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Abstract 

This research investigated the resolving of soil carbon and interconnected properties in 

conjunction with vegetation and landform attributes for a boreal context within the Great 

Clay Belt region of northern Ontario, Canada. Objectives entailing sophisticated statistical 

inference of extracted soil samples, an endemic tree species classification and enhanced 

digital soil mapping of carbon were explored, yielding research contributions and practicable 

results. 

Statistical inference was achieved by adapting generalized estimating equations (GEEs) to 

estimate and assess refined mean differences of soil carbon between specific land cover types 

and tree species groupings. Furthermore, the feasibility of GEEs for digital soil mapping was 

demonstrated by predicting carbon concentrations with associated confidence intervals. 

Regarding boreal vegetation modeling, a pixel-based tree species classification was 

developed for natural settings at the remarkable spatial resolution of 2 m over an area of 100 

km2. Afterwards, digital soil mapping of carbon was implemented by employing data-driven 

approaches via encoder-decoder (ED) neural networks formulated for relatively smaller data 

sets. Using EDs, modeling accuracy for soil carbon was augmented with coefficients of 

determination (R2) increasing to over 0.5. Finally, knowledge-based approaches to unravel 

linkages between soil carbon and interrelated properties were accommodated through 

structural equation modeling (SEM). A framework was devised to effectively facilitate SEM 

for digital soil mapping. The SEM quantified impacts on soil properties from covariates 

relating to soil formation factors, supporting the discernment of vegetational and 

environmental drivers for bulk density, carbon and carbon-to-nitrogen ratio. 

Uncertainty with prediction was also ascertained. A normalized entropy metric constituted 

from the top two contending groupings was conceived, which better encapsulated prediction 

uncertainty when compared to conventional entropy. Quantile mapping was also 

incorporated to uncover insights regarding prediction uncertainty from model ensembles. 

Structured query language (SQL) was harnessed to efficiently derive and generate rasterized 

covariates from LiDAR point cloud data. This novel computation consisted of a more 
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detailed digital terrain model (DTM), as well as covariates pertaining to vegetational 

structure with canopy height model (CHM) and a gap fraction. These covariates were 

successfully exploited as predictors for modeling with both digital soil mapping and tree 

species classification. 
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Chapter 1 

Introduction 

 

Land cover conversion due in part to global warming is likely to transpire across the southern 

transition zones of the boreal forest within Canada (Boulanger et al. 2017; Jiang et al. 2023). 

Moreover, in many localities, economic prospects pertaining to forestry and agriculture have 

hasten land cover changes relating to those activities. Vast quantities of carbon are currently 

contained within the soil and vegetation of boreal regions across the northern hemisphere 

(Deighton, Bell, and Lindo 2025; Menichetti et al. 2025; Minasny et al. 2019). The concern 

with land cover conversion, is that oxidation into the atmosphere will materialize for carbon 

currently stored within vegetation and surface soil layers if the existing forest cover is 

transformed. This release of carbon can further compound climate change, ultimately stress 

boreal environments and lead to additional land cover conversion. For that reason, assessing 

the impact of land cover and land use conversion with respect to carbon is of paramount 

importance. However, gauging the magnitudes of carbon content within boreal ecosystems 

is difficult, particularly for resolving the stocks of carbon within the ground. Presently, 

retrieved soil samples correspond to the verifiable measurements for ascertaining soil carbon, 

and many challenges arise regarding the extracting of soil samples. Consequently, modeling 

and related approaches need to be adopted for estimating carbon contents throughout the 

terrestrial domain of study areas.  
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Digital soil mapping has become a dominant methodology ascribed for modeling targeted 

soil properties. The premise of digital soil mapping asserts with predictors conforming to soil 

formation factors (McBratney, Mendonça Santos, and Minasny 2003; Suleymanov, 

Arrouays, and Savin 2024). To obtain predictor data covering the geographical extents of 

study areas, remote sensing technologies are typically employed to generate environmental 

covariates (Liang et al. 2020; Mulder et al. 2011). These environmental covariates are then 

utilized as predictors for digital soil mapping. Improvements with modeling approaches and 

the application of more functional environmental covariates have advanced accuracies 

attained with digital soil mapping research. Nevertheless, modeling accuracies remain 

relatively low for modeling soil carbon within boreal regions (Minasny et al. 2019). For the 

boreal forest of northern Ontario, substantial variations for soil carbon predominate across 

land cover type, as well as in reference to other soil properties. The interconnection of 

environmental covariates with soil properties relates to soil formation factors, hence 

resolving these relations are of interest for subsequent modeling. 

To advance digital soil mapping for the boreal context, the following issues should be 

addressed. Within the boreal forest of northern Ontario, knowledge gaps persist pertaining to 

the variation of soil carbon with land cover, as well as the interconnection between soil 

carbon and other associated soil properties. In addition, there is a connection between soil 

properties and tree species (Mueller et al. 2012; Zhang et al. 2025) that can be better 

established for boreal study areas. This involves attributes or covariates relating to certain 

tree species, that can constitute as predictors for digital soil mapping. The recent 

advancement and availability of remotely sensed data for boreal regions imparts an 

opportunity for deriving environmental covariates. Accordingly, dynamics between 
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environmental covariates and soil properties need to be explored, considering both spatial 

and temporal scales. Uncertainty with modeling also needs to be determined. Furthermore, 

insights can be acquired from research progress into these subject matters.  

The goal of this research was to enhance and formulate methods for resolving soil carbon 

concentrations and expounding connections with vegetation and other physical factors for 

the southern transition zone of the boreal forest in northern Ontario, Canada. To fulfill this 

goal, the following objectives were investigated. Research pertaining to these objectives 

conforms to the focus of this dissertation. 

(1) Initiate comprehensive and proper statistical analysis for the assessment of soil properties 

from field measurements. 

Considerable variations exist for soil properties regarding land cover type within boreal 

regions (Hyväluoma et al. 2024; Laganière et al. 2013; Vesterdal et al. 2013). The main 

impetus is in ascertaining concentrations of soil carbon, but also other properties such as clay 

component, carbon-to-nitrogen ratio and bulk density. Statistical analysis appropriate for 

skewed non-normal distributions and for potentially clustered samples should be 

implemented and can be conducted as a two-step process. Firstly, statistical testing can be 

enacted to establish whether dissimilarities of soil properties persist across land cover and 

vegetation types. This assessment can confirm whether sufficient heterogeneity has been 

obtained from the collected soil samples, regarding the utilization of the soil data as target 

data for soil modeling. Secondly, significances and estimates of refined differences for soil 

carbon between specific cover types can be resolved. These results yield can support for the 
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selection of more suitable environmental covariates from remote sensing technologies to 

better differentiate between certain land cover, to use as predictors for digital soil mapping. 

For evaluating diverseness across cover types for each soil property investigated, the 

Kruskal-Wallis test (Bargagliotti and Greenwell 2015; Johnson 2022) can be adopted. This 

can be followed by generalized estimating equations (GEEs) (Jung 2008; Salazar et al. 2016) 

to determine estimates and significances of pairwise differences between groupings, 

separately by land cover and tree species type. Afterwards, GEEs can be employed to resolve 

estimates with confidence intervals for soil carbon, based on other soil data, land usage or 

vegetation information available at sites.  

(2) Improve methods for classification of endemic tree species using multi-source remotely 

sensed data, devising an enhanced quantification of prediction uncertainty. 

Vegetation has been identified as one of the most important soil formation factors for boreal 

regions (Minasny et al. 2019). Thus, the computations of intricate tree species maps are of 

interest as predictors regarding digital soil mapping. The retrieval of LiDAR (light detection 

and ranging) data for districts in northern Ontario (Airborne Imaging 2018) presents an 

opportunity for the generation of more detailed LiDAR-derived covariates. This permits the 

calculation of covariates at a finer spatial scale to cohere with individual trees in natural 

settings, so to obtain representation for tree species of lesser occurrences. A more accurate 

and precise digital elevation model (DEM) can be constructed from the LiDAR data, which 

can be utilized to generate a suite of detailed topographic covariates relating to various 

attributes of topography (Franklin 2020). In addition to refined classification for 

characteristic boreal settings, uncertainty with prediction can be investigated. Specifically, a 
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more relevant entropy metric for tree species classification can be devised to provide insights 

when multiple categories are existent.  

This classification for endemic tree species can be accomplished by random forest methods 

(Immitzer, Atzberger, and Koukal 2012; Quan et al. 2023), with comparison to results from 

support vector machines. Finer resolution environmental covariates can also be applied as 

predictors for the modeling. Furthermore, entropy metrics can be computed to gauge 

uncertainty with prediction. A normalized entropy metric (Kumar, Kumar, and Kapur 1986; 

Wu, Shih, and Tu 2021) just based upon top contending categories can also be formulated 

for better quantifying prediction uncertainty when compared to the conventional entropy 

calculation.  

(3) Exploit data-driven methods to construct models for augmenting modeling accuracy of 

soil carbon. 

This objective corresponds to attaining the best modeling accuracies possible for soil carbon. 

Modeling accuracies for soil modeling of carbon within boreal regions in Canada tend to 

remain relatively low even for more recent studies (Beguin et al. 2017; Mansuy et al. 2014). 

Machine learning approaches with respect to random forest and support vector machines 

methodologies have been commonly adopted for digital soil mapping (Minasny et al. 2019; 

Suleymanov, Arrouays, and Savin 2024). However, there remains a need for further accuracy 

gain. Deeper machine learning modeling (Ke, Ren, and Yin 2024) compatible for smaller 

data sets as typical with regional digital soil mapping can be implemented to advance 

modeling accuracy for soil carbon. 
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ED neural networks (Ke, Ren, and Yin 2024; Q. Li et al. 2022) suitable for smaller data sets 

can be formulated and trained, consisting of both dense neural network (DNN) and 

convolutional neural network (CNN) structures. The ED neural networks can potentially 

boost modeling accuracy when compared to other machine learning or regression methods, 

to attain the best possible predictions for soil carbon. Quantile mapping (Maraun 2013) with 

respect to deciles has been investigated and provides additional insights regarding land 

covers and localities conforming to the highest uncertainties with modeling prediction. This 

can involve the quantification of prediction uncertainty as derived from an ensemble 

modeling approach from the various assessed models. 

(4) Develop a framework to integrate knowledge-based methods to improve digital soil 

mapping of carbon and associated properties. 

It is imperative to better discern physical drivers impacting soil properties. A variety of 

environmental covariates can be utilized as predictors (Chen et al. 2022; Nussbaum et al. 

2018) within digital soil mapping, with many of these covariates having been obtained from 

remote sensing technologies (Mulder et al. 2011). Numerous environment covariates can be 

utilized, even if ultimately only a few of those predictors fundamentally contribute to the soil 

modeling (Minasny et al. 2019). Consequently, there is a need to resolve the most important 

features in advance of soil modeling, particularly for integrated models so to elucidate 

interconnections between predictors and targeted soil properties.  

A framework can be devised to facilitate SEM (Angelini et al. 2016; Rappaport, Amstadter, 

and Neale 2020) for digital soil mapping. This can involve a multiapproach for establishing 

variable importance by reducing bias and calculating pairwise correlations between these 
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identified predictors so to minimize multicollinearity (Gokmen, Dagalp, and Kilickaplan 

2022). SEM can be implemented via a stepwise process, retaining only statistically 

significant predictors for the regression modeling of soil properties. Goodness of fit indices 

(Chen 2007) should be evaluated so to keep the SEM statistically sound. Finally, path 

analysis with SEM can determine the relative contributions of predictors in conjunction for 

an integrated model of soil properties. 

(5) Devise a method for processing vast quantities of LiDAR data for the construction of 

environmental covariates. 

The recent collection of LiDAR point cloud data presents prospects for deriving detailed 

environment covariates, whether relating to topography or forest structure (Takeshige et al. 

2025). However, the generation of covariates over the entire domain of study areas can be 

formidable challenge. There is an impetus for streamlined processing of point cloud data, to 

summarize essential information and compute rasterized covariates within relatively realistic 

timeframes. 

Structured query language (SQL) (Sumathi and Esakkirajan 2007) can be deployed to derive 

as well as calculate rasterized environmental covariates from LiDAR point cloud data. Such 

novel processing can generate a digital terrain model (DTM) or DEM that is more precise 

than the provincially available DEM for the corresponding study region. Moreover, a canopy 

height model (CHM) and a gap fraction can also each be computed for the overlying 

vegetation. These covariates can be used as predictors for both tree species classification and 

digital soil mapping.  
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All these aforementioned objectives are linked for fulfilling the goal of advancing methods 

for resolving the status of soil carbon in relation to vegetation and other attributes within the 

southern transition zone of northern Ontario’s boreal forest. The inferential analysis on the 

soil properties established significances of soil properties across cover types (An et al. 2022; 

Wu et al. 2023), supporting the prospect of this soil data constituting as ground truth for 

digital soil mapping work. In addition, certain tree species and land covers were associated 

with higher soil carbon concentrations, yielding support for tree species classification as 

vegetation is an important soil formation factor for soil properties (Minasny et al. 2019). 

Improved knowledge and prediction maps for specific tree species and vegetation covariates 

were incorporated as predictors with the digital soil mapping work, leading to improves with 

modeling accuracies. These covariates also improved accuracies for data-based methods, as 

well as comprehension of interconnection with predictors and soil properties for knowledge-

drive methods. To generate detailed vegetation and topographic covariates from LiDAR as 

necessary for the tree species classification and digital soil mapping work, SQL (Gaffney et 

al. 2022) was utilized to effectively generate these covariates for large study areas.   

In achieving these research objectives, firstly sufficient quantities of soil samples had to be 

retrieved from the ground via fieldwork. As a dearth of soil data with chemistry analysis 

measurements ensued for the study region, consequently soil samples had to be extracted and 

subsequently processed and analyzed. The soil samples were collected following a soil 

sampling methodology (Pittman and Hu 2024), which has been briefly explained and 

referenced in the chapter comprising the statistical inferential work for the soil samples. This 

soil sample data corresponded to ground truth measurements for the bulk of this research in 

this dissertation. Information pertaining to tree species was acquired from the Ontario Forest 
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Resources Inventory (FRI), to be regarded as observation data for the tree species 

classification.  

Various types of modeling were investigated for this research. This included inferential 

statistical approaches for soil properties, to machine learning classifiers for tree species 

classification. Furthermore, a variety of regression approaches were examined for soil 

property modeling. These consisted of conventional regression modeling methods, as well as 

more basic machine learning and deeper learning approaches. Regarding the processing for 

vast quantities of point cloud data, structured query language was implemented. 

