  𝛽𝑘𝑥𝑖𝑘 +  𝜀𝑖     𝑖 = 1, . . .  , 𝑛  

where 𝑦 is the dependent variable, 𝑥1 is the independent variable,  𝛽0 is the intercept 

term, 𝛽1 is the slope coefficient, 𝑛 is the number of observations, and 𝜀𝑖 is the error 

term.  

Model functions (Spherical, Exponential, Gaussian, Matern, and Matern with M. 

Stein’s parameterization) are then automatically fit and the parameters (nugget, range, 
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and sill) are optimally selected to achieve best fit with the autofitVariogram function as 

part of the automap library (Hiemstra, 2013) in R Studio.  

4.3.5.3 Random Forests (RF) 

Random forests are decision tree-based machine learning which uses an 

ensemble of regression trees to create random subsets of features to make predictions. 

The Soil Organic Carbon Mapping Cookbook (Milne, 2009) provides an excellent 

schematic of a random forest model. For the purposes of this study, the randomForest 

package (Breiman et al., 2018) was used on each depth of each soil property with all 

covariates; 500 trees were used with 5 variables tried at each split. The randomForest 

package ranks the covariates to determine the predictive power of each covariate in R 

Studio. 

4.3.6 Pre-processing of the soil profiles 

The data set was randomly split where 70% of the data set (for each soil 

property) was used for training and the remaining 30% was used for testing. In RStudio, 

the set.seed function was used to ensure the same samples were extracted for testing 

and training within each soil profile across each prediction algorithm for comparable 

results. The evaluation of prediction methods as described in section 4.3.8 were applied 

to the training for internal validation statistics; then evaluation of prediction methods was 

applied to the 30% held out dataset against the predictions for each model. 
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4.3.7 Application of spatial mapping and covariate sets to legacy dataset 

Ordinary kriging (OK), regression kriging (RK), and random forest (RF) are all 

performed in RStudio (RStudio Team, 2015). Ordinary kriging was performed on each 

soil property at each depth; RK was performed on each soil property at each depth 

using 4 different covariate sets, all covariates (AC), covariates selected by the stepwise 

regression and collinearity test (SRCT), covariates selected by recursive feature 

elimination (RFE), and covariates selected by coreelation based feature selection 

(CBFS); and RF was performed on each soil property at each depth using the full 

covariate set containing all covariates whereby RF performed its own internal covariate 

selection. 

4.3.8 Evaluation of prediction methods 

Prediction methods were evaluated using root mean square error (RMSE) to 

determine the accuracy of prediction as per Equation 14. 

Equation 14:  

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑍𝑖 − 𝑍)2

𝑛

𝑖=1

 

where 𝑍𝑖 is the observed value, 𝑍 is the predicted value, and 𝑛 is the number of 

samples. Also, coefficient of determination (R2) to determine the goodness of the fitting 

scheme as per Equation 15. 

Equation 15: 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑓𝑖)2

𝑖

∑ (𝑦𝑖 − �̅�)2
𝑖
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where 𝑥𝑖 represents the x value for the observation i, �̅� is the mean of the x value, 𝑦𝑖 is 

the y value for observation i, �̅� and is the mean of the y value. 

 Results and Discussion 

4.4.1 Descriptive statistics for soil profiles 

The equal area quadratic smoothing spline using the ea_spline function from the 

ithir package (Malone, 2019) in RStudio was applied to all 6 soil properties of all soil 

profiles to harmonize each soil property to 6 different depths: 0 – 5, 5 – 15, 15 – 30, 30 

– 60, 60 – 100, and 100 – 200 cm. Once the soil profiles were harmonized to 6 depths, 

each soil property exhibited fluctuations from shallower to deeper depths, some soil 

properties exhibited more pronounced fluctuations than others. For instance, the 

average pH, % sand, and % silt from 0 – 5 cm slightly decreased until the 100 – 200 cm 

depth, then increased. Both the minimum and maximum of pH increased and only the 

maximum % sand increased. Both % silt and % clay displayed increase in maximum by 

depth, and their averages inversely fluctuated to one another by depth. CaCO3 steadily 

increased by both maximum and average by depth; and SOM steadily decreased by 

each depth until increasing slightly at the lowest depth, 100 – 200 cm (Table 4.1). 

4.4.2 Descriptive statistics for covariates 

The 17 covariates used in this study cover derivatives from a DEM as well as the 

DEM itself, climatic covariates including mean temperature, relative humidity, 

precipitation, and wind; and radiometric covariates. Topographically, the highest areas 

of the county at 340 m above sea level is in the north east area. 
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Table 4.1: Statistics for each soil property by harmonized depth. 

 pH % Sand 

Depth (cm) Min Max Ave Median Min Max Ave Median 

0 - 5 4.17 9.24 7.06 7.19 0.00 95.92 35.03 26.20 

5 - 15 4.18 8.97 7.06 7.20 0.00 96.01 34.95 25.45 

15 - 30 3.89 7.84 7.07 7.20 0.00 98.62 34.56 23.75 

30 - 60 2.43 7.81 7.16 7.29 0.00 104.89 33.77 22.51 

60 - 100 1.73 7.98 7.36 7.52 0.00 98.71 29.93 19.29 

100 - 200 0.97 9.92 7.34 7.56 0.00 106.37 35.54 23.54 

 % Silt % Clay 

 Min Max Ave Median Min Max Ave Median 

0 - 5 0.00 77.77 40.45 44.34 0.00 62.44 21.95 21.22 

5 - 15 0.00 75.92 40.16 44.04 0.00 63.71 22.33 21.57 

15 - 30 0.00 78.02 39.13 43.09 0.00 63.82 23.77 22.92 

30 - 60 0.00 92.79 38.67 43.54 0.00 68.63 25.27 24.53 

60 - 100 0.00 91.10 41.89 46.15 0.00 71.62 26.43 27.00 

100 - 200 0.00 99.50 40.44 44.65 0.00 98.63 22.03 19.45 

 % CaCO3 % SOM 

 Min Max Ave Median Min Max Ave Median 

0 - 5 0.00 48.20 2.13 1.17 0.00 92.92 6.47 4.75 

5 - 15 0.00 48.20 2.10 1.12 0.00 90.35 6.05 4.35 

15 - 30 0.00 48.20 2.89 0.82 0.00 82.23 4.62 2.86 

30 - 60 0.00 54.05 8.44 2.83 0.00 84.11 2.58 0.67 

60 - 100 0.00 63.50 18.84 18.57 0.00 91.21 1.65 0.05 

100 - 200 0.00 75.56 18.68 20.15 0.00 89.05 2.40 0.01 

 
The eastern sections of Middlesex are generally at a higher elevation with the lowest 

area in the north west area at 179 m above sea level and the west generally at a lower 

elevation than the east, as shown in Figure 4.2. The decrease in elevation from east to 

west is reflected by decreasing rates of precipitation from east to west; the highest 

levels of precipitation were in the east at 9.58 cm and the lowest levels in the west at 

7.62 cm (averaged precipitation over 30 years). Both relative humidity and wind showed 

a general decrease from north to south with wind in the northern area at 5.7 km/h 

decreasing to 4.1 km/h towards the south; and the relative humidity at 81% in the 

northern area decreasing to 79% in the southern area of the county. The 6 radiometric 
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Figure 4.2: The environmental covariates derived from the digital elevation model, climatic data, and radiometric data. 



 

 

82 

 

maps covering the county do not show obvious relationships to any of the other 

covariates; each of them appearing noisy and striated. 

4.4.3 Covariates selected for soil properties by depth 

The three algorithms used to select environmental covariates displayed variation 

in covariate selection between different soil properties as well as within the same soil 

property throughout different depths. There were overlapping covariates selected for 

different depths as well as across different soil properties. For instance, the covariate 

selected the most for all soil properties across all depths was relative humidity (Figure 

4.3). The covariate showing the ratio of radiometric uranium/potassium was selected 

more often for all depths for % sand, % silt, and % clay, and it was selected as often as 

mean temperature for pH.  

Mean temperature, relative humidity, and the ratio of uranium/potassium were 

the covariates selected most often by all three covariate selection algorithms for most of 

the soil properties. The covariate radiometric uranium was selected the least, followed 

by the covariate of radiometric potassium.  

Examining the covariates selected by depth for each soil property, some 

covariate groupings are the same. For instance, RFE and CBFS were internally 

consistent for each covariate selection for all depths of % sand, except for the lowest 

depth, 100 – 200 cm. SRCT was also internally consistent for the covariates selected 

for sand for the depths 15 – 30 cm, 30 – 60 cm, and 100 – 200 cm; but depths 0 – 5 cm 

and 100 – 200 cm contained slightly different covariates. The internal consistence of 

selecting the same covariates by the same covariate selection algorithm for several  
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 different depths of the same soil property happened with other soil properties.  