This dissertation is organized as follows into seven chapters. The first chapter (this section) 

presents the motivation for this research concerning soil carbon with respect to land cover 

for a boreal study region, as well as discoursing the research goal and objectives. Chapter 

two pertains to the inferential statistical analysis regarding cover type for the collected soil 

samples. The tree species classification work for boreal settings is featured in the third 

chapter. Advancements with modeling accuracy for soil carbon as achieved by encoder-

decoder (ED) neural networks, with details on modeling formulations, are expanded on in 

the fourth chapter. Research pertaining to digital soil mapping as has been investigated 

through structural equation modeling (SEM) is explained in chapter five. Chapter six 

provides an overview of structured query language (SQL) with regard to deriving as well as 

computing rasterized environmental covariates from LiDAR point cloud data. Lastly, chapter 

seven summarizes the conclusions and highlights the contributions in reference to the 

research objectives. Limitations for the research work are also mentioned, and 

recommendations of best practices for digital soil mapping have also been imparted. 
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Suggestions for future work are discussed concerning improvements for both tree species 

classification and digital soil mapping within the boreal context.  
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2.1. Background 

Resolving carbon stocks in boreal regions is of great importance for researchers, especially 

for addressing impacts of carbon regarding land cover conversion regarding carbon 

sequestration (Boulanger et al. 2017; Fradette et al. 2021). Within boreal regions, it has been 

established that greater reserves of carbon can exist with the ground that within overlying 

vegetation (Minasny et al. 2019). Consequently, there is a need to determine the contents of 

carbon within soil and thus resolve the status of carbon by land cover type. As soil samples 

correspond to the ground truth of carbon, consequently, to measure carbon there needs to soil 

samples collected. In addition, associations between carbon with other soil properties 

typically exist (McBratney, Mendonça Santos, and Minasny 2003; Mulder et al. 2011), but 

these relationships can vary from study area to study area and may not be well-resolved for 

boreal regions. For those reasons, it can be advantageous in studying other soil properties in 

addition to carbon, to better understand characteristics pertaining to soil carbon.  

Many factors need to be considered for collecting an adequate amount of soil samples for 

digital soil mapping. Most importantly, enough samples should be extracted to represent the 

heterogeneity of soil properties within the study region. Additionally, there is an interest in 

resolving differences between soil properties between certain cover types. This information 

can be of relevance for the selection of environmental covariates to utilize as predictors for a 

subsequent digital soil mapping. Most of these predictors conform to environmental 

covariates that are primarily retrieved from remote sensing technologies (Minasny et al. 

2019; Mulder et al. 2011). Specifically, remote sensors can generally distinguish between 

land cover types (Mulder et al. 2011).  
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Inferential analysis by means of hypothesis testing can provide support in a statistical context 

of differences of soil carbon across various cover types, whether corresponding to land cover 

usage or dominant tree species. Typically, analysis of variance (ANOVA) has been employed 

for evaluating statistical difference between groupings (Fang et al. 2018; Simfukwe et al. 

2011; Suratno, Seielstad, and Queen 2009). However, certain assumptions are presumed for 

ANOVA, namely that a targeted property with respect to a population contends to a normal 

distribution (Driscoll 1996; Lantz 2013). This assumption is generally not valid for soil 

samples retrieved via field campaigns, as certain soil properties can be skewed in 

distributions or are collected from subplots that are clustered. Hence, there is a need for the 

implementation of more appropriate statistical approaches for hypothesis testing with soil 

samples data. The Kruskal-Wallis (KW) test (Bargagliotti and Greenwell 2015; Vargha and 

Delaney 1998) is a suitable alternative to ANOVA that can be adopted for clustered non-

normally distributed data. Specifically, the KW test is nonparametric and comparable to one-

way ANOVA testing (Bargagliotti and Greenwell 2015). The KW test assesses for 

differences with the median, without requiring data to be normally distributed (Vargha and 

Delaney 1998). As the KW test evaluates for significance with median rather than mean 

values, consequently it is less impacted by outliers in data (Lung-Yut-Fong et. al 2011) as 

therefore less likely to reject the null hypothesis and inflate significances (Bargagliotti and 

Greenwell 2015). can be the case with soil sampling data. All in all, the KW test is suitable 

for soil sampling data as the distributions of soil properties can be skewed and are generally 

unknown. 

For refined statistical analysis, generalized estimating equations (GEEs) (Jung 2008; Salazar 

et al. 2016) can resolve further inferences between distinct cover types without requiring 
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assumptions about normality for the underlying distributions of data. GEEs have been 

applied for assessing clinical trials within the medical sciences (Dahmen and Ziegler 2004; 

Salazar et al. 2016) for obtaining estimates for targeted properties. Advantages of GEEs 

include that the correct specification of distribution of the response variable need not be 

specified or known (Jung 2008, Dahmen and Ziegler 2004) and can be used on nested data 

(Zeger et al. 1988). To best available knowledge, GEEs have not been previously employed 

for inferential testing for data within soil science research. Furthermore, GEEs enable the 

possibility of more refined statistical testing between specific cover types, permitting more 

in-depth analysis for determining what specific cover types correspond to greater 

concentrations of soil carbon. On that account, the KW test and GEEs can be deployed for 

complementary statistical testing for corroborating inferences of soil properties regarding 

cover type. 

2.2. Study Region 

The study region of interest corresponds to what is colloquially referred to as the Great Clay 

Belt (GCB) of northern Ontario, situated within the District of Cochrane in Ontario, Canada. 

For this expanse, the longitudes range from approximately 80°40’ W – 84° W, over the 

latitudes of 49° N – 50° N. This region has been studied due to the risk of future land cover 

conversion within the southern transition zone of the boreal forest, whether through economic 

activities or climate change (Boulanger et al. 2017). Forestry and agriculture are important 

economic activities for this region, which has resulted in land cover changes. Furthermore, 

this study region is all situated within the GCB, which has unique sublevel soil characteristics 

differing from neighboring regions (Kroetsch et al. 2011). Study areas are focused along the 
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Ontario highway 11 corridor, and from the northwest to the southeast consist of Hearst, the 

Gordon Cosens Forest (GCF), Kapuskasing within the GCF, and Cochrane. The delineation 

of the study areas within the Great Clay Belt study area are depicted in Figure 2.1, with 

reference to the water bodies within the study region. 

 

Figure 2.1. Designated study areas within the Great Clay Belt (GCB) region. A: Reference 

of location for the study areas in the context of northern Ontario, Canada. B: Delineated study 

areas, showing more detailing regarding water bodies and coordinates. 

 

Geology of this region conforms to the Canadian Shield, with the land profile dotted with 

numerous lakes and rivers. The rivers flow principally on northeast trajectories towards 

James Bay in the Artic Ocean. Topography for this region is relatively flat at the landscape 

scale. Elevations vary from around 120 m in the northeast to a maximum of 350 m northwest 

of the community of Cochrane, with a gradual transition to elevations approximately 100 m 

higher across western portions. Regarding soil family for the deeper soil horizon layers, 

grayish luvisols are present throughout the study region (Kroetsch et al. 2011); hence the 

attribution to this region as the Great Clay Belt of northern Ontario. Other soils present 

include gleysols and mesisols within wetland localities (Kroetsch et al. 2011).  
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This area consists of a mixture of forested and agricultural land cover types, situating across 

the southern transition zone of the boreal forest. These include mature and secondary forests, 

as well as abandoned pastures with regrowth of trees, and wetlands intrinsically with lower 

canopies. Agricultural land tends to have no trees present and principally correspond to hay 

fields and croplands. Prevalent tree species comprise of black spruce (Picea mariana), 

balsam fir (Abies balsamea) and trembling aspen (Populus tremuloides). Other tree species 

present throughout this region consist of white spruce (Picea glauca), tamarack (Larix 

laricina) and balsam poplar (Populus balsamifera). Trees that are rare for this region include 

eastern white cedar (Thuja occidentalis) due to northern confines with climate, and jack pine 

(Pinus banksiana) which is impacted due to the presence of heavier clayey soil at sublayer 

depths. For agriculture, hay fields generally consist of brome grass (Bromus) mixed with 

either vetch (Vicia sativa) or red clover (Trifolium pratense). Typical crops that are seeded 

for the croplands are oats (Avena sativa) and barley (Hordeum vulgare), with varieties of 

canola (Brassica rapa, B. napus and B. juncea) being more commonly grown during the past 

few years. 

2.3. Soil Data 

Soil samples were collected from a variety of representative cover types within delineated 

study areas for the study region. To assess variation of samples within a sampling site, 

samples were obtained from 3 subplots for each site. Each site corresponded to one cover 

type, with the same dominant tree species noted for the subplots. These subplots were located 

at distances of 4.5 m, 7.5 m and 9.5 m at bearings of 0°, 120°, and 240° respectively, from 

the site center. In total, soil samples were extracted for 144 sites corresponding to 431 
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subplots. These samples were retrieved during three separate field campaigns in September 

2018 (12 sites), August 2019 (28 sites) and August–September 2021 (104 sites). For the study 

areas, this corresponded to 32 sites near Ryland for Hearst, 42 sites near Kapuskasing and 3 

sites near Fauquier-Strickland for the Gordon Cosens Forest (GCF), and 67 sites for 

Cochrane, respectively. As these soil properties were extracted within a three-year period 

and were collected over various cover types for each year, temporal differences between the 

sampling years were negligible. Soil chemistry properties can take decades or longer before 

major changes in compositions occur as soil properties likely correspond to logarithmic or 

square root of time relationships (McBratney, Mendonça Santos, and Minasny 2003). 

Furthermore, many studies consider soil samples collected over multiple years with legacy 

soil data (Minasny et al. 2019), so temporal differences in soil carbon measurements were of 

minor concern. Depicted in Figure 2.2 are the locations of the soil sampling sites, here with 

the backgrounds of the study areas corresponding to a canopy height model (CHM). 

For extraction, soil samples for chemistry properties were obtained at the mineral soil depths 

of 0–5 cm, 5–15 cm, 15–30 cm, 30–45 cm and 90–105 cm for the 2018 and 2019 field 

campaigns, but only for the 0–5 cm and 5–15 cm depth layers during the 2021 field campaign. 

Bulk density (BD) samples were extracted for all subplots for the 0–5 cm and 5–15 cm depth 

layers. At each subplot, pits were dug to the depth of around 30 cm for collecting samples. 

The BD samples were extracted via BD rings, with careful attention heeded for fully and 

consistently filling the BD rings. A soil auger was utilized for obtaining soil samples from 

the 30-45 cm and 90-105 cm depth layers.  
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Figure 2.2. Study areas and location of sampling sites, with canopy height model (CHM) [m] 

depicted within backgrounds of delineated study areas. Water bodies within region are also 

displayed. A: Cochrane study area, with insets focusing on clusters of sampling sites. B: 

Hearst, Gordon Cosens Forest (GCF) and Kapuskasing (within GCF) study areas, with insets 

focusing on clusters of sampling sites. 
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The property investigated for soil C corresponded to total carbon in mineral soil (Gao et al. 

2018; Laganière et al. 2013), which comprised of both organic carbon and inorganic carbon. 

Carbon concentration was of interest for the soil C measurements, as these were the C 

resolved from the laboratory analysis. Analysis for carbon stocks was avoided as carbon 

stocks required assumptions with profile depths and masses (Minasny et al. 2019) over 

deeper soil horizons. Due to the presence of roots for biological relevance (Gao et al. 2018) 

and general maximum carbon contents, the 5–15 cm depth layer was the focus of analysis 

for soil properties with this research. The profile of C concentration by mineral soil depth is 

shown in Figure 2.3, as obtained from the summary Table A.1 of all soil properties from 

Appendix A. 

 

Figure 2.3. Plot of total carbon (C) concentration [%] by depth. Note that vertical bars denote 

the depth layers (0–5 cm, 5–15 cm, 15–30 cm, 30–45 cm, and 90–105 cm). Number labels 

indicate the number of soil samples processed for C measurements at each depth layer. 

 

Once collected, all the soil samples had to be processed before analysis for measurements. 

Firstly, the samples were sufficiently air-dried for the duration of a couple of months. The 
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BD samples were further thermal dried in an oven at 110 °C for a minimum of 48 h. Once 

completely dry, these BD samples were pulverized and weighed, with coarse fragments of 

rocks and root material removed, so to calculate the mass per volume for the soil material. 

Regarding chemistry soil samples, these were processed to assess carbon (C) and nitrogen 

(N) contents by means of combustion methods (Gao et al. 2018). Textural components of 

clay, silt and sand were also resolved. Measurements for BD were reported in gram per cubic 

centimeter [g/cm3], whereas C, N and clay component were each noted in percentage points 

[%]. Carbon-to-nitrogen ration (C:N), here defined as C divided by N, was unitless. All the 

BD samples were processed in the Great Lakes Forestry Centre (GLFC) (Sault Ste. Marie, 

ON, Canada). The chemistry soil samples were processed and analyzed in the GLFC for 

samples collected during the 2018 field campaign, but all other samples were assessed by 

A&L Canada Laboratories Inc. (London, ON, Canada). 

To analyzing the soil data by cover types, the dominant tree species and land cover types 

were observed and noted for all the sampling sites. The purpose of this analysis was to 

perform analysis using only soil samples and site attributes observed and recorded within 

fieldnotes, prior to and independent of digital soil mapping work. Categories for the tree 

species groupings included balsam fir, balsam poplar, black spruce, larch, trembling aspen, 

white spruce, as well as a category for none. Groupings for land cover type consisted of 

abandoned field, crop field, hay field or pasture, old yard site or clearing, recently cleared 

land, secondary forest or woodlot, mature forest, and wetland. 
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2.4. Statistical Analysis 

A Two-step inferential analysis was implemented. The first step entailed the KW test to 

substantiate median differences of soil properties across the various land cover types and 

dominant tree species at site. This was followed by a second step involving GEEs to resolve 

refined estimates of mean differences of soil properties between specific cover types. For a 

final analysis, GEEs were also employed to estimate soil C content and associated confidence 

intervals based on clay content, land cover and tree species information. 

2.4.1. Kruskal-Wallis Test 

The Kruskal-Wallis (KW) test assessed for median differences among cover types, and the 

formula adopted for the KW test statistic (Johnson 2022; De Neve and Thas 2015) was 

𝐾 =  
12

𝑛(𝑛+1)
[∑ 𝑛𝑖 (𝑅̅𝑖 −

𝑛+1

2
)

2
𝑔
𝑖=1 ]. (2.1) 

Here, 𝑛 corresponded to the total number of observations, with 𝑔 the number of groupings 

with 𝑛𝑖 observations for grouping 𝑖, with 𝑅̅𝑖 the average rank of observations corresponding 

to grouping 𝑖. Average rank was computed as the arithmetic mean of the index ranking for 

all observations per grouping. For calculating the index ranking, all observations were 

arranged in increasing order from smallest to largest. The observation corresponding to the 

smallest value was assigned an index ranking of 1, with averages of respective rankings when 

there were two or more observations of the same value. Within the formula, the (𝑛 + 1) 2⁄  

term was regarded as an overall average of the assigned ranks (Johnson 2022). Hence, the 

KW test statistic was maximized when the absolute difference between the average rank of 

observations per grouping with respect to the overall average rank was greatest. Regarding 
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the null hypothesis, the KW test statistic approximated a 𝜒𝑔−1
2  (chi-squared) distribution with 

𝑔 − 1 degrees of freedom (Johnson 2022). 