The change in covariate selection at lower depths may have connections to 

topographic, climatic, and pedologic nature of Middlesex County. Due to the previous 

glacial events across Middlesex, differences in soil can occur at different depths. For 

instance, different soil series in Middlesex are associated with different parent materials, 

landforms, drainages, and textures as illustrated in Chapter 3’s Table 3.2. Climatically, 

Middlesex experiences a range of temperatures as well as precipitation in all seasons 

(Hagerty and Kingston, 1992). Temperature and humidity both contribute to the 

microbial activity in soil (Leirós et al., 1999), and microbial activity decreases 

significantly with soil depth (Fierer et al, 2003) which can lead to decreases in SOM at 

lower soil depths. This suggests that both temperature and relative humidity are 
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Figure 4.3: Cumulative covariate selected across covariate selection algorithms for all depths of pH, % sand, 

% silt, % clay, % CaCO3, and % SOM. 
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important covariates for SOM. The covariate selection algorithms each have different 

methods to select covariates; however, all three algorithms identified relative humidity 

as a covariate to keep for four out of the six depths, and 2 out of the three algorithms 

(RFE and CBFS) identified relative humidity as a covariate to keep for the remaining 

two depths (Figure 4.4).  

Mean temperature was identified as an important covariate by RFE and CBFS for 

0 – 5, 5 – 15, 15 – 30 cm, then SRCT and RFE identified mean temperature for 30 – 60 

and 60 – 100 cm, and finally only RFE kept mean temperature for the final depth. 

The description and discussion on covariate selection above provided 

visualization for different aspects of covariate selection. For full breakdown of covariate 

selection for each soil property at every depth, see Appendix A, A.4. 
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4.4.4 Soil property prediction 

Two of the research goals of this study were to determine the sensitivity of soil 

property prediction algorithms to different sets of covariates, as well as the most 

accurate and best fitting soil property prediction model for every depth of each soil 

property. 

The research goal of determining the sensitivity of soil property prediction 

algorithms to different sets of covariates is explored with Ordinary Kriging (OK), 

Regression Kriging (RK) with the 4 different sets of covariates used for each depth of 

the 6 soil properties, and Random Forest (RF) which used the set of all covariates. The 

R2 and the RMSE varied by both soil property and depth for different covariates sets 

tested with RK. For instance, when examining the results from pH, the all covariate (AC) 

set provided higher accuracy for both the internal and external for 0 – 5, 5 – 15, 30 – 60, 

and 60 – 100 cm. The AC covariate set provided higher accuracy internally for 15 – 30 

and 100 – 200 cm as well as providing accuracy on par externally with SRCT. However, 

internally for 15 – 30 cm and externally for 100 – 200 cm, SRCT provided higher 

accuracy. This change in both prediction algorithm and covariate set for the soil 

property pH is connected to the variation in the pedogenesis of the soils of Middlesex 

County. The soil property pH does not stay consistent throughout any soil profile across 

Middlesex; rather, pH varies according to soil series which is a function of the parent 

material and landforms from which the soil was formed. 

For some soil properties, the highest accuracy and best fitting algorithm/covariate 

set was consistent for all depths for some soil properties whereas other soil properties 
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required a range of covariate sets and prediction algorithms at different depths to 

achieve the highest accuracy and best fit. In terms of both internal and external 

validation. Random Forest (RF) provided more accurate predictions and a better fitting 

model for sand and clay at all depths. Similar results were found with silt where RF 

provided more accurate and a better fitting model for all soil depths except for the 

lowest depth for both internal and external validation. The lowest depth for silt showed 

mixed results. For the lowest depth for silt, 100 – 200 cm, RK with all covariates 

provided higher R2 and lower RMSE internally; but externally, RF provided a higher R2 

and RK with CBFS dataset provided a lower RMSE.  

Random Forest provided better accuracy and fit for sand, silt, and clay for most 

depths, but pH, CaCO3, and SOM showed higher accuracy and better goodness of fit 

for a wide range of algorithms for all depths. When testing RK with different sets of 

covariates, RK provided the highest R2 and lowest RMSE for many of depths for pH. 

The instances where RF outperformed the other methods for both R2 and RMSE were 

internally and externally for 0 – 5 cm, externally for 5 – 15 cm, internally for 15 – 30 cm, 

external R2 for 30 – 60 cm, and internal RMSE for 100 – 200 cm. For all other depths, 

both internal and external validation were mixed for different covariate sets, except for 

the external RMSE for 100 – 200 cm; OK provided the lowest RMSE in this case. 

Much like pH, CaCO3 demonstrated higher accuracy and better goodness of fit 

for different prediction algorithms at different depths. RF provided the highest R2 both 

internally and externally for the 60 – 100 cm depth; otherwise RK with different sets of 

covariates provided higher R2 and lower RMSE at different depths. There were also 
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some cases where there was no convergence of R2 and RMSE. For instance, internally 

0 – 5 cm showed the highest R2 belonging to the AC dataset, but the lowest RMSE 

belonged to SRCT dataset. Externally, the higher R2 and lower RMSE varied between 

SRCT, RFE, and CBFS covariate sets; and internally the higher R2 is focused on the all 

covariates dataset, whereas the lowest RMSE varies across each of the covariate 

datasets. 

SOM is the one soil property where the majority of internal and external R2 and 

RMSE were provided by RK with either AC or SRCT covariate sets. The covariate set 

produced by CBFS generated the lowest internal RMSE for the 15 – 30 cm depth, and 

RF generated the highest internal R2 for 5 – 15 and 15 – 30 cm as well as highest 

internal R2 for 60 – 100 cm; otherwise the highest R2 internally and externally as well as 

the lowest RMSE internally and externally belongs to RK with either the all covariate 

dataset or the SRCT dataset. Lamichhane et al. (2019) investigated many studies to 

determine the optimal methods for spatially predicting SOM and discovered that RF 

outperformed multiple linear regression and other machine learning methods for SOC 

mapping. Grimm et al. (2008) found success with using RF to model SOC; however, 

there are investigations showing that RF is not always the best predictor for SOM or 

SOC. Guevara et al. (2018) found that machine learning did not always outperform 

geostatistical models for spatially modeling SOM, and Nussbaum et al. (2018) found 

that RF overfit for mapping different soil properties so was not necessarily the most 

accurate spatial model. 



 

 

88 

 

 Conclusion 

This study explored covariate selection for six different soil properties and soil 

property prediction at six different depths and found that both covariate selection and 

soil property prediction varied according to the soil property and soil depth. There is no 

single method, either for covariate selection or prediction model, that can provide most 

accurate predictions and best model fit for all soil properties. Even a single soil property 

at different depths requires different covariates and different models for accurate soil 

property prediction.  

The covariates generally chosen most often were precipitation, relative humidity, 

and the ratio of uranium and potassium, However, the results of covariate selection did 

not converge on specific covariates for any soil property at any depth. There was 

disagreement between the covariate selection algorithms; although, SRCT and RFE 

produced the sets of covariates with higher accuracy soil property predictions for pH, 

CaCO3, and SOM at all depths. Random forest provided better accuracy and goodness 

of fit for almost all depths of sand, silt, and clay.  

There are many areas of improvement which may assist with increasing accuracy 

of soil property prediction including: expanded list of covariates for examination and 

testing, incorporating other covariate selection algorithms, testing other prediction 

algorithms, and expanded statistical analysis of prediction algorithm outputs including 

confidence maps of interpolation outputs. Covariates selection could be expanded to 

include geologic data, vegetation indices, a wider range of topographic derivatives, and 

a wider range of climatic covariates. Another covariate selection algorithm that could be 
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tested on this dataset is principal component analysis, as well as testing the covariates 

chosen by random forest within other prediction algorithms. Given the promising results 

of random forest for predicting sand, clay as well as some of the depths of some of the 

soil properties, further exploration into other machine learning and artificial intelligence 

algorithms such as generalized linear models, support vector machines, and neural 

networks may assist with more accurate predictions. Although other it is machine 

learning methods should be explored further, it is recommended that geostatistical 

predictors are not put aside for machine learning. Rather, both are tested to determine 

the optimal prediction algorithms for each soil property at every depth.    
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5 Chapter 5: General Conclusions and Future Directions 

Digital soil mapping is a complex topic which can be tackled in many ways. 