The null hypothesis corresponded to the medians of the target soil property being the same 

across the various cover types. Contrarily, the alternative hypothesis conformed to the 

median of the target soil property of at least one cover type being different from the medians 

for other cover types. A hierarchical KW text was implemented for nested inferences 

accounting for the subplots. The nested null hypothesis was that for each cover type the sites 

had the same median value for the target soil property. Correspondingly, the nested 

alternative hypothesis was that this median value for at least one site was different. 

For the statistical analysis, the stats package in R (R Core Team 2012) was utilized for 

evaluating the KW test. The reportRmd package (Avery et al. 2023) was adopted for the 

hierarchical KW tests, for implementing both the unnested and nested assessments. 

Reporting thresholds for the level of significance with the p-values were marked with 

asterisks; 0.05 significance was noted with one asterisk, 0.01 significance with two asterisks, 

and 0.001 significance with three asterisks, accordingly. In addition, effect size regarding the 

eta-squared effect size (Cohen 1988; Richardson 2011) was reported for the unnested 

evaluations. The effect size assessed the strength of relationships regarding to practical 

significance that were less subjected to sample size (Hojat and Xu 2004). Eta-squared effect 

size was bounded from 0 to 1, with a greater practical significance imparted by a larger value 

(Cohen 1973; Richardson 2011). For interpretation (Cohen 1988; Richardson 2011), eta-

squared effect sizes of 0.01 conformed to a small effect, around 0.06 corresponded to a 

medium effect, and greater than 0.14 indicated a large effect. 
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2.4.2. Generalized Estimating Equations 

A GEE was adopted to obtain unbiased and consistent parameter estimates for a generalized 

linear model (Dahmen and Ziegler 2004; Zeger and Liang 1986), which was a more general 

form of a regression model. Brief background following the notation (Jung 2008) was 

presented. For response observations 𝒚𝑖 = (𝑦𝑖1, … , 𝑦𝑖𝑛𝑖
)

𝑇
 with 𝑛𝑖 measurements for subject 

𝑖 = 1, … , 𝑀, the covariate matrix was of form 𝑿𝑖 = (𝑿𝑖1, … , 𝑿𝑖𝑛𝑖
)

𝑇
 with dimension 𝑛𝑖 × 𝑝 

for 𝑝 covariate variables. In the context of soil samples, the sites corresponded to subjects 

and measurements to subplots as each subplot had a unique observation per target soil 

property. The means were E(𝑦𝑖𝑗) = 𝜇𝑖𝑗 and the variances were of form var(𝑦𝑖𝑗) = 𝜙𝑣(𝜇𝑖𝑗) 

with 𝜙 a scale parameter and 𝑣 a variance function. The goal was to calculate a 𝑝 × 1 vector 

of regression parameters 𝜷 = (𝛽1, … , 𝛽𝑝)
𝑇

 corresponding to covariate variables of the 

generalized linear model. For expressing the estimating equation (Jung 2008) conforming to 

𝑀 subjects the form was 

∑ (
𝜕𝝁𝑖

𝜕𝜷
)

𝑇
𝑀
𝑖=1 [𝑽𝑖(𝜶)]−1(𝒚𝑖 − 𝝁𝑖) = 𝟎𝑝. (2.2) 

Here, 𝑽𝑖 = 𝜙𝑨𝑖
1/2

𝑹𝑖(𝜶)𝑨𝑖
1/2

 was the variance matrix and 𝑨𝑖 was a diagonal matrix of 

dimension 𝑛𝑖 × 𝑛𝑖 with 𝑣(𝜇𝑖𝑗) for each j-th diagonal element. The working correlation 

matrix was 𝑹𝑖(𝜶) for the i-th subject (Zeger and Liang 1986), which consisted of 

hypothesized correlations between the response variables regarding an association parameter 

vector 𝜶 (Li 1997). A correct parametrization for the working correlation matrix did not need 

to be presumed (Li 1997; Salazar et al. 2016) as GEEs exhibited robustness to incorrect 

specifications of an initial correlation matrix (Salazar et al. 2016). Iteration by means of 
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weighted least-squares methods was exploited to solve the estimating equation, 

implementing moment estimators of 𝜙 and 𝜶 (Jung 2008) to ultimately solve for 𝜷. 

Univariable and multivariable formulations with either correlated or uncorrelated error 

structures were specified for approximating a likelihood function (Yan and Fine 2004) which 

was possible to remain unknown (Jung 2008). Regarding statistical inference for the fit of a 

GEE, the Wald test was utilized with the test statistic approximating an F-distribution for the 

null hypothesis (Fan and Zhang 2014). 

GEEs were utilized to evaluate for mean differences of a target soil property between two 

separate groupings. To assess for mean differences between cover types, Tukey’s honest 

significance test was used with test statistic for the null hypothesis corresponding to a 

studentized range distribution (Goeman and Solari 2022). For each pairwise difference, the 

null hypothesis conformed to the corresponding 𝛽 parameter for the mean difference equaled 

to zero; the alternative hypothesis being that this mean difference was not equaled to zero.  

For the analysis with GEEs, the geepack package (Højsgaard et al. 2006) in R was employed, 

which was facilitated by the reportRmd package (Avery et al. 2023). Univariable GEEs were 

adopted for the statistical inference of mean differences with soil C between the cover types. 

A multivariable GEE was employed to estimate soil C based on land cover, dominant tree 

species and clay percentage, as the multivariable model controlled for effects from more than 

one predictor. The coefficient of determination (R2) was reported for the fitting of the 

multivariate GEE. A larger R2 corresponded to a better model, as the R2 pertained to the 

variation proportion explicated by the model (Keskin and Grunwald 2018; Smith et al. 2017).   
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2.5. Results 

Tabulation summaries of the target soil properties with respect to dominant tree species for 

the samples have been depicted in Figure 2.4 using bar plots with standard errors. Further 

refinement including land cover type for the target soil properties is shown in Figure 2.5. 

Inspecting Figure 2.4, differences amongst the various dominant tree species are apparent, 

particularly for C, BD and clay percentage. The bar plots for C:N ratio are more consistent 

across the various tree species. When looking at the bar plots from Figure 2.5, differences 

between land cover types are more obvious. There are stark differences in soil C across the 

land cover types, with large differences also apparent for BD and clay percentage. In 

particular, land cover types with higher C tend to have lower BD, and vice versa. These 

appreciable differences between land cover and tree species, are an impetus for establishing 

significance for these interactions with respect to statistical inference. Specifically, mean 

differences between land cover and tree species pairings are the subject for the GEE statistical 

inference.  

Statistical significance for each target soil property across the dominant tree species 

groupings, as well as by land cover type, was established by the KW test in Table 2.1 and 

Table 2.2, respectively. Note that one decimal place of precision was used for reporting 

results for C, clay percentage and C:N, as C and clay percentage corresponded to percentages, 

and C:N was a ratio value ranging from less than 10 to more than 25 as observed in Figure 

2.5. However, two decimal place precision was retained for BD results as BD only ranged 

from 0 to no more than 3 g/cm3 indicated in Figure 2.5 and Table 2.1 and Table 2.2. None of 

the nested p-values were significant, indicating that no statistical median differences were 
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inferred for any of the soil properties between subplots. Regarding effect size, all statistical 

inference had larger effects except for clay percentage with respect to dominant tree species, 

or for C:N by either dominant tree species or land cover type. Nonetheless, effect sizes were 

still moderate for all these noted exceptions. 

 

Figure 2.4. Bar plots of mean values soil properties, with standard errors indicated, by 

dominant tree species present at site for A: total carbon (C), B: carbon-to-nitrogen ratio 

(C:N), C: clay component, and D: bulk density (BD). 
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Figure 2.5. Bar plots of mean values soil properties, with standard errors indicated, as 

summarized by dominant tree species present and land cover for A: total carbon (C), B: 

carbon-to-nitrogen ratio (C:N), C: clay component, and D: bulk density (BD). 
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Table 2.1. Summaries of soil properties for median values by dominant tree species present at site. Statistical inference for the unnested 

p-values and effect size and by nested p-values are both resolved from the Kruskal-Wallis (KW) test.  

Soil Property 

Full Sample Balsam Fir 
Balsam 

Poplar 

Black 

Spruce 
Larch None 

Trembling 

Aspen 

White 

Spruce 
Unnested Nested 

(n = 431) (n = 39) (n = 54) (n = 36) (n = 36) (n = 180) (n = 63) (n = 23) 
Effect 

Size 
p-Value p-Value 

C [%] 4.3 5.8 7.9 23.4 3.2 3.0 7.1 4.2 0.15 <0.001 *** 0.88 

C:N 16.0 17.7 17.8 20.5 13.3 15.1 17.7 13.1 0.07 <0.001 *** 0.88 

Clay [%] 27.0 25.1 20.0 14.0 29.0 29.0 21.0 32.6 0.11 <0.001 *** 0.90 

BD [g/cm3] 1.31 1.01 1.15 0.33 1.37 1.50 1.06 1.22 0.18 <0.001 *** 0.74 

 

 

Table 2.2. Summaries of soil properties for median values by land cover type at site. Statistical inference for the unnested p-values and 

effect size and by nested p-values are both resolved from the Kruskal-Wallis (KW) test. 

Soil Property 

Full 

Sample 

Abandoned 

Field 

Crop 

Field 

Hay 

Field/ 

Pasture 

Mature 

Forest 

Old Yard 

Site/ 

Clearing 

Recently 

Cleared 

Land 

Secondary 

Forest/ 

Woodlot 

Wetland Unnested Nested 

(n = 431) (n = 74) (n = 42) (n = 75) (n = 48) (n = 9) (n = 24) (n = 138) (n = 21) 
Effect 

Size 
p-Value p-Value 

C [%] 4.3 4.6 2.6 2.8 5.2 2.4 3.9 6.2 40.6 0.28 <0.001 *** 0.93 

C:N 16.0 15.3 15.7 13.8 17.5 11.4 16.1 16.6 23.6 0.11 <0.001 *** 0.80 

Clay [%] 27.0 28.0 32.0 29.0 22.5 24.0 28.0 25.0 4.0 0.18 <0.001 *** 0.75 

BD [g/cm3] 1.31 1.32 1.71 1.59 1.08 1.91 1.34 1.11 0.22 0.33 <0.001 *** 0.92 

 



 
30 

Inferential analysis with GEEs for mean differences in total carbon (C) are reported in Table 

2.3 with respect to dominant tree species and Table 2.4 regarding land cover type, 

respectively. From Table 2.3, there is evidence to support that the presence of black spruce 

corresponds to larger amounts of soil C than for other tree species. Notably, the estimate of 

the mean difference with soil C for black spruce minus the no tree present category (i.e. none) 

is positive and significant with a p-value < 0.05, indicating that black spruce plots contain 

more soil carbon. The difference of mean soil C for white spruce minus black spruce is 

negative with a p-value < 0.01 regarding significance, inferring that black spruce conforms 

to more soil C than white spruce. There is also evidence to suggest that plots with balsam 

poplar also correspond to more soil C, as the difference of mean soil C for white spruce minus 

balsam poplar is negative with a p-value < 0.05. For the GEE analysis regarding land cover 

types in Table 2.4, there are distinct differences in soil C for certain land covers. There exists 

more soil C in wetlands than in almost any other land cover type, with p-values < 0.001. In 

addition, each of secondary forest and mature forest have mean differences of soil C between 

either crop fields or old yard sites with p-values < 0.05 for significance.  
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Table 2.3. Estimates of mean differences in total carbon (C) between groupings regarding dominant tree species, as resolved by 

generalized estimating equations (GEEs). Confidence interval (CI) bounds, standard errors and p-values for significance are reported. 

Comparison Estimate 
Confidence Bound 

Lower 95% 

Confidence Bound 

Upper 95% 

Standard 

Error 
p-Value 

 [%] [%] [%]   

Balsam Fir — None 8.70 −3.81 21.20 4.34 0.370 

Balsam Poplar — None 8.42 −0.66 17.50 3.15 0.088 

Black Spruce — None 15.63 2.00 29.26 4.73 0.014 * 

Larch — None 0.95 −9.03 10.93 3.46 1.000 

Trembling Aspen — None 3.06 −1.79 7.91 1.68 0.492 

White Spruce — None −1.07 −5.70 3.56 1.61 0.993 

Balsam Poplar — Balsam Fir −0.27 −15.15 14.61 5.17 1.000 

Black Spruce — Balsam Fir 6.93 −11.09 24.95 6.25 0.912 

Larch — Balsam Fir −7.75 −23.19 7.70 5.36 0.744 

Trembling Aspen — Balsam Fir −5.64 −18.38 7.11 4.42 0.841 

White Spruce — Balsam Fir −9.77 −22.43 2.90 4.40 0.248 

Black Spruce — Balsam Poplar 7.20 −8.63 23.04 5.50 0.822 

Larch — Balsam Poplar −7.48 −20.31 5.35 4.45 0.589 

Trembling Aspen — Balsam Poplar −5.36 −14.77 4.04 3.27 0.614 

White Spruce — Balsam Poplar −9.49 −18.79 −0.20 3.23 0.042 * 

Larch — Black Spruce −14.68 −31.05 1.69 5.68 0.111 

Trembling Aspen — Black Spruce −12.57 −26.42 1.29 4.81 0.102 

White Spruce — Black Spruce −16.70 −30.47 −2.92 4.78 0.007 ** 

Trembling Aspen — Larch 2.11 −8.17 12.39 3.57 0.996 

White Spruce — Larch −2.02 −12.20 8.16 3.53 0.997 

White Spruce — Trembling Aspen −4.13 −9.37 1.11 1.82 0.225 
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Table 2.4. Estimates of mean differences in total carbon (C) between groupings regarding land cover type, as resolved by generalized 

estimating equations (GEEs). Confidence intervals (CI) bounds, standard errors and p-values for significance are reported. 