Collecting and processing new soil samples will always be necessary to fully 

understand the spatial complexity of any area; however, legacy soil samples possess a 

wealth of information which can be used with in conjunction with covariate data to 

create higher resolution digital soil maps compared to existing soil maps.  

The studies encompassed in this manuscript provide crucial elements to build a 

methodological framework for DSM when working from the ground up with legacy soil 

data. Comparing deterministic and geostatistical for SOM showed that there was no 

single interpolator suitable for SOM, and both deterministic and geostatistical 

interpolators can provide accurate SOM maps. When prediction algorithms for SOM 

were expanded out to compare geostatistical interpolators with and without covariates 

as well as machine learning algorithms, incorporation of covariates provided better 

estimates for SOM. However, the covariates which produced the best fit and higher 

accuracy predictions varied by soil depth. High variation for the types of covariates as 

well as the variation of prediction algorithm was exhibited by the soil properties pH and 

CaCO3. The only soil properties where goodness of fit and accuracy converged on the 

same prediction algorithm were the texture properties: sand, silt, and clay.  

Future directions of this research include expanding out both covariate sets and 

covariate selection algorithms. Expanded covariate sets should include geological data, 

derivatives from satellite imagery, and a wider array of derivatives from topographic 

data. Another covariate selection algorithm that has shown promise in other studies and 
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should be compared to the selection algorithms tested is principal component analysis. 

Ongoing investigation into machine learning spatial prediction algorithms is highly 

recommended.   
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Chapter 6: Contribution to Science 

This study provides three distinct contributions to science: understanding the 

application of deterministic vs geostatistical interpolators to SOM data, accurately 

predicting various soil properties within a soil profile with respect to different land use 

and soil types, and understanding the application of geostatistical and machine learning 

algorithms with ancillary data to various soil properties. 

 The comparison of deterministic and geostatistical interpolators on SOM data 

rendered mixed results. Ideally, one form of interpolation would be recommended 

allowing for straightforward recommendations for SOM interpolation across agricultural 

landscapes shaped by glacial activity. However, both geostatistical and deterministic 

interpolators for SOM produced suitable results indicating that geospatial interpolation 

of SOM is not a simple task and must be carefully considered. 

 When choosing the appropriate depth function for interpolating soil properties 

within a soil profile and all horizon measurements are available, the equal area 

quadratic smoothing spline provides the highest accuracy and best fit for various soil 

properties regardless of land use type or soil type. If horizon measurements are missing 

within a soil profile, linear regression, the 3rd polynomial regression, and exponential 

decay function each provide higher accuracy depending on land use and soil type. For 

the same soil type, the function that produces the higher accuracy and better fit varies 

for land use and soil series. This means that if a soil property is missing and needs to 

be predicted adjacent horizons within the same soil profile, different depth functions 

must be carefully tested to achieve the most accurate prediction. 
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 Studying six different soil properties across Middlesex County showed the same 

problems as studying SOM, that no single algorithm or covariates provide higher 

accuracy for any soil property as a whole or by depth within the same soil property. The 

only way to achieve high accuracy predictions is to test several covariate groups and 

algorithms schemes. 

The overall contribution to science is showing that the complexity of soils in 

Middlesex County requires careful consideration of many methods to determine the 

most accurate method for predicting soil properties. Guevara et al. (2018) showed 

“there is no universal method for DSM, both global and county-specific are needed”, but 

this is true not just on the country scale, but on the county scale as well.    
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APPENDIX A  
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A.1: The following image displays the ranges of SOM performed on each interpolation using a 5x5 and 9x9 window. 
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A.2: The following tables displays the R2, CCC, and RMSE for 3 different soil depth functions:  linear regression (Linear), 
3rd polynomial regression (3rd Poly), and equal area quadratic spline function (EAQSF). Each soil depth function was 
applied to all horizons of each soil profile across Middlesex County.  

 % Sand – all horizons 

 R2 CCC RMSE 

 Linear 3rd Poly EAQSF Linear 3rd Poly EAQSF Linear 3rd Poly EAQSF 

All Soil Profiles  0.808 0.918 0.999 0.957 0.899 0.999 8.650 14.800 0.852 

Blackwell 0.907 0.982 1.000 0.893 0.793 0.941 6.038 3.814 0.486 

Brantford 0.819 0.983 0.999 0.899 0.989 0.998 4.856 1.526 0.464 

Bennington 0.813 0.979 0.999 0.892 0.982 0.993 8.158 –   0.795 

Bookton 0.623 0.972 0.998 0.763 0.981 0.994 19.483 5.369 1.733 

Bryanston 0.840 0.999 0.999 0.909 0.981 0.995 4.094 0.459 0.282 

Brant 0.840 0.965 0.998 0.911 0.979 0.997 7.839 3.861 0.813 

Burford 0.968 0.999 1.000 0.953 0.938 0.969 3.784 0.000 0.275 

Caledon 0.790 0.983 0.999 0.874 0.980 0.990 6.901 2.004 0.529 

Fox 0.877 0.986 0.999 0.922 0.978 0.986 4.634 1.420 0.346 

Huron 0.867 0.999 0.999 0.926 0.984 0.997 3.178 0.312 0.234 

Honeywood 0.802 0.983 0.999 0.885 0.981 0.993 5.393 1.666 0.519 

Melbourne 0.877 0.994 0.999 0.929 0.989 0.995 3.987 0.992 0.308 

Muriel 0.768 0.999 0.999 0.861 0.964 0.991 5.929 0.000 0.445 

Organic 0.439 0.999 0.998 0.457 0.750 0.747 7.831 0.000 0.849 

Plainfield 0.656 0.965 0.998 0.790 0.979 0.996 5.627 1.854 0.516 

Teeswater 0.761 0.971 0.999 0.845 0.930 0.977 10.385 3.462 0.773 

Walsher 0.564 0.940 0.997 0.712 0.954 0.986 18.493 7.065 1.763 

Wattford 0.712 0.959 0.999 0.827 0.972 0.993 8.335 3.063 0.648 
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 % Silt – all horizons 

 R2 CCC RMSE 

 Linear 3rd Poly EAQSF Linear 3rd Poly EAQSF Linear 3rd Poly EAQSF 

All Soil Profiles  0.891 0.748 0.999 0.942 0.865 0.999 6.590 11.200 0.583 

Blackwell 0.779 0.993 0.999 0.824 0.797 0.941 5.699 1.053 0.423 

Brantford 0.807 0.983 0.999 0.892 0.989 0.998 4.496 1.414 0.403 

Bennington 0.814 0.961 0.997 0.893 0.973 0.993 5.881 2.773 0.730 

Bookton 0.645 0.980 0.998 0.779 0.985 0.994 11.088 2.653 0.964 

Bryanston 0.889 0.989 0.999 0.937 0.977 0.995 3.045 1.126 0.243 

Brant 0.826 0.969 0.999 0.903 0.981 0.997 6.793 3.045 0.643 

Burford 0.972 0.999 0.999 0.955 0.938 0.969 2.413 0.000 0.194 

Caledon 0.806 0.976 0.999 0.884 0.977 0.990 4.316 1.409 0.347 

Fox 0.879 0.985 0.999 0.923 0.977 0.986 3.451 1.158 0.268 

Huron 0.887 0.993 0.999 0.938 0.980 0.997 2.591 0.815 0.195 

Honeywood 0.797 0.983 0.999 0.881 0.981 0.993 4.748 1.470 0.433 

Melbourne 0.738 0.970 0.998 0.845 0.977 0.994 4.399 1.679 0.407 

Muriel 0.850 0.999 0.999 0.911 0.964 0.991 3.669 0.000 0.246 

Organic 0.704 0.999 0.999 0.620 0.750 0.750 1.017 0.000 0.038 

Plainfield 0.681 0.971 0.998 0.807 0.982 0.996 4.184 1.306 0.376 

Teeswater 0.770 0.990 0.999 0.851 0.940 0.977 8.637 1.555 0.602 

Walsher 0.560 0.948 0.998 0.704 0.959 0.986 15.937 5.508 1.286 

Wattford 0.706 0.963 0.999 0.823 0.975 0.993 6.334 2.205 0.495 
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 % Clay – all horizons 

 R2 CCC RMSE 

 Linear 3rd Poly EAQSF Linear 3rd Poly EAQSF Linear 3rd Poly EAQSF 

All Soil Profiles  0.912 0.821 0.999 0.954 0.906 0.999 4.710 7.000 0.500 

Blackwell 0.924 0.979 0.999 0.904 0.791 0.941 3.897 2.762 0.289 

Brantford 0.733 0.962 0.998 0.845 0.978 0.997 4.944 1.958 0.527 

Bennington 0.648 0.916 0.994 0.782 0.949 0.991 6.675 3.355 0.969 

Bookton 0.644 0.963 0.998 0.773 0.976 0.994 9.365 3.051 0.913 

Bryanston 0.782 0.963 0.999 0.874 0.963 0.995 2.357 1.046 0.178 

Brant 0.804 0.928 0.997 0.890 0.960 0.997 3.149 1.948 0.379 

Burford 0.962 0.999 0.999 0.950 0.938 0.969 1.429 0.000 0.096 

Caledon 0.739 0.973 0.998 0.841 0.975 0.989 2.891 0.979 0.257 

Fox 0.741 0.954 0.998 0.839 0.961 0.985 1.984 0.764 0.187 

Huron 0.801 0.982 0.999 0.887 0.975 0.997 3.349 1.111 0.260 

Honeywood 0.738 0.997 0.998 0.844 0.988 0.993 2.764 0.275 0.239 

Melbourne 0.635 0.982 0.998 0.773 0.983 0.994 5.991 1.428 0.492 

Muriel 0.798 0.999 0.999 0.880 0.964 0.991 4.455 0.000 0.305 

Organic 0.315 0.999 0.998 0.360 0.750 0.747 8.324 0.000 0.842 

Plainfield 0.660 0.937 0.997 0.788 0.964 0.995 1.917 0.851 0.210 

Teeswater 0.785 0.941 0.998 0.860 0.916 0.977 3.361 2.028 0.350 

Walsher 0.552 0.752 0.991 0.699 0.846 0.982 4.460 3.477 0.734 

Wattford 0.732 0.946 0.998 0.841 0.966 0.993 3.155 1.427 0.310 
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 % CaCO3 – all horizons 

 R2 CCC RMSE 

 Linear 3rd Poly EAQSF Linear 3rd Poly EAQSF Linear 3rd Poly EAQSF 

All Soil Profiles  0.982 0.849 0.999 0.914 0.991 0.999 4.950 1.670 0.420 

Blackwell 0.857 0.956 0.999 0.864 0.782 0.941 6.069 2.071 0.421 

Brantford 0.860 0.986 0.999 0.919 0.991 0.998 4.809 1.574 0.403 

Bennington 0.807 0.972 0.999 0.881 0.979 0.994 6.169 2.166 0.546 

Bookton 0.787 0.985 0.999 0.865 0.987 0.994 5.613 1.482 0.470 

Bryanston 0.869 0.992 0.999 0.923 0.978 0.995 5.316 1.433 0.361 

Brant 0.876 0.979 0.999 0.929 0.986 0.998 4.934 2.042 0.396 

Burford 0.851 0.999 0.999 0.889 0.938 0.968 6.173 0.000 0.382 

Caledon 0.810 0.936 0.998 0.874 0.955 0.989 5.033 2.832 0.619 

Fox 0.775 0.986 0.999 0.847 0.977 0.986 5.771 1.378 0.400 

Huron 0.882 0.985 0.999 0.932 0.977 0.997 4.552 1.627 0.371 

Honeywood 0.831 0.999 0.999 0.893 0.989 0.993 5.615 0.359 0.416 

Melbourne 0.866 0.983 0.999 0.918 0.983 0.995 4.695 1.735 0.419 

Muriel 0.814 0.999 0.999 0.881 0.964 0.991 4.516 0.000 0.255 

Organic 0.801 0.999 0.998 0.667 0.750 0.749 2.866 0.000 0.342 

Plainfield 0.740 0.955 0.999 0.838 0.973 0.996 3.429 1.345 0.298 

Teeswater 0.861 0.951 0.999 0.896 0.920 0.977 6.902 3.695 0.617 

Walsher 0.748 0.942 0.998 0.833 0.956 0.987 8.110 3.875 0.754 

Wattford 0.844 0.980 0.999 0.906 0.983 0.994 4.346 1.553 0.352 
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 % SOM – all horizons 

 R2 CCC RMSE 

 Linear 3rd Poly EAQSF Linear 3rd Poly EAQSF Linear 3rd Poly EAQSF 

All Soil Profiles  0.879 0.980 0.998 0.935 0.313 0.999 2.060 8.400 0.246 

Blackwell 0.901 0.969 0.999 0.888 0.779 0.941 1.986 0.785 0.148 

Brantford 0.833 0.997 0.999 0.894 0.996 0.998 0.552 0.062 0.043 

Bennington 0.817 0.997 0.999 0.878 0.991 0.994 0.451 0.054 0.038 

Bookton 0.777 0.996 0.999 0.844 0.993 0.994 0.502 0.064 0.043 

Bryanston 0.890 0.998 0.999 0.932 0.981 0.995 0.440 0.047 0.031 

Brant 0.832 0.987 0.999 0.898 0.990 0.998 0.687 0.141 0.047 

Burford 0.869 0.999 0.999 0.894 0.938 0.968 0.353 0.000 0.028 

Caledon 0.841 0.992 0.999 0.893 0.984 0.990 0.320 0.072 0.025 

Fox 0.827 0.995 0.999 0.880 0.982 0.985 0.392 0.056 0.037 

Huron 0.887 0.992 0.999 0.931 0.980 0.997 0.446 0.096 0.034 

Honeywood 0.859 0.999 0.999 0.906 0.989 0.993 0.455 0.020 0.030 

Melbourne 0.819 0.998 0.999 0.884 0.990 0.995 0.664 0.068 0.046 

Muriel 0.818 0.999 0.999 0.883 0.964 0.991 0.474 0.000 0.033 

Organic 0.432 0.999 0.998 0.453 0.750 0.747 6.221 0.000 0.671 

Plainfield 0.762 0.974 0.999 0.849 0.983 0.996 0.491 0.154 0.042 

Teeswater 0.839 0.999 0.999 0.883 0.944 0.978 0.527 0.005 0.027 

Walsher 0.855 0.980 0.999 0.902 0.975 0.987 0.374 0.137 0.039 

Wattford 0.821 0.988 0.999 0.882 0.988 0.993 0.575 0.129 0.053 
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A.3: The following tables displays the R2, CCC, and RMSE for 4 different soil depth functions: linear regression (Linear), 
3rd polynomial regression (3rd Poly), equal area quadratic spline function (EAQSF), and exponential decay function (EDF). 
Each soil depth function was applied to soil profiles across Middlesex County with the 2nd horizon of each soil profile 
removed and predicted back. 

 % Sand – 2nd horizon removed 

 R2 CCC RMSE 

 Linear 3rd Poly EAQSF EDF Linear 3rd Poly EAQSF EDF Linear 3rd Poly EAQSF EDF 

All Soil 
Profiles  

0.884 0.638 0.195 0.844 0.933 0.789 0.438 0.907 11.202 22.343 32.615 13.373 

Blackwell – – – – – – – – 12.392 12.812 77.583 7.127 

Brantford 0.658 0.337 0.002 0.634 0.788 0.521 -0.011 0.776 6.312 12.078 53.400 6.078 

Bennington 0.509 0.304 0.016 0.384 0.653 0.526 -0.065 0.528 12.149 16.396 38.763 15.469 

Bookton 0.316 0.122 0.000 0.133 0.420 0.270 0.013 0.211 18.812 31.216 35.020 28.083 

Bryanston 0.806 0.624 0.181 0.792 0.799 0.585 0.117 0.805 5.741 11.848 36.534 5.536 

Brant 0.657 0.285 0.000 0.638 0.787 0.515 -0.001 0.779 10.637 19.365 35.856 11.008 

Burford 0.867 0.917 0.669 0.868 0.616 0.648 -0.128 0.607 4.823 4.173 42.657 5.077 

Caledon 0.829 0.450 0.015 0.631 0.858 0.522 0.078 0.684 4.869 14.022 24.185 10.336 

Fox 0.902 0.868 0.171 0.906 0.806 0.863 0.227 0.820 6.442 5.703 21.646 6.106 

Huron 0.472 0.592 0.003 0.561 0.603 0.654 -0.012 0.681 7.603 7.032 48.583 6.256 

Honeywood 0.705 0.190 0.107 0.784 0.725 0.325 -0.054 0.792 7.726 17.836 44.605 6.319 

Melbourne 0.332 0.179 0.016 0.233 0.455 0.382 0.020 0.435 7.746 5.473 45.495 6.718 

Muriel 0.724 0.300 0.074 0.730 0.576 0.391 0.061 0.560 11.559 17.191 46.222 10.750 

Organic – – – – – – – – 21.697 27.627 18.617 21.639 

Plainfield 0.443 0.264 0.003 0.395 0.610 0.483 0.014 0.589 4.858 7.246 29.861 5.142 