Comparison Estimate 

Confidence 

Bound Lower 

95% 

Confidence 

Bound Upper 

95% 

Standard 

Error 
p-Value 

 [%] [%] [%]   

Abandoned Field — Mature Forest −4.54 −16.64 7.57 4.17 0.940 

Crop Field — Mature Forest −10.33 −20.53 −0.12 3.51 0.045 * 

Hay Field/Pasture — Mature Forest −9.21 −19.53 1.12 3.55 0.116 

Old Yard Site/Clearing — Mature Forest −11.40 −21.57 −1.24 3.50 0.017 * 

Recently Cleared Land — Mature Forest −3.19 −19.64 13.26 5.66 0.999 

Secondary Forest/Woodlot — Mature Forest −3.15 −14.02 7.72 3.74 0.985 

Wetland — Mature Forest 22.94 10.49 35.39 4.28 <0.001 *** 

Crop Field — Abandoned Field −5.79 −12.46 0.88 2.29 0.138 

Hay Field/Pasture — Abandoned Field −4.67 −11.52 2.18 2.36 0.412 

Old Yard Site/Clearing — Abandoned Field −6.87 −13.48 −0.26 2.28 0.036 * 

Recently Cleared Land — Abandoned Field 1.35 −13.18 15.87 5.00 1.000 

Secondary Forest/Woodlot — Abandoned Field 1.38 −6.27 9.03 2.63 0.999 

Wetland — Abandoned Field 27.48 17.72 37.23 3.36 <0.001 *** 

Hay Field/Pasture — Crop Field 1.12 −0.99 3.23 0.73 0.719 

Old Yard Site/Clearing — Crop Field −1.08 −2.19 0.04 0.38 0.065 

Recently Cleared Land — Crop Field 7.14 −5.84 20.12 4.47 0.682 

Secondary Forest/Woodlot — Crop Field 7.17 3.17 11.18 1.38 <0.001 *** 

Wetland — Crop Field 33.27 26.00 40.53 2.50 <0.001 *** 

Old Yard Site/Clearing — Hay Field/Pasture −2.20 −4.12 −0.28 0.66 0.014 * 

Recently Cleared Land — Hay Field/Pasture 6.02 −7.05 19.09 4.50 0.841 

Secondary Forest/Woodlot — Hay Field/Pasture 6.05 1.75 10.36 1.48 0.001 ** 

Wetland — Hay Field/Pasture 32.15 24.72 39.58 2.56 <0.001 *** 

Recently Cleared Land — Old Yard Site/Clearing 8.22 −4.73 21.17 4.46 0.507 

Secondary Forest/Woodlot — Old Yard Site/Clearing 8.25 4.34 12.16 1.35 <0.001 *** 

Wetland — Old Yard Site/Clearing 34.34 27.13 41.55 2.48 <0.001 *** 

Secondary Forest/Woodlot — Recently Cleared Land 0.04 −13.47 13.55 4.65 1.000 

Wetland — Recently Cleared Land 26.13 11.32 40.93 5.09 <0.001 *** 

Wetland — Secondary Forest/Woodlot 26.09 17.92 34.27 2.81 <0.001 *** 
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GEEs were also employed to estimate soil C using just clay component, dominant tree species 

and land cover type as predictors. Both univariable and multivariable formulations were 

utilized, with results reported in Table 2.5. Here, crop field was set as the reference land 

cover type, with none (i.e. no tree present) set as the reference dominant tree species 

grouping. The estimate for clay was negative, as in general land cover types with more clay 

had lower soil C, as seen in Figure 2.3. The multivariable results were less significant than 

those from the univariable model. Nonetheless, the multivariable GEE fit still attained a R2 

of 0.59, indicating that GEEs feasibly estimated soil C utilizing a model formulation based 

only on clay component, dominant tree species and land cover type. 
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Table 2.5. Estimates for total carbon (C) as formulated for generalized estimating equations (GEEs) considering clay component, land 

cover type and dominant tree species grouping for both univariable and multivariable models. Corresponding 95% confidence intervals 

(CIs) and p-values are noted. 

  Univariable Multivariable 

Predictor 

Number of   

Samples 
Estimate and 95% CI 

p-Value 
Estimate and 95% CI 

p-Value 

(n) [%] [%] 

Clay 424 −0.67 (−0.74, −0.60) <0.001 *** −0.48 (−0.59, −0.37) <0.001 *** 

Land Cover Type 431  <0.001 ***  <0.001 *** 

- Crop Field 42 Reference  Reference  

- Abandoned Field 74 5.46 (1.28, 9.64) 0.01 * 2.35 (−1.02, 5.72) 0.17 

- Hay Field/Pasture 75 0.88 (−3.28, 5.05) 0.68 −0.59 (−2.71, 1.53) 0.58 

- Mature Forest 48 9.57 (5.00, 14.14) <0.001 *** 1.85 (−4.11, 7.81) 0.54 

- Old Yard Site/Clearing 9 −0.94 (−8.88, 7.01) 0.82 −5.79 (−8.74, −2.85) <0.001 *** 

- Recently Cleared Land 24 6.39 (0.85, 11.92) 0.02 * 4.74 (−2.77, 12.25) 0.22 

- Secondary Forest/Woodlot 138 7.70 (3.88, 11.51) <0.001 *** 2.68 (−1.40, 6.76) 0.2 

- Wetland 21 32.98 (27.20, 38.76) <0.001 *** 18.00 (11.43, 24.56) <0.001 *** 

Dominant Tree Species 431  <0.001 ***  0.16 

- None 180 Reference  Reference  

- Balsam Fir 39 6.91 (2.76, 11.06) 0.001 ** 1.17 (−5.08, 7.43) 0.71 

- Balsam Poplar 54 9.49 (5.84, 13.14) <0.001 *** 2.96 (−3.11, 9.04) 0.34 

- Black Spruce 36 15.45 (11.15, 19.74) <0.001 *** 7.42 (0.86, 13.99) 0.03 * 

- Larch 36 0.44 (−3.85, 4.73) 0.84 0.71 (−3.12, 4.55) 0.71 

- Trembling Aspen 63 3.55 (0.11, 7.00) 0.04 * −1.31 (−5.56, 2.95) 0.55 

- White Spruce 23 −1.63 (−6.84, 3.57) 0.54 −0.76 (−4.85, 3.33) 0.72 
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2.6. Discussion 

The differences of soil C between the various land cover types in Table 2.4 are apparent. Due 

to these contrasts with C, environmental covariates relating to land cover types could likely 

be useful as predictors for digital soil mapping of C. These environmental covariates can be 

generated from data that has been obtained from remote sensing technologies, to distinguish 

different land cover types. A canopy height model (CHM) can resolve differences in height 

between agricultural land with low CHM, versus high CHM for forested tracts. The 

normalized difference vegetation index (NDVI) can also be important as this index can 

differentiate between vegetation types. Topographic covariates relating to hydrology can also 

be of consequence, as noted in Table 2.4 the wetlands contain the greatest C. Thus, the results 

of the inferential statistical analysis yields support for the selection of environmental 

covariates to differentiate by land cover type and tree species type, that can be applied as 

predictors for a related digital soil mapping. 

The KW and GEEs conformed to distinct assessments (Vargha and Delaney 1998) in 

establishing significance for differences of soil properties with respect to cover types. 

Specifically, the KW test evaluated median differences, whereas mean differences were 

resolved by GEEs. With regards to the distribution of soil properties, the median was a more 

appropriate metric than the mean as some soil properties were skewed and consisted of 

outliers. The variation of soil properties across cover types was obvious from inspecting the 

bar plots in Figures 2.4 and 2.5, thus assessing for median differences across cover types was 

more suitable. Regarding refined analysis between specific pairings of cover types, outliers 

were less of an issue for comparisons between two cover types. GEEs resolved significance 
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for mean differences of C between pairings of cover types. Thus, establishing significances 

from both median and mean differences were substantiating, warranting the two-step 

inferential analysis approach adopted for this research. 

GEEs can also be adapted to infer estimates of soil C for legacy soil sample data. For the 

vicinity of this study region, the Ontario Forest Resources Inventory (FRI) has extracted soil 

samples for over one thousand sites (Paloniemi 2018). Soil texture family has been resolved 

for those collected soil samples. A texture ternary diagram (Dexter 2004) can assign soil 

texture family when the corresponding components of silt, sand and clay are measured. 

Conversely, bounds for clay component can be determined when soil texture family is 

known. As GEEs have been fitted to estimate soil C concentrations using clay component, 

dominant tree species and land cover type as reported in Table 2.5, these GEEs can possibly 

be extrapolated to estimate C for legacy sites. Even though this sort of modeling can only 

yield estimates for soil C, nonetheless this approach can facilitate application to an order of 

magnitude of more sites with soil data. 

2.7. Summary 

• Statistical analyses via the KW test and GEEs were appropriate for smaller sample 

sizes with skewed distributions of soil properties. 

• Two-step process was practical for resolving statistical inference, firstly with the KW 

test ascertaining median differences across the cover types, followed by more refined 

analysis for mean differences between specific cover types as by adapting GEEs. 
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• KW test established statistical significance for all target soil properties across the 

various cover types, corroborating that a sufficient number of soil samples were 

extracted for the purposes of digital soil mapping. 

• Statistical significance for nested differences at the subplot level were not established. 

This warranted support for digital soil mapping at a site level, through the application 

of environmental covariates of 30 m spatial resolution with one pixel encompassing 

all subplots for a site. 

• Wetlands contain significantly more soil C than other land cover types. Similarly, 

forested land cover types contain more soil C than non-forested land cover types. For 

digital soil mapping, this suggests that environmental covariates that differentiate 

between various land cover types should be considered for soil modeling. 

• Evidence from statistical inference that sites with black spruce contain more soil C 

than other tree species, with lesser statistical significance that sites with balsam poplar 

also contain more soil C. This corroborates the inclusion of tree species indicators as 

predictors for digital soil mapping of C.   

• GEEs can be employed to estimate soil C for legacy soil sample data where clay 

percentage (in relation to soil texture family), dominant tree species and land cover 

type at site are noted. 
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Chapter 3 

Impact of Topographic Features and Prediction 

Uncertainty for Tree Species Classification 

 

Research presented in this chapter has been published in the journal paper: 

2 Pittman, R. and B. Hu., 2023. “Contribution of Topographic Features and Categorization 

Uncertainty for a Tree Species Classification in the Boreal Biome of northern 

Ontario.” GIScience and Remote Sensing 60(1): 1–21. 

https://doi.org/10.1080/15481603.2023.2214994. 

  

 
2 I want to thank the publisher Taylor & Francis and the coauthor who have permitted me to 

reuse this article in my dissertation.  
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3.1 Background 

Tree species classification for natural forested areas often requires a sufficiently large study 

area so to obtain adequate representation of endemic tree species and settings. As a product 

of tree species classification, tree species maps have been an objective for research studies in 

the boreal forest in Canada (Beaudoin et al. 2018) and as well as for temperature forests 

(Modzelewska, Fassnacht, and Stereńczak 2020; Zhu and Liu 2014). Generally, these studies 

have adopted pixel-based approaches for classification. Object-based approaches have been 

employed when demarcation or modeling of characteristics of individual trees is of 

importance (Fassnacht et al. 2016; Wang, Wang, and Liu 2018). This necessitates very high 

spatial resolution imagery for resolving features (Franklin 2018), which is often collected 

from unmanned aerial vehicles (UAVs) or drones and consequently are limited to study areas 

of a few km2 or less (Natesan, Armenakis, and Vepakomma 2020). Regions of research 

interest for natural forested domains commonly well exceed that extent, hence object-based 

approaches are typically not feasible due to data and computational constraints, warranting 

pixel-based approaches for tree species classification. 

Tree species and topography are linked in the context of an autecological concept for the 

boreal forest in eastern Canada (Denneler, Bergeron, and Bégin 1999; Kulha et al. 2019). 

Within natural forested areas, local topography can shape exposure considerations and some 

soil attributes, consequently impacting the overlying vegetation and governing what tree 

species grow (Denneler, Bergeron, and Bégin 1999). Topography consists of local and 

landscape scale morphometry, hydrological considerations and landscape exposure (Franklin 

2020; Heung et al. 2016). Studies dating back previous decades (Stage 1976; Strahler, Logan, 
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and Bryant 1978) have investigated the adoption of topographic features for vegetation 

mapping. Topographic features that have been included in earlier studies for tree species 

classification involve shaded hillside (Pitkänen 1998), slope characteristics and aspect 

(Thomas and Anderson 1993), and slope inclination and fetch along with elevation, aspect 

and exposure (Denneler, Bergeron, and Bégin 1999). Generally, within existing studies, basic 

topographic features have been utilized when study areas contend with appreciable variations 

of elevation. Interconnections between tree species and topography are more evident in 

mountainous terrain (Chiang and Valdez 2019; Dalponte, Bruzzone, and Gianelle 2012). 

However, more research is required for the application of topographic features for domains 

that are relatively flat at the landscape scale. Light detection and ranging (LiDAR) data 

(Airborne Imaging 2018) can be exploited to derive topographic features of finer spatial 

resolution, facilitating detailed features for localities conforming to various settings of a 

natural forested area. Moreover, topographic features relating to other morphometry and 

hydrological considerations rather than just basic features should be applied for tree species 

classification. 

Uncertainty estimates with classification mapping should be investigated (Fassnacht et al. 

2016; Minasny et al. 2019). Typically, uncertainty with vegetation classification has been 

reported by confusion matrices with overall accuracy and Cohen’s kappa score (Dalponte et 

al. 2015; Fassnacht et al. 2016; Sheeren et al. 2016). Nonetheless, metrics should be adopted 

for gauging classification uncertainty for individual pixels of a prediction map. Entropy from 

posterior probabilities for all category groupings can be computed as a metric for 

classification uncertainty (Pittman, Hu, and Webster 2021). However, an entropy that has 
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been calculated from just the categories with highest posterior probabilities can be 

formulated, to better assess entropy with regard to the contending categories. 

3.2. Materials and Methods 

3.2.1. Study Region 

The research area corresponds to part of the Abitibi River Forest (ARF) surrounding the 

community of Smooth Rock Falls, within the District of Cochrane in Ontario, Canada. This 

area is located between the latitudes of 81.55° W – 81.80° W, and from latitudes of 49.15° N 

– 49.35° N. In reference to other delineated study areas, the ARF is situated between the 

Gordon Cosens Forest (GCF) and Cochrane study areas, regarding depiction in Figure 2.1. 

This area is mostly forested, consisting of representative expanses of boreal forest. Clearings 

for roadways, a railway and utility lines are present. Topography is relatively flat at the 

landscape scale, varying from 210 m in the north to around 280 m in southern portions. An 

assortment consisting of wetlands, low hills and a river valley are present in the 4 delineated 

study areas, that amount to a combined area of 108 km2. 