Teeswater 0.001 0.020 0.362 0.014 -0.006 -0.037 -0.052 0.031 12.842 18.182 32.806 11.707 

Walsher 0.085 0.143 0.132 0.002 0.176 0.222 0.161 0.022 18.706 26.529 26.145 25.879 

Wattford 0.427 0.225 0.001 0.398 0.565 0.408 0.011 0.522 8.330 11.801 30.519 9.168 
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 % Silt – 2nd horizon removed 

 R2 CCC RMSE 

 Linear 3rd Poly EAQSF EDF Linear 3rd Poly EAQSF EDF Linear 3rd Poly EAQSF EDF 

All Soil 
Profiles  

0.827 0.091 0.227 0.830 0.901 0.129 0.476 0.909 8.730 85.885 20.863 8.525 

Blackwell – – – – – – – – 1.517 3.514 30.264 30.264 

Brantford 0.666 0.106 0.053 0.053 0.780 0.160 -0.072 -0.072 6.007 24.614 29.646 29.646 

Bennington 0.698 0.435 0.015 0.015 0.775 0.458 -0.053 -0.053 8.618 22.137 29.483 29.483 

Bookton 0.273 0.061 0.009 0.009 0.407 0.130 0.072 0.072 11.614 27.755 17.286 17.286 

Bryanston 0.531 0.155 0.055 0.055 0.658 0.147 0.041 0.041 7.791 30.713 31.045 31.045 

Brant 0.630 0.065 0.010 0.010 0.766 0.149 -0.042 -0.042 9.203 37.147 30.283 30.283 

Burford 0.871 0.001 0.370 0.370 0.651 0.002 -0.118 -0.118 3.105 27.661 23.785 23.785 

Caledon 0.734 0.139 0.017 0.017 0.806 0.139 0.115 0.115 3.874 25.353 11.319 11.319 

Fox 0.891 0.699 0.170 0.170 0.810 0.631 0.293 0.293 4.908 12.705 12.916 12.916 

Huron 0.742 0.436 0.155 0.155 0.778 0.307 0.134 0.134 5.432 23.270 24.305 24.305 

Honeywood 0.636 0.031 0.083 0.083 0.659 0.052 -0.025 -0.025 7.509 34.252 40.512 40.512 

Melbourne 0.333 0.015 0.016 0.016 0.337 -0.035 0.053 0.053 7.810 21.621 15.770 15.770 

Muriel 0.602 0.322 0.163 0.163 0.629 -0.081 0.147 0.147 5.455 29.468 17.751 17.751 

Organic – – – – – – – – 1.004 36.271 5.404 5.404 

Plainfield 0.533 0.103 0.006 0.006 0.678 0.097 0.033 0.033 3.501 24.660 14.839 14.839 

Teeswater 0.010 0.033 0.020 0.020 0.054 0.071 -0.020 -0.020 11.200 24.380 26.773 26.773 

Walsher 0.098 0.140 0.116 0.116 0.197 0.153 0.204 0.204 14.387 32.411 17.665 17.665 

Wattford 0.327 0.171 0.012 0.012 0.515 0.186 -0.075 -0.075 6.391 21.148 14.824 14.824 

 

 

 



 

 

111 

 

 

 

 

 % Clay – 2nd horizon removed 

 R2 CCC RMSE 

 Linear 3rd Poly EAQSF EDF Linear 3rd Poly EAQSF EDF Linear 3rd Poly EAQSF EDF 

All Soil 
Profiles  

0.847 0.013 0.113 0.856 0.899 0.047 0.305 0.905 6.792 77.946 16.976 6.633 

Blackwell – – – – – – – – 13.909 9.298 47.319 17.540 

Brantford 0.382 0.142 0.038 0.357 0.511 0.197 0.077 0.483 8.216 20.647 26.195 8.743 

Bennington 0.160 0.046 0.000 0.199 0.341 0.064 -0.005 0.414 7.128 24.432 13.387 6.381 

Bookton 0.368 0.081 0.001 0.470 0.472 0.143 0.020 0.603 8.382 22.970 17.635 6.602 

Bryanston 0.083 0.278 0.191 0.140 0.223 0.135 0.207 0.286 5.641 22.705 10.730 5.580 

Brant 0.540 0.088 0.015 0.552 0.683 0.102 0.098 0.691 5.049 33.145 15.075 5.067 

Burford 0.603 0.527 0.872 0.557 0.410 0.025 -0.073 0.493 1.962 25.439 19.387 1.409 

Caledon 0.767 0.196 0.021 0.447 0.803 0.139 0.067 0.618 2.600 22.675 14.882 3.780 

Fox 0.519 0.008 0.006 0.432 0.544 -0.039 0.029 0.477 3.177 12.191 12.190 3.399 

Huron 0.324 0.110 0.235 0.329 0.431 0.151 -0.145 0.427 8.776 21.368 30.351 9.164 

Honeywood 0.184 0.124 0.113 0.164 0.408 0.073 -0.276 0.386 4.488 26.637 9.780 4.627 

Melbourne 0.229 0.109 0.007 0.221 0.247 0.142 0.017 0.237 11.071 19.641 31.613 11.795 

Muriel 0.709 0.343 0.005 0.747 0.549 0.255 0.013 0.564 8.333 22.535 29.480 8.744 

Organic – – – – – – – – 22.128 11.299 24.144 22.347 

Plainfield 0.302 0.124 0.026 0.225 0.408 -0.044 -0.029 0.418 2.234 23.839 14.356 2.096 

Teeswater 0.872 0.808 0.005 0.805 0.534 0.579 0.046 0.514 6.357 7.641 12.846 6.655 

Walsher 0.384 0.622 0.028 0.465 0.449 0.201 -0.063 0.548 4.776 22.608 14.000 4.031 

Wattford 0.462 0.446 0.055 0.408 0.607 0.206 0.078 0.600 3.645 17.714 17.589 3.511 
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 % CaCO3 – 2nd horizon removed 

 R2 CCC RMSE 

 Linear 3rd Poly EAQSF EDF Linear 3rd Poly EAQSF EDF Linear 3rd Poly EAQSF EDF 

All Soil Profiles  0.340 0.275 0.018 0.500 0.503 0.456 0.134 0.627 6.210 8.639 6.972 4.231 

Blackwell – – – – – – – – 9.432 11.373 6.369 4.843 

Brantford 0.413 0.256 0.034 0.511 0.503 0.413 -0.136 0.636 6.909 10.425 7.683 4.563 

Bennington 0.546 0.601 0.000 0.663 0.646 0.682 0.008 0.567 5.883 8.065 8.647 5.626 

Bookton 0.278 0.166 0.064 0.540 0.415 0.320 0.238 0.680 6.040 9.201 5.647 3.453 

Bryanston 0.406 0.529 0.016 0.599 0.466 0.510 0.030 0.579 6.707 9.906 6.736 4.288 

Brant 0.455 0.497 0.001 0.566 0.574 0.678 0.025 0.620 7.181 7.715 10.083 5.991 

Burford 0.763 0.512 0.871 0.733 0.337 0.389 -0.050 0.277 12.515 9.119 30.544 19.537 

Caledon 0.327 0.090 0.000 0.861 0.391 0.194 0.009 0.849 5.397 9.482 6.683 1.760 

Fox 0.610 0.454 0.056 0.761 0.183 0.175 -0.062 0.457 4.294 4.827 4.992 1.751 

Huron 0.125 0.071 0.038 0.024 0.192 0.117 -0.150 0.116 7.894 13.669 8.157 4.423 

Honeywood 0.061 0.081 0.002 0.067 0.184 0.229 -0.040 0.202 9.590 12.091 11.007 6.645 

Melbourne 0.286 0.075 0.268 0.395 0.193 0.105 0.428 0.593 6.992 10.654 2.285 2.159 

Muriel 0.561 0.482 0.280 0.861 0.471 0.595 0.184 0.568 5.739 5.734 7.023 4.662 

Organic – – – – – – – – 9.222 9.311 1.722 8.442 

Plainfield 0.096 0.000 0.007 0.328 0.287 -0.010 0.064 0.451 2.995 5.237 5.215 2.136 

Teeswater 0.634 0.579 0.486 0.194 0.096 0.048 0.170 0.268 3.240 8.668 0.535 0.782 

Walsher 0.167 0.185 0.294 0.421 0.033 -0.049 0.049 0.245 7.198 7.264 7.876 1.494 

Wattford 0.290 0.184 0.002 0.476 0.428 0.291 -0.034 0.608 4.664 7.961 8.789 2.613 
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 % SOM – 2nd horizon removed 