Mature tree stands of primary forest are predominant in these study areas, with secondary 

forest being encountered along the confines of the study areas resulting from previous 

logging activities. The dominant tree species are black spruce (Picea mariana) and balsam 

fir (Abies balsamea). Other endemic tree species include trembling aspen (Populus 

tremuloides), white spruce (Picea glauca), balsam poplar (Populus balsamifera), tamarack 

(Larix laricina) and eastern white cedar (Thuja occidentalis). The wetlands essentially only 

consist of stunted black spruce, with tamarack along the periphery of wetland expanses. 
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Taller black spruce is also present in dominant stands in non-wetland environments. Balsam 

fir is typically interspersed with other tree species such as trembling aspen, with trembling 

aspen commonly growing nearby balsam poplar in groves. Along river valleys or streams in 

upslope positions is where white spruce tends to subsist. Eastern white cedar is relatively rare 

in this region as this corresponds to its northerly bounds within Ontario, Canada.  

3.2.2. Field Data 

Tree species composition data was acquired from the Ontario Forest Resources Inventory 

(FRI) (Paloniemi 2018). In total, tree species information was obtained for 200 sites. Each of 

these sites existed at the position of 90 m into a 200 m long transects, with tree species 

composition noted at site. This was ascertained by the counting of all the trees over 2 m in 

height at the site, from which a composition of tree species was recorded (Paloniemi 2018). 

Only tallies consisting of living trees were considered; dead trees and trees without green 

foliage or live buds were omitted from the counts (Paloniemi 2018). The delineated study 

areas along with locations of the FRI sites allocated regarding training and validation, are 

shown in Figure 3.1. Within this figure, the background of the study areas corresponded to 

true-color composition WorldView-2 (WV2) imagery acquired for August 10th, 2014. 
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Figure 3.1. Study areas within the Abitibi River Forest (ARF) for tree species classification, 

denoting Forest Resources Inventory (FRI) sites regarding model training and validation. The 

background corresponds to true-color composite WV2 imagery for August 10th, 2014. 

Markings on the grid conform to the NAD 1983 (2011) UTM zone 17 N coordinate 

projection. 
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For the tree species categories, pure stands were assigned for sites where a tree species 

consisted of at least 70% composition of the trees at the site (Bravo-Oviedo et al. 2014). 

When a dominant tree species conformed to at least 50% of trees at site, but less than 70%, 

then a mixed category involving that tree species was considered. Counts for the composition 

of tree species groupings as summarized by a pie chart have been presented in Figure 3.2. 

Regarding tree species composition, sites with balsam fir as dominant were all mixed sites, 

as essentially there were no pure stands for balsam fir. All in all, 104 sites conformed to pure 

stands with counts of 6, 5, 86 and 7 sites for eastern white cedar (Cw), tamarack (La), black 

spruce (Sb) and white spruce (Sw), accordingly. Trembling aspen and balsam poplar were 

combined into a category denoted as populus (P) which consisted of 5 sites. Mixed stands 

comprised of a dominant tree species constituting the majority of trees corresponded to 57 

sites for balsam fir (Mix-Bf) and 10 sites for black spruce (Mix-Sb). The mixed (Mix) 

grouping was reserved for the remaining 24 sites where no tree species formed a majority. 

 

Figure 3.2. Composition of the Forest Resources Inventory (FRI) sites within the Abitibi 

River Forest (ARF) study area, as depicted by tree species grouping. 
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3.2.3. Feature Covariate Data 

Features were processed from remote sensing data corresponding to LiDAR and 

multispectral surface reflectance. Finer scale features of 2 m spatial resolution were 

computed. In total, 22 different features were generated and utilized for the modeling, 

consisting of 8 multispectral surface reflectance, a panchromatic image, 2 normalized 

difference indices, a canopy height model (CHM), and 10 topographic features. The full 

listing of predictors used for the tree species classification modeling is shown in Table B.1 

in Appendix B. 

The LiDAR data was acquired from Land Information Ontario (LIO) within the Ontario 

Ministry of Natural Resources (MNR). This corresponded to point-cloud data collected via 

airborne LiDAR during October 2016 and September 2017 by means of a Leica ALS70-HP 

sensor (Airborne Imaging 2018). Information for the following specifications of the LiDAR 

sensor and retrieval settings were excerpted from the corresponding technical report 

(Airborne Imaging 2018) for the retrieval acquisition of that LiDAR data. For the airborne 

LiDAR retrieval, the corresponding flight paths were roughly 1000 m above the ground 

surface, with single pass swath widths of 690 m with 20% overlap for the retrieval of the 

LiDAR. The LiDAR sensor was attuned for a scan frequency of 53 Hz, a scan pulse rate 

frequence of 500 kHz, and an effective scan angle field of view of 38°. Regarding retrievals, 

the LiDAR data consisted of up to 4 returns per retrieval with a point density of 

approximately 8 points per m2.  

From the LiDAR data, rasterized covariates of a digital surface model (DSM), digital terrain 

model (DTM) and CHM of 2 m spatial resolution were generated. The CHM was calculated 
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as the difference between the DSM and DTM. More specifics on the derivation and 

computation of these covariates were provided in Section 6.2 of this dissertation. For 

processing topographic features from the DTM, System for Automated Geoscientific 

Analyses Geographic Information System (SAGA GIS) (Conrad et al. 2015) software was 

utilized. These features corresponded to considerations for terrain analysis, morphometry and 

topographic openness. Specifically, the topographic features generated were aspect, channel 

network distance, closed depressions, multi-resolution ridge top flatness (MRRTF), multi-

resolution valley bottom flatness (MRVBF), negative openness, relative slope position, 

topographic wetness index (TWI), total catchment area and valley depth. 

Optical imagery comprising of surface reflectance was bought from Maxar for the 

WorldView-2 (WV2) satellite. A scene with less than 2% cloud coverage during a period of 

peak vegetation was acquired for the date of August 10th, 2014. Surface reflectance was 

obtained for coastal (400 – 450 nm), blue (450 – 510 nm), green (510 – 580 nm), yellow (585 

– 625 nm), red (630 – 690 nm), red edge (705 – 745 nm), near infrared I (NIR1) (770 – 895 

nm), near infrared II (NIR2) (860 – 1040 nm) and panchromatic (450 – 800 nm) bands 

(Digital Globe 2016). The multispectral bands were of 2 m spatial resolution, and the 

panchromatic band was resampled to a spatial resolution of 2 m. After reprojection and co-

registration with the rasterized imagery generated from LiDAR, the WV2 imagery was 

orthorectified with the LiDAR-derived DSM. A normalized difference vegetation index 

(NDVI) and a modified normalized difference water index (NDWI) using the NIR2 band 

(Liuzzo et al. 2020) were each generated utilizing the respective surface reflectance bands. 
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3.2.4. Modeling 

The tree species classification was achieved using random forest (RF) and support vector 

machine (SVM) approaches. Stratified random sampling was employed to split the data 70:30 

between training and validation sets, allocating 143 sites for training and 57 sites for 

validation, accordingly. This was enacted so to keep sites used for validation separate from 

those assigned for training, to prevent the inflation of modeling accuracy metrics regarding 

evaluation purposes. For the modeling, a 10-fold cross validation with 3 replicates was 

implemented. RFs were fitted with the number of trees set as 1000. The mtry parameter for 

the selection of randomly predictors for each node was set to 5, so to be no higher than the 

integer rounded square root of the number of features (i.e. 22). For comparison purposes, 

radial-basis SVMs were also utilized for modeling. With the SVMs, the turning cost 

parameter was varied across 0.25, 0.5, 1, 2, 4, 8, 16, 32, 64 and 128, and the kernel width 

(sigma) parameter was ranged from 0.005 to 0.05. The caret package (Kuhn 2008) in R was 

employed for the fitting of the RF and SVM models.     

Variable importance was gauged by mean decrease in Gini with the RF model, as well as by 

receiver operating characteristic (ROC) curve analysis (Kuhn 2007). The variable importance 

ascertained from the RF was implemented for a feature reduction, whereas that from ROC 

curve analysis was conducted for comparison purposes. A larger mean decrease in Gini 

conformed to a higher variable importance ranking for the RF, with a larger area under the 

ROC curve corresponding to a higher measure of variable importance. The variable 

importance rankings from these two methods were then compared, with the expectation that 

important predictors were ranked similarly by both methods. To mitigated effects of 
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multicollinearity, just the top 10 predictors with the highest ascertained mean decrease in 

Gini from the RF were retained.  

For model assessment, accuracy was resolved at both a pixel level and a site level. The 

percent correct classification (PCC) and Cohen’s kappa statistic were each evaluated. PCC 

corresponded to overall accuracy with respect to the portion correct with prediction, ranging 

from 0 to 1, with the closer the value to 1 then the more accurate the prediction. Cohen’s 

kappa score factored by-chance agreement and misclassification occurrence (Kuhn 2008), 

with the kappa score varying from -1 to 1 (Cohen 1960; McHugh 2012). For kappa score, 1 

signified perfect agreement, 0 indicated agreement being the same as by chance, and negative 

scores denoted agreement as worse than that arising by chance (Cohen 1960; Monserud and 

Leemans 1992). Regarding model assessment, kappa scores less that 0.4 signified poor to at 

best fair agreement, between 0.4 to 0.8 implied moderate to substantial agreement, and 

greater than 0.8 indicated strong agreement (Brungard et al. 2015; McHugh 2012). Confusion 

matrices for both model fitting and validation, respectively, were reported. Producer’s 

accuracy (PA) and user’s accuracy (UA) were calculated for these confusion matrices to 

assess individual class accuracies for each tree species grouping. 

3.2.5. Prediction Uncertainty 

Entropy maps were computed to evaluate uncertainty with prediction. These measures were 

calculated per pixel of a prediction map for the corresponding study areas, from the posterior 

probabilities of prediction for the trained models. In this case, these probabilities 

corresponded to categorial assignment for tree species grouping. The entropy (Roulston and 

Smith 2002; Zhu 1997) with prediction for each pixel was calculated as 
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 𝐻 =  
−1

ln(𝑛)
∑ 𝑝𝑘 ∙ ln(𝑝𝑘)𝑛

𝑘=1  . (3.1) 

Here, 𝑝𝑘 corresponded to the probability of assignment to class 𝑘, out of 𝑛 different classes. 

Each of these probabilities were bounded as 0 ≤ 𝑝𝑘 ≤ 1, with probabilities over all classes 

per each pixel summing to one. The computing of these posterior probabilities varied by 

modeling method. With the RFs, these probabilities were calculated from the proportion of 

trees that assigned categorization, i.e. voted, for each according class (Sage, Genschel, and 

Nettleton 2020). As for the SVM, a secondary Platt model approximated posterior 

probabilities by means of a sigmoid function (Lin, Lin, and Weng 2007). The form of entropy 

as defined in equation (3.1) conformed to Shannon’s entropy (Kumar, Kumar, and Kapur 

1986). This entropy here in this equation was bounded between 0 and 1, with higher values 

denoting more uncertainty regarding the class assignment for prediction. 

Regarding entropy scores, the entropy was greatest for when similar posterior probabilities 

for each class were obtained, leading to greater uncertainty with class assignment. On the 

contrary, one class assigned with a vastly higher probability than any other class then resulted 

in a low entropy score as there was lower uncertainty. Nonetheless, many class categories for 

assignment potentially diluted this type of entropy score, specifically if the class with 

maximal probability only attained a slightly higher probability than that of another class 

(Baoxin Hu, Li, and Hall 2021). Consequently, to address this issue with the conventional 

entropy metric, an entropy calculation based just upon the top two contender classes was 

formulated and evaluated. These entropies were calculated per pixel from the top two highest 

probabilities for prediction out of all classes. Before resolving this entropy calculation based 
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upon the top two contenders, the corresponding top two probabilities per pixel were 

normalized so that these summed to one, 

  𝑝̂1 =  
𝑝𝑚𝑎𝑥

𝑝𝑚𝑎𝑥 + 𝑝2𝑛𝑑 𝑚𝑎𝑥
 ,        (3.2) 

  𝑝̂2 =  
𝑝2𝑛𝑑 𝑚𝑎𝑥

𝑝𝑚𝑎𝑥 + 𝑝2𝑛𝑑 𝑚𝑎𝑥
 . (3.3) 

Using these adjusted probabilities, this entropy considered from just the top two contenders, 

here regarded as normalized entropy, was computed per pixel as 

 𝐻𝑇𝑜𝑝 2 =  
−1

ln(2)
[𝑝̂1 ∙ ln(𝑝̂1) +  𝑝̂2 ∙ ln(𝑝̂2)] . (3.4) 

It was argued that this metric was better at ascertaining uncertainty with prediction, as 

ultimately class assignment was rendered to the class with the highest posterior probability; 

any challenge to this allocation resulted due to the class with the second highest posterior 

probability. This normalized entropy was still a form of Shannon’s entropy (Kumar, Kumar, 

and Kapur 1986), and like the entropy (3.1) defined previously it was bounded between 0 

and 1 where higher values indicated more uncertainty with prediction. Both the conventional 

entropy (3.1) and normalized entropy (3.4) were computed from the best models with regard 

to accuracy for the domain of the study areas. 

3.3. Results 

The most importantly ranked features were resolved by variable importance from the RF, 

listed in Figure 3.3. From this figure, channel network base, valley depth and MRVBF had 

the highest variable importance, imparting that the structure of topography with respect to 

valleys were particularly relevant for tree species classification. NDVI and CHM relating to 

vegetation cover and structure, respectively, were also of importance. Relative slope position 
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and MRRTF were also of consequence. As an aside, when the ROC curve analysis was 

carried out on this same set of predictors, the same topographic features attained the highest 

variable importance for tree species classification. 

 

Figure 3.3. Variable importance as resolved by the RF for tree species classification, with 

predictors ranked in order of importance by mean decrease in Gini. 

 

Modeling accuracies were assessed by both pixel level and site level on the validation set, 

reported in Table 3.1. The SVM radial-basis model was optimized when the parameter of 

sigma was set to 0.036 and cost tuning was equaled to 64, respectively. The RF model 
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attained better accuracies than that of the SVM. For the RF, accuracy exceeded 0.7 and 

corresponding kappa scores were greater than 0.5, denoting at least moderate agreement 

regarding the classification modeling. 

Table 3.1. Tree species classification accuracies as assessed on the validation set, with 

accuracies noted at both the pixel level and site level, respectively. Percent correct 

classification (PCC) (accuracy) and Cohen’s kappa score are reported.  

Model Accuracies Tree Species Classification 

Validation Pixels Sites 

  Accuracy Kappa Accuracy Kappa 

Random Forest (RF) 0.72 0.58 0.79 0.69 

Support Vector Machine Radial-basis (SVM Radial) 0.62 0.46 0.74 0.61 

 

 

The RF model was employed to predict the most probable tree species group for the domain 

of the study areas, with predictions displayed in Figure 3.4. This prediction map was 

computed per pixel from the rasterized imagery of predictors constituting the study area 

bounds. From Figure 3.4, black spruce covered more area than that for any other tree species, 

reconciling to the increased presence of black spruce within the wetland areas. Balsam fir 

was the second most dominant tree species, consistent with widespread occurrence 

throughout the study region. Other tree species predicted for other localities within the 

domain of the study areas included white spruce alongside the slopes of the river valley and 

populus species along the edges of clearings or areas with deeper surface soil layers. 
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Figure 3.4. Predictions for most probable tree species groups for the ARF study areas, as 

generated from the RF model. 

 

Assessment regarding confusion matrices was presented in Table 3.2 for both the model 

training and validation, respectively, from the RF model. Along the bottom edges and right 

edges of these matrices, user’s accuracy (UA) and producer’s accuracy (PA) were both noted, 
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accordingly. Counts for the sites conforming to each tree species grouping, for both training 

and validation, were indicated. Sites corresponding to black spruce and balsam fir dominant 

represented the majority, with decent UA and PA values greater than 0.8 attained for each of 

those groupings. Nevertheless, the classification was not as good for some other tree species 

groupings. None of the sites for populus nor eastern white cedar in the validation sets were 

correctly classified, but these only corresponded to 1 site each respectively for the validation. 

However, the 1 site for tamarack was correctly classified, as were the 2 sites for white spruce. 

The mixed category was predicted between mostly other mixed categories, and all 3 sites that 

were mixed but with black spruce dominant were predicted as just black spruce dominant. 

Therefore, the modeling for the tree species classification was reasonable. 

To gauge further insights with uncertainty of prediction, entropies using equations (3.1) for 

conventional entropy and (3.4) for a normalized entropy were each calculated for the 

validation sites. These results were reported in Table 3.3 and were summarized by tree 

species grouping. Inspecting Table 3.3, it was apparent that the normalized entropy from the 

top 2 choices had higher uncertainty values, encapsulating a prospectively more accurate 

assessment for prediction uncertainty. Note that with the conventional entropy metric, that 

sites for white spruce had a lower entropy value than those for black spruce, but that this 

situation reversed with the normalized entropy metric as white spruce had the higher 

uncertainty value. The normalized entropy metric resulted in a larger range of entropy values, 

ranging from 0.46 to 0.96 instead of 0.38 to 0.73 for the conventional entropy. 
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Table 3.2. Confusion matrices for the tree species classification from the RF model, reported for 

both training (top) and validation (bottom) sets, respectively. These counts correspond to the site 

level. User’s accuracy (UA) and producer’s accuracy (PA) are also noted for each tree species 

grouping. 

Confusion Matrix                                   Tree Species Classification 

Training 
         

Producer's 

  
Prediction Accuracy 

Reference 
 

Cw La Mix 

Mix 

- Bf 

Mix 

- Sb P Sb Sw (PA) 

Eastern White Cedar Cw 3 
  

1 
  

1 
 

0.60 

Tamarack La 
 

4 
      

1.00 

Mixed Mix 
  

15 2 
    

0.88 

Mixed  

   - Balsam Fir Dominant 

Mix 

  - Bf 
   

40 
    

1.00 

Mixed  

   - Black Spruce Dominant 

Mix 

  - Sb 
   

1 6 
   

0.86 

Populus P 
     

4 
  

1.00 

Black Spruce Sb 
      

61 
 

1.00 

White Spruce Sw 
       

5 1.00 

User's Accuracy (UA)   1.00 1.00 1.00 0.91 1.00 1.00 0.98 1.00 Sites: 143 

           
Confusion Matrix                                   Tree Species Classification 

Validation 
         

Producer's 

  
Prediction Accuracy 

Reference 
 

Cw La Mix 

Mix  

- Bf 

Mix 

- Sb P Sb Sw (PA) 

Eastern White Cedar Cw             1   0.00 

Tamarack La   1             1.00 

Mixed Mix     4 2     1   0.57 

Mixed  

   - Balsam Fir Dominant 

Mix  

  - Bf     3 14         0.82 

Mixed  

   - Black Spruce Dominant 

Mix 

  - Sb             3   0.00 

Populus P       1         0.00 

Black Spruce Sb         1   24   0.96 

White Spruce Sw               2 1.00 

User's Accuracy (UA)   . 1.00 0.57 0.82 0.00 . 0.83 1.00 Sites:  57 
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Table 3.3. Uncertainties with respect to conventional entropy (3.1) and normalized entropy 

from the top 2 choices (3.4) for the validation sites as summarized by tree species grouping. 

Uncertainty Calculations   Validation Sites 

   Entropy Normalized Entropy 

Tree Species Grouping  Site 

Count 

 Top 2 Choices 

Eastern White Cedar Cw 1 0.64 0.83 

Tamarack La 1 0.73 0.96 

Mixed Mixed 7 0.64 0.86 

Mixed - Balsam Fir Dominant Mixed - Bf 17 0.55 0.72 

Mixed - Black Spruce Dominant Mixed - Sb 3 0.54 0.66 

Populus P 1 0.38 0.46 

Black Spruce Sb 25 0.52 0.70 

White Spruce Sw 2 0.45 0.86 

 

 

Entropy maps for the study areas were also computed, depicted for the conventional entropy 

(3.1) in Figure 3.5 and the normalized entropy from the top 2 contenders (3.4) in Figure 3.6, 

respectively. From these entropy maps, the areas with the lowest uncertainties corresponded 

to the wetland areas, which were principally dominated by black spruce when inspecting the 

tree species prediction map in Figure 3.4. This reconciled to what was expected, as stunted 

or lowland black spruce were typically the only trees to grow in the wetland environments 

within this boreal study region. Note that the coloration scales were the same for both Figures 

3.5 and 3.6, but a wider variation in coloration was obvious for Figure 3.6 with respect to the 

normalized entropy. With the normalized entropy, areas outside of the wetlands had higher 

uncertainty with prediction. In comparing to Figure 3.4 of the tree species prediction, the 

areas with the highest uncertainties in Figure 3.5 appeared to correspond to the mixed tree 

species groupings. This result was logical, as by setup more uncertainty regarding specific 
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tree species classification arose with mixed categories, and hence in part why mixed 

categories were considered for the tree species classification.  

To gain insights pertaining to contenders for tree species classification, predictions for the 

second most dominant tree species were also generated, shown in Figure 3.7. When the most 

probable tree species was assigned a probability greater than 70% with prediction, note that 

no second most probable tree species was allocated and hence the not probable category. 

Inspecting Figure 3.7 and comparing to that for most probable tree species in Figure 3.4, 

essentially most of the areas corresponded to black spruce for where a second most probable 

tree species was infeasible; these were likely wetland environments. From Figure 3.7, mixed 

groupings for tree species were more common as secondary most probable tree species 

groupings throughout the study areas. This prediction was anticipated for localities that did 

not correspond to pure stands regarding tree species grouping. The mixed category for balsam 

fir was prevalent for prediction as a secondary tree species, conforming to expectations as 

balsam fir was often encountered as a secondary species across the study area domain.   
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Figure 3.5. Conventional entropy as calculated by (3.1) for the ARF study areas. Note that 

darker color intensity signifies lower prediction uncertainty, whereas lighter color intensity 

signifies higher uncertainty with prediction. 
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Figure 3.6. Normalized entropy from top 2 contenders, as calculated by (3.4) for the ARF 

study areas. Note that darker color intensity signifies lower prediction uncertainty, whereas 

lighter color intensity signifies higher uncertainty with prediction. 
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Figure 3.7. Predictions for second most probable tree species groupings within the ARF study 

region, as resolved by the RF model. 
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3.4. Discussion 

Topographic features were of high importance for tree species classification within the boreal 

forest of northern Ontario as seen in Figure 3.3, and the inclusion of these features 

subsequently improved classification accuracy. Features relating to morphometry consisting 

of valley depth, ridge flatness, valley bottom flatness and slope position were of high 

relevance with modeling. The valleys and channels within the study area presumably 

provided protection against the wind and excess sunlight for some tree species. Depending 

on the context, water accumulation within localities of lower relative elevations either 

benefitted or hindered the growth of certain tree species. For this study area, as conformable 

for boreal regions throughout northern Ontario, white spruce was observed growing well 

alongside elevated banks nearby rivers and streams. The wetland areas tended to consist of 

homogeneous stands of stunted black spruce, as that was the only tree species to subsist in 

those locations. Therefore, these results substantiated the consideration of a variety of 

topographic features as predictors for tree species classification. These topographic features 

corresponded to either local attributes at a point, textural attributes for a topographic surface, 

or contextual attributes for the larger landscape domain (Franklin 2020). As examples of 

features (Franklin 2020), local point attributes conformed to slope, aspect and curvatures, 

and textural attributes consisted of indices relating to roughness or homogeneity. 

Correspondingly, contextual attributes included slope position and hydrological 

considerations over the wider area such as for topographic wetness indices and catchment 

areas. It was important to include a variety of topographic features so to sufficiently 
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characterize the topography for the study area (Franklin 2020), hence a suite of topographic 

features was utilized for tree species classification. 

Classification uncertainty with respect to entropy has been investigated in other research 

disciplines such as digital soil mapping (Heung et al. 2016). Entropy metrics are based upon 

voting probabilities rather than the outright classification assignment, so entropy can 

constitute as a better evaluation for prediction uncertainty. However, if more than a few 

classification categories exist then the entropy metric can become diluted, particularly if 

many of those categories conform to negligible probabilities. Consequently, a diluted entropy 

value can underestimate prediction uncertainty. To address this, a normalized entropy based 

on just a reduced selection of voting probabilities corresponding to the top contenders has 

been formulated. Other studies have calculated normalized entropies from maximum and 

minimum voting probabilities (Wu, Shih, and Tu 2021) or by different formulations (Kumar, 

Kumar, and Kapur 1986). Nonetheless, decisiveness for output classification assignment 

depends upon the top contending categories, hence the formulation of a normalized entropy 

that is based only upon the voting probabilities for the top two categories. The top contenders 

for classification can also relate to prediction maps, as typically the output for a prediction 

map corresponds to the category with the highest voting probability. Prediction maps for the 

second most probable category can reveal insights in corroboration with entropy maps. All 

in all, entropy metrics in conjunction with prediction maps should be considered for 

classification as entropy maps can convey supplemental information pertaining to prediction 

uncertainty. 
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Model assessment for pixel-based classification is regarded as more relevant if evaluating at 

a site level, rather than just the pixel level. When possible, the models should be trained on 

data conforming to sites of pure stands, rather than large selections of pixels with allotment 

to both training and validation sets from each selection block of pixels. Regarding evaluation, 

for pure stands it is of more relevant to correctly determine the prediction of tree species 

overall for a site, rather than for the individual pixels constituting that site. Furthermore, it is 

more feasible to confirm that a smaller area and thus a smaller selection of pixels conform to 

a pure stand, rather than a larger area consisting of a magnitude or more greater number of 

pixels. A risk of overfitting models can arise if pixels for both modeling training and 

validation are selected from the same plot selections. Therefore, to prevent inflated 

accuracies, the pixel selections should be aggregated at a site level so that modeling accuracy 

can correspondingly be assessed at the site level. 

3.5. Summary 

• Topographic features were important for tree species classification for boreal study 

areas. Specifically, environmental covariates relating to channel structure and valley 

depth were the most pertinent for tree species classification. 

• Covariates derived and generated at a finer spatial resolution better facilitated 

representation for various settings within natural forested areas, enhancing accuracy 

for a local scale that was impractical with coarser spatial resolutions. 

• Tree species classification should be assessed for accuracy at the site level rather than 

at the pixel level, with each site conforming to one cover type. Moreover, this 
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mitigates against inflation with accuracy values as pixels for a site are not allocated 

between both model training and validation purposes. 

• Uncertainty with prediction should be investigated, and specifically a normalized 

entropy that is based upon the top two contenders is a more relevant metric than the 

conventional entropy. 

• Mixed categories constituting dominant tree species can be considered when certain 

tree species rarely grow in pure stands. This is particularly applicable for balsam fir, 

which tends to grow alongside other tree species in expanses through the study area. 

• Prediction maps of the second most probable tree species groupings can convey 

additional insights regarding prediction within a study region. Specifically, this can 

determine what are the contending tree species throughout the study areas.  

• Wetlands conform to the lower uncertainties with prediction, and most of these 

wetland areas have been predicted to conform to black spruce. This imparts 

robustness regarding a tree species indicator for black spruce, when applied in the 

context of digital soil mapping encompassing wetland environments. 

• Localities of higher uncertainties with prediction correspond to areas that are mixed 

for tree species, that is, likely of greater tree species diversity. These are location 

settings where to address and investigate further with respect to future tree species 

classification research. 

• Tree species prediction maps can be relevant as predictors for digital soil mapping, 

representing vegetation as a soil formation factor. 
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Chapter 4 

Enhanced Prediction of Soil Carbon via Encoder-

Decoder Neural Networks 

 

Research presented in this chapter has been published in the journal paper: 

3 Pittman, R. and B. Hu, 2025. “Enhanced Prediction of Soil Carbon via Encoder-Decoder 

Neural Networks for a Boreal Study Area in Northern Ontario.” Sensors 25(8): 1–23. 

https://doi.org/10.3390/s25082583. 

 

  

 
3 I want to thank the publisher MDPI and the coauthor who have permitted me to reuse this 

article in my dissertation.  



 
66 

4.1. Background 

Interest in deeper learning approaches such as neural networks (NNs) has been increasing for 

digital soil mapping. NNs can consist solely of dense layers, which are known as dense neural 

networks (DNNs). Other names for DNNs in digital soil mapping include artificial neural 

networks (ANNs) (Heung et al. 2016; Were et al. 2015) or multilayer perceptrons (MLPs) 

(Brungard et al. 2015). DNNs are composed of one or more hidden dense layers of 

interconnected units, where the weightings for these units are iteratively adjusted by training 

on data via a learning process (Heung et al. 2016). Modeling for both regression (Kuhn et al. 