 R2 CCC RMSE 

 Linear 3rd Poly EAQSF EDF Linear 3rd Poly EAQSF EDF Linear 3rd Poly EAQSF EDF 

All Soil 
Profiles  

0.835 0.558 0.752 0.729 0.879 0.740 0.820 0.791 3.737 6.642 4.507 4.775 

Blackwell – – – – – – – – 3.200 5.590 5.496 6.980 

Brantford 0.165 0.250 0.001 0.188 0.236 0.455 -0.020 0.402 0.964 0.600 1.181 0.656 

Bennington 0.036 0.113 0.000 0.182 0.129 0.297 0.002 0.384 1.030 0.784 7.801 0.624 

Bookton 0.003 0.118 0.000 0.216 0.021 0.250 0.001 0.429 1.025 0.575 6.457 0.416 

Bryanston 0.105 0.183 0.000 0.141 0.052 0.146 0.000 0.337 1.038 0.601 12.698 0.291 

Brant 0.075 0.490 0.000 0.222 0.192 0.628 0.001 0.313 1.254 0.773 5.678 0.947 

Burford 0.724 0.586 0.113 0.262 0.094 0.174 -0.015 0.212 0.926 0.522 1.742 0.189 

Caledon 0.101 0.270 0.027 0.182 0.186 0.484 0.048 0.339 0.618 0.327 1.318 0.387 

Fox 0.060 0.736 0.045 0.229 0.158 0.729 0.092 0.308 0.749 0.358 1.371 0.574 

Huron 0.647 0.657 0.003 0.727 0.404 0.626 -0.002 0.607 0.846 0.461 16.605 0.575 

Honeywood 0.225 0.319 0.033 0.079 0.248 0.471 -0.120 0.203 0.845 0.540 1.187 0.715 

Melbourne 0.534 0.738 0.027 0.289 0.420 0.741 0.129 0.488 1.036 0.620 1.049 0.855 

Muriel 0.292 0.178 0.105 0.062 -0.307 -0.332 0.197 0.128 1.538 1.091 0.884 0.755 

Organic – – – – – – – – 17.195 17.893 19.221 19.215 

Plainfield 0.155 0.245 0.198 0.449 0.317 0.451 0.120 0.526 0.935 0.756 5.473 0.641 

Teeswater 0.751 0.873 0.368 0.528 0.637 0.587 -0.177 0.220 0.218 0.244 1.358 0.535 

Walsher 0.450 0.706 0.142 0.705 0.566 0.778 0.258 0.761 0.723 0.504 1.257 0.600 

Wattford 0.093 0.196 0.001 0.183 0.137 0.308 -0.011 0.409 1.197 0.722 1.021 0.422 
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A.4: The following tables displays the covariate selection from 3 different covariate selection algorithms, Stepwise 
Regression + Collinearity Test (SRCT), Recursive Feature Elimination (RFE), and Correlation Based Feature Selection 
(CBFS) for 6 different soil properties at 6 different depths.  

 pH 

 0 – 5 cm 5 – 15 cm 15 – 30 cm 30 – 60 cm 60 – 100 cm 100 – 200 cm 

 SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS 

Aspect    ֍   ֍   ֍   ֍  ֍ ֍ ֍  ֍ 

Curvature   ֍   ֍  ֍ ֍   ֍     ֍ ֍ ֍ 

DEM  ֍  ֍ ֍  ֍ ֍  ֍ ֍  ֍ ֍  ֍   ֍ 

Hillshade                 ֍   

Mean temp  ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍  ֍ ֍  ֍  

Precipitation  ֍ ֍  ֍ ֍  ֍   ֍   ֍   ֍   

TRI              ֍   ֍   

Slope    ֍   ֍   ֍   ֍   ֍   ֍ 

Wind    ֍   ֍   ֍   ֍ ֍  ֍ ֍  ֍ 

TWI  ֍  ֍ ֍  ֍ ֍  ֍ ֍  ֍ ֍  ֍    

RH   ֍ ֍  ֍ ֍  ֍ ֍  ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ 

U                    

Th  ֍  ֍ ֍  ֍   ֍   ֍   ֍    

K        ֍   ֍   ֍      

Th/K                 ֍   

U/K  ֍  ֍ ֍  ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍  ֍ ֍ 

U/Th   ֍   ֍   ֍   ֍   ֍   ֍ ֍ 
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 Covariates Selected for % Sand 

 0 – 5 cm 5 – 15 cm 15 – 30 cm 30 – 60 cm 60 – 100 cm 100 – 200 cm 

 SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS 

Aspect  ֍     ֍     ֍     ֍     ֍         ֍ 

Curvature  ֍ ֍  ֍ ֍  ֍ ֍  ֍ ֍  ֍ ֍    ֍  

DEM  ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ 

Hillshade  ֍   ֍   ֍   ֍   ֍   ֍  ֍ 

Mean temp    ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍ 

Precipitation          ֍   ֍   ֍       

TRI  ֍     ֍                       ֍     

Slope  ֍  ֍ ֍  ֍    ֍    ֍    ֍     

Wind      ֍     ֍     ֍     ֍     ֍ ֍   ֍ 

TWI     ֍    ֍    ֍    ֍    ֍    ֍ 

RH    ֍ ֍   ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ 

U                          

Th  ֍   ֍     ֍     ֍     ֍     ֍       

K                          

Th/K  ֍   ֍ ֍   ֍     ֍     ֍     ֍       

U/K  ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ 

U/Th    ֍     ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   
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 Covariates Selected for % Silt 

 0 – 5 cm 5 – 15 cm 15 – 30 cm 30 – 60 cm 60 – 100 cm 100 – 200 cm 

 SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS 

Aspect  ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍     ֍ 

Curvature    ֍    ֍    ֍        ֍  ֍ ֍  

DEM  ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ 

Hillshade                          

Mean temp    ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍ 

Precipitation  ֍   ֍   ֍ ֍  ֍ ֍  ֍   ֍   

TRI  ֍     ֍     ֍     ֍     ֍     ֍     

Slope     ֍    ֍    ֍    ֍    ֍    ֍ 

Wind      ֍     ֍     ֍     ֍ ֍   ֍ ֍   ֍ 

TWI     ֍    ֍    ֍    ֍    ֍    ֍ 

RH  ֍ ֍ ֍   ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ 

U                          

Th  ֍   ֍ ֍   ֍     ֍ ֍   ֍ ֍   ֍       

K          ֍               

Th/K                                      

U/K  ֍ ֍ ֍ ֍ ֍ ֍ ֍  ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ 

U/Th  ֍ ֍     ֍   ֍ ֍   ֍ ֍     ֍     ֍   
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 Covariates Selected for % Clay 

 0 – 5 cm 5 – 15 cm 15 – 30 cm 30 – 60 cm 60 – 100 cm 100 – 200 cm 

 SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS 

Aspect  ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ 

Curvature    ֍ ֍   ֍ ֍   ֍ ֍   ֍  ֍ ֍    ֍  

DEM  ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍     ֍     ֍ 

Hillshade  ֍   ֍   ֍   ֍          ֍ 

Mean temp  ֍     ֍ ֍   ֍ ֍   ֍ ֍ ֍ ֍ ֍ ֍   ֍ ֍ 

Precipitation  ֍ ֍ ֍ ֍   ֍   ֍   ֍       

TRI  ֍     ֍     ֍                       

Slope     ֍    ֍    ֍    ֍    ֍ ֍   

Wind      ֍     ֍     ֍     ֍     ֍ ֍   ֍ 

TWI     ֍    ֍    ֍    ֍ ֍  ֍ ֍  ֍ 

RH    ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍ ֍ ֍ ֍ 

U                          

Th      ֍     ֍     ֍     ֍     ֍       

K                  ֍       

Th/K        ֍     ֍     ֍     ֍           

U/K  ֍ ֍  ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ 

U/Th  ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍     ֍   ֍ ֍   
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 Covariates Selected for % CaCO3 