2020; Were et al. 2015) and classification (Brungard et al. 2015; Heung et al. 2016) for soil 

properties have been performed with DNNs. Nevertheless, within digital soil mapping 

research the reported accuracies for DNNs have typically only achieved similar results as 

have been attained by RFs (Brungard et al. 2015; Heung et al. 2016). To improve modeling 

accuracy, many research disciplines have investigated convolutional neural networks 

(CNNs) (Lee and Song 2019). In terms of structure, CNNs consist of feature extraction and 

selection layers along with dense layers as in DNNs (Lee and Song 2019; Simard, Steinkraus, 

and Platt 2003). CNNs have been employed primarily for image classification (Chauhan, 

Ghanshala, and Joshi 2018; Natesan, Armenakis, and Vepakomma 2020) and generally 

obtain better modeling accuracies (Lee and Song 2019). Nonetheless, a major drawback for 

CNNs is that these can necessitate the optimization of tens of thousands, or even millions, of 

parameters (Lee and Song 2019). Within digital soil mapping, many regional studies are 

limited to samples that have only been collected for at most a few hundred sites (Minasny et 

al. 2019). To prevent overfitting with training CNNs, sufficient amounts of target data are 
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required, which frequently is not feasible for soil mapping applications. The difficulties and 

costs to extract and process soil samples generally prevent the retrieval of additional samples 

for target data, hindering the adoption of CNNs.  

Encoder-decoder NNs incorporate NN structure into encoder-decoder (ED) formulation 

(Chen et al. 2017; Ji et al. 2021). Regarding form, an ED consists of an encoder that firstly 

compresses information from the original input into a condensed representation (Ji et al. 

2021). Afterwards, this condensed representation is input for a decoder that can recreate 

details from the original input (Ji et al. 2021). Specifically, an ED conforms to feature 

extraction as it can separate out noise from the original input (Ji et al. 2021), retaining data 

more pertinent for modeling. This refining is useful for digital soil mapping research as 

typically large sets of environmental covariates are utilized as predictors, but usually only a 

few of these predictors are impactful with modeling and prediction (Nussbaum et al. 2018). 

Regarding composition, EDs can consist of simple or dense layers such as with DNNs (Bai 

et al. 2024; Liu, Yang, and Zhang 2024) or of convolutional layers with CNNs (Chen et al. 

2017; Ke, Ren, and Yin 2024) including fully convolutional networks (FCNs) (Ji et al. 2021). 

Furthermore, EDs can be formulated with NNs of reduced numbers of layers and units, 

facilitating EDs for smaller sets of data as confronted in digital soil mapping research. 

As prediction maps of targeted soil properties are customarily an end goal of digital soil 

mapping, an objective is to maximize prediction and modeling accuracy. This can also entail 

addressing uncertainty with prediction (Minasny et al. 2019). From the best models that have 

been attained from separate modeling approaches, an ensemble of predictions (Engler et al. 

2013; Huang and Gao 2017) can quantify uncertainty with respect to standard deviations. 
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Moreover, a mean prediction value can be computed from this ensemble to obtain a more 

robust prediction (Engler et al. 2013). From considering other modeling approaches, it can 

also be investigated if these models have similar trends with residuals regarding over or 

under-prediction. Furthermore, insights can be gained from prediction maps by examining 

what localities or land covers conform to greater prediction uncertainties. Additional insights 

can be reckoned from quantile mapping (Maraun 2013) in terms of deciles of the predicted 

quantities. In particular, standard deviations of the deciles can reveal what land cover types 

correspond to greater prediction uncertainties when addressing for the tendency for models 

to over or under-predict. For modeling improvements this can uncover what land cover types 

to focus on regarding digital soil mapping for future research. 

4.2. Materials and Methods 

4.2.1. Study Area 

The study areas correspond to the same delineated areas as have been presented in Chapter 2 

for the inferential statistics research. More details pertaining to the study region and soil data 

are provided in Chapter 2. This study region conforms to the southern transition zone of the 

boreal forest in the District of Cochrane (80°40’ W – 84° W, 49° N – 50° N) in Ontario, 

Canada. These study areas are located along the Ontario highway 11 corridor, and from 

northwest to southeast consist of Hearst, Gordon Cosens Forest (GCF), Kapuskasing within 

GCF, and Cochrane. For this research, of importance was prediction for the designated 

Cochrane study area (80°40’ W – 81°25’ W, 49° N – 49°20’ N). Data from all study areas in 

the District of Cochrane have been fielded for model training and validation. 
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The Cochrane study area has been focused on in part due to its more southerly location along 

the transitional confines of the boreal forest, as well as greater economic activities relating to 

agriculture and resulting in land cover change. This delineated study area contains a mix of 

forested and agricultural land cover types, consisting of wetlands along the western section 

and northeast part, and conforming to agricultural land within the center portion. The east 

central portion of this study area is intersected by the Abitibi River, which flows on a 

northwest trajectory towards James Bay in the Arctic Ocean. For reference purposes, true-

color composite imagery along with locations of sampling sites for all the study areas are 

presented in Figure 5.1 in the following chapter regarding structural equation modeling 

(SEM); the Cochrane study area along with insets depicting some site clusters are shown in 

Figure 5.1-B. 

4.2.2. Soil Data 

The soil data used for this study was collected during field campaigns in 2018, 2019 and 

2021. Further details regarding specifics for this soil and site data, including procedures and 

methodology with how samples were collected and processed, was previously discoursed in 

Section 2.3. Total carbon (C) [%] at the site level was the soil property investigated. These 

values were averaged from all the respective subplot C measurements per site for the 5–15 

cm depth layer of mineral soil. The measurements were retained in the original quantities 

pertaining to concentration as recorded from the laboratory analysis. 
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4.2.3. Environmental Covariates 

In advance of modeling work, particularly for data-driven approaches, it was generally 

unknown what specific covariates were of the most relevance. As soil properties were 

impacted from a combination of soil formation factors (McBratney, Mendonça Santos, and 

Minasny 2003; Minasny et al. 2019) relating to vegetation, topography, climate, parent 

material and time, therefore multiple attributes were of importance for modeling. 

Consequently, a multisource remote sensing data approach was warranted. Since 

environmental covariate data was typically retrieved by remote sensors, various sensors were 

utilized to capture information relating to different physical attributes (Mulder et. al 2011). 

A variety of remotely sensed data was compiled from several sensors, conforming to 

environmental covariates that were applied as predictors with modeling (Table B.2 in 

Appendix B). This also included LiDAR point cloud data. Much of this remote sensing data 

was processed before specific applicability as predictors for modeling work.  

The environmental covariates utilized as predictors are listed in Table 4.1. There were 34 

environmental covariates in total, obtained from LiDAR, surface reflectance (SR), SAR, 

aeromagnetic retrievals and a tree species prediction map for black spruce. These covariates 

related to the soil formation factors of topography, vegetation, parent material and time. All 

these environmental covariates corresponded to spatial resolutions of 30 m, with the black 

spruce prediction map and aeromagnetic data resampled to 30 m spatial resolution. The 

predictors in the list in Table 4.1. that were marked with an asterisk (*) were the predictors 

fielded for a model regression via SEM. Otherwise, all 34 predictors were utilized for all 

models. 
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Table 4.1. Environmental covariates utilized as predictors with modeling. Note that an 

asterisk (*) denotes predictors used for the structural equation modeling (SEM) comparison. 

Predictor Source Soil Formation Factor 

Digital Elevation Model (DEM) * LiDAR Relief 

Canopy Height Model (CHM) LiDAR Vegetation 

Gap Fraction LiDAR Vegetation 

Aspect DEM (LiDAR) Relief 

Convergence Index DEM (LiDAR) Relief 

Mid Slope Position * DEM (LiDAR) Relief 

Multi-resolution Ridge Top Flatness (MRRTF) DEM (LiDAR) Relief 

Multi-resolution Valley Bottom Flatness (MRVBF) DEM (LiDAR) Relief 

SAGA Topographic Wetness Index (SAGA TWI) DEM (LiDAR) Relief 

Slope * DEM (LiDAR) Relief 

Slope Height * DEM (LiDAR) Relief 

Slope Length DEM (LiDAR) Relief 

Stream Power Index DEM (LiDAR) Relief 

Terrain Ruggedness Index (TRI) DEM (LiDAR) Relief 

Topographic Wetness Index (TWI) DEM (LiDAR) Relief 

Total Curvature DEM (LiDAR) Relief 

Valley Depth DEM (LiDAR) Relief 

Visible Sky DEM (LiDAR) Relief 

B1 Summer 2017 SR Vegetation 

B2 Summer 2017 SR Vegetation 

B3 Summer 2017 SR Vegetation 

B4 Summer 2017 SR Vegetation 

B5 Summer 2017 SR Vegetation 

B6 Summer 2017 SR Vegetation 

B7 Summer 2017 SR Vegetation 

B10 Summer 2017 SR Vegetation 

Modified Normalized Difference Water Index     

   (MNDWI) Summer 2017 

SR Relief (Water) 

Normalized Difference Vegetation Index (NDVI)  

   Summer 2017 

SR Vegetation 

Change Magnitude B3 B4 B5 Summer 1984-2005 * SR Time 

SAR C VH May 2017 SAR Relief (Water) 

SAR C VV May 2017 * SAR Relief (Water) 

Gravity Anomaly 2016 Aeromagnetic Parent Material 

Magnetic Residual November 2018 Aeromagnetic Parent Material 

NFI Black Spruce 2011 * k-NN Model Vegetation 
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4.2.4. Encoder-Decoder Models 

EDs incorporating NN architecture have been the focus for the modeling work. A schematic 

for the form of an ED is shown in Figure 4.1. Predictors are first inputted into the encoder 

component consisting of multiple layers of NN structure, from which the predictor data is 

condensed into a representation vector. Afterwards, this representation vector is inputted into 

the decoder component which is composed of NN layers with an upscaling and eventual 

downscaling to yield the regressed quantity of soil C. An ED constituting DNN formulations 

(ED-DNN), as well as an ED that is composed of CNN structure (ED-CNN) have been 

investigated. The formulation for the ED-DNN is listed in Table 4.2 and that for the ED-

CNN is outlined in Table 4.3. 

 

Figure 4.1. Schematic of encoder-decoder (ED) for modeling. 
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Table 4.2. Encoder-decoder composed of dense neural network (ED-DNN) layers. 

ED-DNN     

Layer Output Shape # Parameters 

Encoder: 
  

Input Layer 34 0 

Dense 32 1120 

Dense 16 528 

Dense 8 136 

Decoder:     

Input Layer 8 0 

Dense 32 288 

Dense 16 528 

Dense 1 17 

  
  

Total Parameters:  2617 
 

 

Table 4.3. Encoder-decoder composed of convolutional neural network (ED-CNN) layers. 

ED-CNN     

Layer Output Shape # Parameters 

Encoder: 
  

Input Layer (1, 34) 0 

Convolution 1-D (1, 16) 560 

Max Pooling 1-D (1, 16) 0 

Convolution 1-D (1, 32) 544 

Flatten 32 0 

Dense 8 264 

Decoder:     

Input Layer 8 0 

Dense 64 576 

Reshape (1, 64) 0 

Convolution 1-D (1, 32) 2080 

Up Sampling 1-D (2, 32) 0 

Convolution 1-D (2, 16) 528 

Flatten 32 0 

Dense 16 528 

Dense 1 17 
   

Total Parameters:  5097 
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Regarding structure, the ED-DNN consisted of dense layers as encountered in a DNN. The 

encoder for the ED-DNN was relatively simple, composed of just two dense layers for the 

internal layers. This encoder took the predictor input and condensed it to a representation 

vector of just 8 units, which was used as the input for the ensuing decoder process. The 

decoder was composed of two dense layers for the internal layers, with an upscaling to a 

dense layer with 32 units followed by a downscaling to a dense layer with 16 units, before 

the final output to 1 unit. Other sizes of units for these layers were investigated, even for the 

representation vector. Another study used a representation vector consisting of 8 units (Hu et 

al. 2022), so it was rationalized that this number of units was adequate for the compression 

of applicable information from predictors for C modeling. 

The ED-CNN consisted of 1-D convolutional layers as utilized in a CNN (Hu et al. 2022), 

facilitating the refining of features at additional scales (Ji et al. 2021). The structure for the 

encoder portion included two 1-D convolutional layers, with the first of these followed by a 

max pooling layer, and the second convolutional layer followed by a flattening layer. A 

representation vector of 8 units was the result of the encoder, which was the input for the 

decoder. Within the decoder the input from the representation vector was upscaled to a 64 

unit dense layer that was then reshaped into an array of 64 units. Afterwards there were two 

1-D convolution layers, with an upsampling layer of size 2 after the first; output was flattened 

after the second convolutional layer which was followed by a dense layer before final output 

to 1 unit. 

For training the EDs and other modeling with respect to a DNN and a CNN for comparison 

purposes, the keras package (Chollet 2015) in R was adopted. As the regression of C [%] was 
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the final output, the final layer for each of the EDs and NNs corresponded to continuous 

numerical output for 1 unit. Multiples of base 2 (Lee and Song 2019; Li and Li 2022) were 

specified for the units of the internal layers. Rectified linear unit (ReLU) activation functions 

were utilized, as these conformed to sparse activation with finer gradient propagation while 

avoiding vanishing gradients (Lee and Song 2019). An Adam optimizer (Li and Li 2022) was 

employed for training the EDs and NNs, to minimize mean squared error (MSE) for the loss 

function. For the ED and NN models, a learning rate of 0.001 was specified for the Adam 

optimizers. All EDs and NNs were each trained using the default batch size of 32 and over 

5000 epochs, as 5000 epochs were found to be appropriate for attaining better accuracies 

(Sindi et al. 2021) for models composed of convolutional layers, but not so many epochs as 

to lead to model overfitting. 

Before training, predictor data for the EDs and NNs models were standardized via 

normalization. This normalization was enacted by computing averages and standard 

deviations for each predictor across all sampling sites, by which all predictors were 

transformed into respective z-scores (Lee and Song 2019). For models with DNN 

architecture, the predictor input was reshaped in matrices with columns matching to 

predictors and rows to sites. Concerning the models with convolutional layers, predictor 

inputs were reshaped similarly as what were done for models with DNNs, but now with an 

added dimension for 1-D convolution. Once data was normalized, it was randomly split 70:30 

for training and validation sets accordingly with respect to sampling site, based on the 

stratification of C so to obtain balanced sets for C concentrations with training and validation. 

This allocation resulted in 103 sites for modeling training and 41 sites for model validation, 

respectively. 
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4.2.5. Other Modeling 

NNs in terms of both a DNN and CNN were employed for modeling the soil C concentration. 

Simpler formulations of the DNN and CNN were each specified, so to mitigate overfitting of 

these NNs. The DNN consisted only two internal dense layers, with the first dense layer 

corresponding to 32 units followed by a dropout of 0.25, then by the second dense layer of 

16 units followed by dropout of 0.25 before the final output of 1 unit. As DNNs dealt with 

nonlinearity similarly as conventional regression methods (Were et al. 2015), the DNN model 

was considered as comparable to the RF and SEM with respect to accuracy. For the CNN, its 

first internal layers corresponded to a 1-D convolutional layer of 32 units, followed by 

another 1-D convolutional layer of 32 units. The next layers consisted in the following order 

of a 1-D max pooling layer, a 0.25 dropout, a flattening layer, a dense layer with 16 units, 

0.25 dropout and then the final output layer of 1 unit. As for the CNN, the ordering of the 

predictors in the input did matter as neighboring pixels with predictors were imputed for the 

convolutions (Lee and Song 2019). The same consistent ordering of predictors was utilized 

for the models, with predictors ordered by sensor source with a further level of ordering by 

soil formation factor. However, in contrast to the DNN, the CNN was more suitable for 

leveraging nonlinearity amongst the predictors for modeling.  