 0 – 5 cm 5 – 15 cm 15 – 30 cm 30 – 60 cm 60 – 100 cm 100 – 200 cm 

 SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS 

Aspect      ֍     ֍     ֍     ֍     ֍     ֍ 

Curvature    ֍    ֍    ֍    ֍    ֍ ֍   ֍  

DEM  ֍   ֍ ֍   ֍ ֍   ֍     ֍     ֍ ֍   ֍ 

Hillshade      ֍   ֍   ֍   ֍   ֍  ֍ 

Mean temp    ֍ ֍   ֍ ֍ ֍ ֍ ֍   ֍ ֍   ֍   ֍ ֍ ֍ 

Precipitation  ֍ ֍  ֍ ֍  ֍   ֍   ֍       

TRI        ֍     ֍                 ֍     

Slope     ֍    ֍    ֍ ֍  ֍ ֍  ֍     

Wind      ֍     ֍     ֍ ֍   ֍ ֍   ֍     ֍ 

TWI     ֍    ֍    ֍    ֍    ֍    ֍ 

RH  ֍ ֍ ֍ ֍ ֍ ֍   ֍ ֍   ֍ ֍ ֍ ֍ ֍   ֍ ֍ 

U                          

Th      ֍     ֍     ֍     ֍     ֍       

K                      ֍ ֍  

Th/K  ֍     ֍     ֍     ֍     ֍           

U/K     ֍    ֍   ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍    ֍ 

U/Th          ֍     ֍   ֍ ֍   ֍ ֍         
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 Covariates Selected for % SOM 

 0 – 5 cm 5 – 15 cm 15 – 30 cm 30 – 60 cm 60 – 100 cm 100 – 200 cm 

 SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS SRCT RFE CBFS 

Aspect      ֍     ֍     ֍     ֍           ֍ 

Curvature    ֍    ֍    ֍  ֍ ֍ ֍ ֍ ֍ ֍   ֍ ֍ 

DEM  ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ ֍   ֍ 

Hillshade  ֍   ֍   ֍   ֍   ֍   ֍   

Mean temp    ֍ ֍   ֍ ֍   ֍ ֍ ֍ ֍   ֍ ֍     ֍   

Precipitation  ֍ ֍  ֍ ֍  ֍ ֍  ֍ ֍  ֍ ֍  ֍ ֍  

TRI  ֍     ֍     ֍     ֍     ֍     ֍     

Slope     ֍    ֍    ֍    ֍    ֍    ֍ 

Wind  ֍   ֍ ֍   ֍ ֍   ֍     ֍     ֍ ֍   ֍ 

TWI  ֍  ֍ ֍  ֍ ֍  ֍ ֍  ֍    ֍ ֍  ֍ 

RH  ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍ ֍   ֍ ֍   ֍ ֍ ֍ ֍ ֍ 

U                  ֍   ֍   

Th  ֍   ֍ ֍   ֍     ֍     ֍ ֍   ֍       

K          ֍   ֍           

Th/K                              ֍ ֍     

U/K     ֍    ֍    ֍    ֍    ֍ ֍ ֍ ֍ 

U/Th    ֍     ֍     ֍   ֍ ֍     ֍         
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A.5: The following table displays the R2 and the RMSE for 3 different prediction algorithms: ordinary kriging and random 
forest and 4 different covariate sets for the regression kriging (RK) prediction algorithm. Both internal and external (30% 
holdout) was performed. Yellow shows highest internal R2 and internal RMSE, and green shows highest external R2 and 
external RMSE. 

  pH 

  
Ordinary 

Kriging - no 
covariates 

RK - All 
Covariates 

RK - Stepwise 
Regression + 

Collinearity Test 

RK - Recursive 
Feature 

Elimination 

RK - 
Correlation 

Based Feature 
Selection 

Random 
Forest - All 
Covariates 

0 – 5 cm 

R2 - Internal  0.000 0.104 0.093 0.075 0.063 0.109 

RMSE - Internal  0.527 0.504 0.503 0.508 0.513 0.500 

R2 - External  0.000 0.107 0.106 0.073 0.088 0.122 

RMSE - External  0.562 0.531 0.531 0.541 0.536 0.528 

5 – 15 cm 

R2 - Internal  0.000 0.092 0.084 0.059 0.059 0.076 

RMSE - Internal  0.540 0.519 0.518 0.525 0.526 0.524 

R2 - External  0.000 0.161 0.153 0.128 0.142 0.182 

RMSE - External  0.488 0.448 0.451 0.457 0.454 0.442 

15 – 30 cm 

R2 - Internal  0.000 0.142 0.108 0.071 0.077 0.162 

RMSE - Internal  0.439 0.427 0.416 0.425 0.424 0.403 

R2 - External  0.000 0.089 0.098 0.088 0.076 0.075 

RMSE - External  0.604 0.551 0.574 0.580 0.580 0.583 

30 – 60 cm 

R2 - Internal  0.000 0.078 0.060 0.047 0.043 0.050 

RMSE - Internal  0.543 0.526 0.528 0.531 0.533 0.535 

R2 - External  0.000 0.074 0.070 0.068 0.056 0.078 

RMSE - External  0.569 0.548 0.549 0.550 0.553 0.552 

60 – 100 cm 

R2 - Internal  0.000 0.073 0.063 0.060 0.067 0.050 

RMSE - Internal  0.527 0.527 0.512 0.512 0.511 0.522 

R2 - External  0.000 0.046 0.046 0.040 0.046 0.041 

RMSE - External  0.642 0.628 0.627 0.629 0.627 0.631 

100 – 200 cm 

R2 - Internal  0.000 0.231 0.142 0.099 0.107 0.018 

RMSE - Internal  0.752 0.923 0.692 0.706 0.708 0.682 

R2 - External  0.000 0.012 0.037 0.020 0.030 0.001 

RMSE - External  0.618 0.677 0.654 0.662 0.655 0.709 
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  % Sand 

  
Ordinary 

Kriging - no 
covariates 

RK - All 
Covariates 

RK - Stepwise 
Regression + 

Collinearity Test 

RK - Recursive 
Feature 

Elimination 

RK - 
Correlation 

Based Feature 
Selection 

Random 
Forest - All 
Covariates 

0 – 5 cm 

R2 - Internal  0.000 0.200 0.140 0.112 0.163 0.439 

RMSE - Internal  25.530 23.049 23.788 24.121 23.473 19.212 

R2 - External  0.000 0.190 0.154 0.099 0.162 0.422 

RMSE - External  26.262 23.670 24.145 24.951 24.057 20.118 

5 – 15 cm 

R2 - Internal  0.000 0.206 0.105 0.102 0.146 0.451 

RMSE - Internal  26.016 23.398 24.305 24.302 23.750 19.401 

R2 - External  0.000 0.163 0.122 0.118 0.174 0.382 

RMSE - External  25.832 23.776 25.145 25.253 24.441 20.216 

15 – 30 cm 

R2 - Internal  0.000 0.194 0.185 0.108 0.154 0.451 

RMSE - Internal  27.727 23.388 23.413 24.435 23.856 19.401 

R2 - External  0.000 0.263 0.189 0.107 0.162 0.382 

RMSE - External  26.983 23.776 23.723 24.888 24.131 20.316 

30 – 60 cm 

R2 - Internal  0.000 0.150 0.114 0.090 0.092 0.307 

RMSE - Internal  30.000 27.911 28.209 28.534 28.559 25.010 

R2 - External  0.000 0.063 0.113 0.068 0.060 0.247 

RMSE - External  29.206 28.658 27.889 28.604 28.752 25.330 

60 – 100 cm 

R2 - Internal  0.000 0.084 0.249 0.057 0.052 0.223 

RMSE - Internal  29.560 28.560 28.416 28.417 28.565 26.051 

R2 - External  0.000 0.038 0.052 0.061 0.035 0.241 

RMSE - External  28.921 28.607 29.012 28.871 29.281 25.208 

100 – 200 cm 

R2 - Internal  0.000 0.110 0.096 0.081 0.099 0.113 

RMSE - Internal  34.396 33.245 32.809 32.996 32.807 32.510 

R2 - External  0.000 0.053 0.025 0.007 0.022 0.134 

RMSE - External  33.769 33.119 34.253 35.352 34.443 31.574 
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  % Silt 

  
Ordinary 

Kriging - no 
covariates 

RK - All 
Covariates 

RK - Stepwise 
Regression + 

Collinearity Test 

RK - Recursive 
Feature 

Elimination 

RK - 
Correlation 

Based Feature 
Selection 

Random 
Forest - All 
Covariates 

0 – 5 cm 

R2 - Internal  0.000 0.297 0.281 0.102 0.249 0.443 

RMSE - Internal  18.117 15.336 15.428 17.212 15.781 13.571 

R2 - External  0.000 0.266 0.246 0.109 0.220 0.449 

RMSE - External  18.109 15.544 15.539 17.093 16.031 13.486 

5 – 15 cm 

R2 - Internal  0.000 0.297 0.279 0.092 0.244 0.440 

RMSE - Internal  17.961 15.197 15.313 17.157 15.690 13.486 

R2 - External  0.000 0.271 0.282 0.141 0.232 0.431 

RMSE - External  18.060 15.456 15.304 16.787 15.846 13.675 

15 – 30 cm 

R2 - Internal  0.000 0.285 0.249 0.079 0.241 0.403 

RMSE - Internal  18.243 15.470 15.857 17.553 15.972 14.129 

R2 - External  0.000 0.252 0.249 0.097 0.200 0.374 

RMSE - External  17.953 15.555 15.560 17.082 16.084 14.216 

30 – 60 cm 

R2 - Internal  0.000 0.225 0.216 0.096 0.170 0.312 

RMSE - Internal  18.901 16.792 16.803 18.018 17.305 15.695 

R2 - External  0.000 0.184 0.182 0.117 0.151 0.281 

RMSE - External  19.335 17.515 17.527 18.207 17.846 16.411 

60 – 100 cm 

R2 - Internal  0.000 0.138 0.111 0.092 0.102 0.191 

RMSE - Internal  19.503 18.099 18.471 18.639 18.571 17.530 

R2 - External  0.000 0.108 0.072 0.076 0.086 0.201 

RMSE - External  18.665 18.134 18.039 17.971 17.876 16.712 

100 – 200 cm 

R2 - Internal  0.000 0.159 0.120 0.085 0.137 0.082 

RMSE - Internal  24.116 22.656 22.820 23.225 22.692 23.274 

R2 - External  0.000 0.070 0.062 0.035 0.071 0.074 

RMSE - External  23.806 23.198 23.175 23.572 23.073 23.182 
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  % Clay 

  
Ordinary 

Kriging - no 
covariates 

RK - All 
Covariates 

RK - Stepwise 
Regression + 

Collinearity Test 

RK - Recursive 
Feature 

Elimination 

RK - 
Correlation 

Based Feature 
Selection 

Random 
Forest - All 
Covariates 

0 – 5 cm 

R2 - Internal  0.000 0.136 0.104 0.093 0.087 0.364 

RMSE - Internal  12.324 11.564 11.720 11.769 11.827 9.886 

R2 - External  0.000 0.143 0.153 0.097 0.123 0.379 

RMSE - External  12.400 11.485 11.442 11.785 11.622 9.795 

5 – 15 cm 

R2 - Internal  0.000 0.147 0.119 0.102 0.103 0.368 

RMSE - Internal  12.682 11.824 11.959 12.048 12.068 10.111 

R2 - External  0.000 0.123 0.123 0.071 0.068 0.382 

RMSE - External  12.819 12.017 12.013 12.378 12.405 10.103 

15 – 30 cm 

R2 - Internal  0.000 0.140 0.113 0.104 0.103 0.361 

RMSE - Internal  14.902 13.894 14.105 14.148 14.186 11.941 

R2 - External  0.000 0.116 0.110 0.057 0.059 0.405 

RMSE - External  14.336 13.628 13.534 14.049 13.960 11.093 

30 – 60 cm 

R2 - Internal  0.000 0.138 0.094 0.064 0.081 0.347 

RMSE - Internal  16.397 15.429 15.673 15.906 15.796 13.284 

R2 - External  0.000 0.162 0.130 0.118 0.088 0.349 

RMSE - External  16.263 15.327 15.211 15.353 15.541 13.154 

60 – 100 cm 

R2 - Internal  0.000 0.114 0.066 0.066 0.081 0.302 

RMSE - Internal  16.185 15.508 15.915 15.885 15.793 13.531 

R2 - External  0.000 0.115 0.081 0.072 0.083 0.297 

RMSE - External  16.490 15.214 15.337 15.419 15.326 13.849 

100 – 200 cm 

R2 - Internal  0.000 0.130 0.114 0.070 0.049 0.237 

RMSE - Internal  17.764 16.780 16.686 17.048 17.315 15.494 

R2 - External  0.000 0.084 0.085 0.056 0.059 0.103 

RMSE - External  18.078 17.772 17.749 18.032 18.050 17.317 
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  % CaCO3 

  
Ordinary 

Kriging - no 
covariates 

RK - All 
Covariates 

RK - Stepwise 
Regression + 

Collinearity Test 

RK - Recursive 
Feature 

Elimination 

RK - 
Correlation 

Based Feature 
Selection 

Random 
Forest - All 
Covariates 

0 – 5 cm 

R2 - Internal  0.000 0.046 0.034 0.020 0.019 0.008 

RMSE - Internal  3.710 3.658 3.655 3.681 3.692 3.801 

R2 - External  0.000 0.013 0.040 0.035 0.008 0.014 

RMSE - External  2.728 2.740 2.671 2.691 0.273 2.825 

5 – 15 cm 

R2 - Internal  0.000 0.056 0.046 0.026 0.020 0.009 

RMSE - Internal  3.472 3.404 3.402 3.434 3.454 3.566 

R2 - External  0.000 0.010 0.020 0.025 0.018 0.004 

RMSE - External  3.299 3.309 3.269 3.258 3.270 3.505 

15 – 30 cm 

R2 - Internal  0.000 0.068 0.054 0.039 0.048 0.040 

RMSE - Internal  4.903 4.776 4.786 4.818 4.808 4.888 

R2 - External  0.000 0.010 0.017 0.015 0.015 0.002 

RMSE - External  5.892 5.902 5.854 5.854 5.859 6.098 

30 – 60 cm 

R2 - Internal  0.000 0.092 0.081 0.055 0.068 0.065 

RMSE - Internal  11.240 10.813 10.815 10.954 10.904 10.979 

R2 - External  0.000 0.063 0.071 0.046 0.055 0.052 

RMSE - External  10.750 10.470 10.381 10.510 10.483 10.687 

60 – 100 cm 

R2 - Internal  0.000 0.131 0.129 0.098 0.112 0.137 

RMSE - Internal  15.339 14.433 14.381 14.612 14.524 14.255 

R2 - External  0.000 0.060 0.060 0.044 0.061 0.081 

RMSE - External  14.512 14.137 14.137 14.230 14.108 14.073 

100 – 200 cm 

R2 - Internal  0.000 0.109 0.033 0.079 0.097 0.027 

RMSE - Internal  14.918 14.428 14.777 14.394 14.341 14.884 

R2 - External  0.000 0.070 0.064 0.074 0.083 0.023 

RMSE - External  16.218 15.645 15.756 15.618 15.617 16.121 
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  % SOM 

  
Ordinary 

Kriging - no 
covariates 

RK - All 
Covariates 

RK - Stepwise 
Regression + 

Collinearity Test 

RK - Recursive 
Feature 

Elimination 

RK - 
Correlation 

Based Feature 
Selection 

Random 
Forest - All 
Covariates 

0 – 5 cm 

R2 - Internal  0.000 0.082 0.145 0.101 0.111 0.132 

RMSE - Internal  9.426 8.645 8.752 8.960 8.933 8.803 

R2 - External  0.000 0.173 0.041 0.033 0.035 0.043 

RMSE - External  8.615 9.020 8.547 8.529 8.547 8.551 

5 – 15 cm 

R2 - Internal  0.000 0.103 0.140 0.099 0.102 0.153 

RMSE - Internal  9.853 8.431 9.179 9.376 9.381 9.083 

R2 - External  0.000 0.144 0.058 0.042 0.058 0.094 

RMSE - External  7.268 9.216 7.221 7.223 7.164 7.275 

15 – 30 cm 

R2 - Internal  0.000 0.117 0.138 0.107 0.070 0.147 

RMSE - Internal  9.129 8.310 8.514 8.652 8.486 8.441 

R2 - External  0.000 0.141 0.104 0.054 0.101 0.095 

RMSE - External  9.638 9.671 9.130 9.405 9.916 9.218 

30 – 60 cm 

R2 - Internal  0.000 0.082 0.135 0.102 0.096 0.130 

RMSE - Internal  9.837 9.255 9.193 9.350 9.401 9.225 

R2 - External  0.000 0.112 0.067 0.042 0.066 0.066 

RMSE - External  9.487 8.945 9.230 9.329 9.185 9.451 

60 – 100 cm 

R2 - Internal  0.000 0.137 0.121 0.084 0.084 0.083 

RMSE - Internal  9.150 8.893 8.616 8.782 8.800 8.800 

R2 - External  0.000 0.113 0.105 0.082 0.070 0.172 

RMSE - External  10.463 9.179 9.903 10.046 10.098 9.523 

100 – 200 cm 

R2 - Internal  0.000 0.229 0.163 0.129 0.135 0.059 

RMSE - Internal  10.622 12.055 9.855 9.984 9.989 10.488 

R2 - External  0.000 0.137 0.192 0.090 0.056 0.179 

RMSE - External  14.858 8.492 13.411 14.750 14.428 13.629 
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