For comparison purposes, both a RF and SEM were employed for modeling. The RF was 

fitted to the same training sites and predictors as for the NNs and comprised of 1000 trees. 

Regarding the mtry parameter referring to number of variable splits, it was equaled to the 

floor of the square root of the number of predictors, which here was 5. For fitting the RF, the 

randomForest package (Liaw and Wiener 2002; Svetnik et al. 2003) in R was utilized. As for 
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the SEM, it was trained for soil C on the 7 most importantly ranked predictors as assessed 

from a feature selection, on the same training sets regarding sites as done for the other 

modeling approaches. These 7 predictors were denoted by asterisks in Table 4.1. For SEM, 

parameters were resolved by box-constrained optimization via nonlinear minimization with 

maximum likelihood estimation (Rosseel 2012). The fitting for SEM was accomplished by 

the lavaan package (Rosseel 2012) in R. 

An ensemble composed of predictions from all models was also generated. This ensemble 

constituted the average (AVG) of the 6 models investigated: SEM, RF, DNN, CNN, ED-

DNN and ED-CNN. As different modeling approaches were considered, the ensemble model 

was expected to improve robustness (Engler et al. 2013). In addition, an ensemble model was 

formulated as standard deviations were computed based on the modeling approaches to 

address uncertainty with prediction, discoursed in the following subsection for uncertainty 

quantification. 

4.2.6. Model Evaluation 

Assessment of model accuracy was reported on the validation set. The metrics for modeling 

accuracy were the coefficient of determination (R2), the root mean squared error (RMSE) 

and the mean absolute error (MAE). In terms of units, the R2 was dimensionless, whereas 

both MSE and MAE conformed to the quantity of concentration [%] as measured for C. In 

general, R2 was confined between 0 and 1, with greater accuracy indicated by higher R2 

value. 
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To assess for the significance of R2 values between the various models, inferential statistical 

testing was conducted. Fisher’s z-test (Hu et al. 2017) assessed on correlation coefficients 

was implemented on the square root of the R2 values which have been denoted using 𝑟. The 

null hypothesis for Fisher’s z-test was that the correlation coefficients were the same between 

two comparisons; the alternative hypothesis was that the correlation coefficients were 

unequal between the two comparisons. The z-value for this test was calculated by  

𝑧 =  
𝑟1

′−𝑟2
′

√2 (𝑛−3)⁄
,     𝑟′ = 1

2
ln (

1+𝑟

1−𝑟
). (4.1) 

Here, 𝑛 corresponded to the number of samples in the validation dataset, which here was 

fixed at 41 for the number of validation sample sites. Sample correlation coefficients for the 

comparison testing were 𝑟1and 𝑟2, which were each transformed using the natural logarithm 

for calculate the 𝑟1
′ and 𝑟2

′ values used for calculating the z-value. The critical z-value was 

1.96 for the calculation in (4.1), with the alternative hypothesis of unequal correlation 

coefficients if the calculated z-value exceeded 1.96.  

Pairwise scatterplots and correlations among the models were resolved so to examine the 

error patterns with residuals between the modeling approaches. For these residuals, similar 

spreads with pairwise scatterplots and high pairwise correlations conveyed comparable 

tendencies for prediction. Part of the justification of a using a model ensemble was to 

incorporate prediction power from each model for creating a more robust model, even if the 

model ensemble was less accurate in assessed modeling accuracy than that for the best model. 

Scatterplots for the best model with respect to both measurement versus prediction as well 

as measurement versus residual were also plotted to gauge trends with underprediction and 

overprediction. 
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4.2.7. Uncertainty Quantification 

As various modeling approaches were employed to generate prediction maps, a measure of 

uncertainty with prediction was derived for the ensemble based on the prediction maps 

computed from these models. Specifically, the standard deviation per pixel was calculated 

from each model prediction for the domain of the prediction maps. The prediction maps for 

each model corresponded to the same study area bounds, with each prediction map 

conforming to the same amounts and positions for data points. It was verified that the 

coordinate projection, registration grids, cell sizes, spatial extents and numbers of non-

missing data points were the same for all prediction maps. Furthermore, the land covers 

within the study area domain corresponded to the same pixels, meaning that the same 

percentage of pixels within each prediction map conformed to the same land cover type. 

Consequently, quantile mapping with respect to calculating quantiles was also implemented, 

as it ascertained whether pixels matching to the same locations or land cover were predicted 

similarly in the context of underprediction or overprediction with modeling. 

Quantile maps (Maraun 2013) conforming to computed quantiles were calculated from the 

prediction maps for each model. Before resolving quantiles, for each prediction map all 𝑛 

data points were sorted by ascending order; specifically, as 𝑥1, 𝑥2, 𝑥3, ⋯ , 𝑥𝑛−1, 𝑥𝑛 with 𝑥1 ≤

𝑥2 ≤ 𝑥3 ≤ ⋯ ≤ 𝑥𝑛−1 ≤ 𝑥𝑛. The total number of data points corresponded to the number of 

pixels with non-missing values. Therefore, the respective index 𝑖𝑞 for the 𝑞-th 𝑘-quantile, 

with 1 ≤ 𝑞 ≤ 𝑘, and 𝑞, 𝑘 both integers, was calculated by 

𝑖𝑞 =
𝑞

𝑘
∙ (𝑛 + 1) .   (4.2) 
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Interpolation was required when calculating the quantile value from its respective index, 

except for when the index equaled an integer value. For the index  𝑖𝑞 corresponding to a 

rational number of form 𝑥. 𝑝, here with composed integer component 𝑥 and decimal 

component 𝑝 with 0 ≤ 𝑝 < 1, the cutoff value for the 𝑞th quantile was computed as 

𝑥𝑖𝑞
= (1 − 𝑝) ∙ 𝑥floor(𝑖𝑞) + 𝑝 ∙ 𝑥floor(𝑖𝑞)+1 .  (4.3) 

In this equation, the floor function yielded the integer value of the index, which was the 

greatest integer less than or equal to the index 𝑖𝑞. Cutoff values for all 𝑘 quantiles were 

computed this way. Once all cutoff values for the quantiles were resolved, all data points 

were allocated into their respective quantiles. This process was repeated for each prediction 

map. 

For this analysis here, it was reasoned that 10 quantiles, otherwise known as deciles, were 

appropriate. This was deemed a sufficient number of quantiles to adequately represent 

heterogeneity for the various land cover types within the study region domain. Here, 6 

different prediction maps were utilized for the calculations, corresponding to the SEM, RF, 

DNN, CNN, ED-DNN and ED-CNN model output. To compute the deciles, the ntile function 

with the dplyr package (Wickham et al. 2023) in R was utilized. Pixels conforming to missing 

data were excluded from these calculations, as this data contained no target data values as 

these corresponded to either gaps within the domain or the exterior outside the boundaries of 

the study area. The standard deviation map for C predictions conformed to the same 

quantities as for C [%], whereas the standard deviation map based on deciles was unitless. 

These maps provided insights for gauging uncertainty in terms of over and underprediction.  
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4.3. Results 

4.3.1. Modeling Accuracies 

Models for SEM, RF, DNN, CNN, ED-DNN and ED-CNN were each fitted on the training 

allocation of data. In addition, an ensemble corresponding to the average (AVG) of predicted 

values based upon all other models was also computed. For evaluation, all the models 

predicted C on the validation set of data from which accuracies were assessed, with modeling 

accuracies presented in Table 4.4. Regarding Table 4.4, comparable accuracies were obtained 

for the SEM, RF and DNN models, with R2 of approximately 0.20 for each of those models. 

The CNN model attained better modeling accuracy than those three models, with a R2 of 

0.37. Nevertheless, the EDs obtained the best modeling accuracies with R2 greater than 0.50, 

indicating moderate performance with respect to R2 accuracies. Similarly, the ensemble 

model (AVG) attained a R2 of 0.50. The lowest RMSE and MAE were also assessed for the 

EDs, supporting that the ED models were an improvement beyond the other approaches in 

enhancing modeling accuracy. Note that from statical testing using Fisher’s z-test that R2 

accuracies for the ED-CNN model were statistically significance improvement from the R2 

accuracy results attained by the SEM, RF and DNN models. 

Scatterplots of measurements versus predictions as well as of measurements versus residuals 

were each plotted for the best model, here the ED-CNN, as shown in Figure 4.2. Reference 

lines were also marked within each scatterplot. The reference line in the scatterplot of 

measurements versus predictions corresponded to the diagonal line where prediction equaled 

measurement, indicating perfect prediction (Ke, Ren, and Yin 2024). On the scatterplot for 

measurement versus residual, the vertical reference line indicated a residual value of zero, 
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denoting perfect prediction. The ED-CNN attained the best accuracy, with a R2 of 0.59 as 

noted. From inspecting these scatterplots, the greatest variations with prediction occurred for 

sites with greater measured soil C. In general, soil C was underpredicted for the sites with 

the greatest C measurements, which here pertained to the wetlands. Contrastingly, soil C was 

also overpredicted somewhat for the sites with the lowest C measurements, which here 

corresponded to agricultural land. This over and underprediction with reference to certain 

land cover types was part of the reason warranting the subsequent investigation of quantile 

mapping, for uncovering insights regarding prediction trends. As an aside, note that an outlier 

was present in both plots in Figure 4.2, denoted by the site with the most negative residual 

value. This site consisted of intermediate C that was subsequently predicted with a greater 

quantity of C. Upon investigation, this discrepancy arose as this site corresponded to 

secondary forest consisting of black spruce with lower CHM, that was predicted to have 

greater C as analogous to wetland sites composed of stunted black spruce. 

Residuals for each of these models were also computed upon the validation set. These 

residuals were calculated as respective measurements subtracting predictions. Pairwise 

scatterplots of the residuals between models were plotted, with pairwise correlations 

reported, as displayed in Figure 4.3. Note that all the pairwise correlations were greater than 

0.5, with larger correlations of greater than 0.7 indicated for most of the pairwise comparisons 

between models. Therefore, residuals between each model were positively correlated with 

one another, and spreads within the residual scatterplots were relatively linear, conveying 

that soil C was predicted with similar tendencies across the different models. 
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Table 4.4. Modeling accuracies for the models as evaluated on validation set. The coefficient 

of determination (R2), root mean squared error (RMSE) and mean absolute error (MAE) are 

reported. Results of statistical testing for differences with R2 accuracies between each model 

and ED-CNN are noted. 

Model  R2 ED-CNN Comparison RMSE MAE 

   z-Value p-Value [%] [%] 

Structural Equation Model SEM 0.21 2.27 0.02 * 10.18 7.63 

Random Forest RF 0.22 2.21 0.03 * 10.09 7.83 

Dense Neural Network DNN 0.18 2.45 0.01 * 10.38 7.35 

Convolutional Neural Network 1-D CNN 0.37 1.35 0.18 9.07 6.05 

Encoder-Decoder DNN ED-DNN 0.54 0.33 0.74 7.78 5.40 

Encoder-Decoder CNN 1-D ED-CNN 0.59   7.30 5.38 

Ensemble † AVG 0.50 0.59 0.56 8.06 6.11 

   † Average prediction of all 6 models. 

 

 

Figure 4.2. Scatterplots of encoder-decoder comprised with 1-D convolutional neural 

network layers (ED-CNN) for total carbon (C) on validation set. A: measurements versus 

prediction; B: measurements versus residuals. 
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Figure 4.3. Below diagonal: Pairwise scatterplots of residuals between models. Diagonal: 

Histograms of residuals for the model. Above diagonal: Pairwise correlations of residuals 

between models. 

 

4.3.2. Prediction Maps 

Prediction maps corresponding to soil C for the SEM, RF, DNN, CNN, ED-DNN and ED-

CNN models are presented in Figure 4.4. These maps conform to total carbon (C) [%] for the 

5–15 cm depth layer of mineral soil. The same symbology settings with respect to coloring 

have been used for all these prediction maps, with brown coloring denoting the lowest C and 
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green coloring the highest C, respectively. Similar trends with prediction are noticed in all 

these prediction maps. Note that the ED-CNN prediction map corresponds to the most 

accurate model (see Table 4.4). All models that are composed of NNs have predicted similar 

magnitudes of C for the wetland areas. Conversely, the SEM and especially the RF have 

underpredicted C for the wetlands. Furthermore, localities with higher and lower predictions, 

as well as intermediate values with predictions, can all be discerned from the prediction maps 

for the CNN and ED-CNN models. Localities with intermediate C contents mostly conform 

to forested regions outside of wetland areas.  

Deciles maps were computed from each of the respective prediction maps for C as shown in 

Figure 4.5. For these maps, lighter coloring intensity matched to lower deciles corresponding 

to lesser C, whereas darker coloring intensity indicated higher deciles and greater C, 

accordingly. Wetland areas conformed to the highest deciles, and agricultural fields to the 

lowest deciles, respectively. Similar tendencies with prediction are observed from these 

decile maps, conveying that each model predicted C consistently for the various land cover 

types when accounting for over or underprediction. 

A zoomed-in display of the predictions for the ED-CNN are shown in Figure 4.6. Here, a 

different symbology coloring was utilized so to make the differences of C with land cover 

type more apparent. Inspecting these figures, the agricultural lands have the lowest C, 

whereas the wetland areas have the greatest C. 
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Figure 4.4. Prediction maps of total carbon (C) [%] as generated by models for the Cochrane 

study area. A: random forest (RF); B: structural equation modeling (SEM); C: dense neural 

network (DNN); D: 1-D convolutional neural network (CNN); E: encoder-decoder composed 

of dense neural network layers (ED-DNN); F: encoder-decoder composed of 1-D 

convolutional neural network layers (ED-CNN). 
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Figure 4.5. Prediction maps of deciles for total carbon (C) as generated by model for the 

Cochrane study area. A: random forest (RF); B: structural equation modeling (SEM); C: 

dense neural network (DNN); D: 1-D convolutional neural network (CNN); E: encoder-

decoder composed of dense neural network layers (ED-DNN); F: encoder-decoder composed 

of 1-D convolutional neural network layers (ED-CNN). 
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Figure 4.6. Zoomed-in detail with predictions of total carbon (C) [%] for encoder-decoder 

composed of 1-D convolutional neural network layers (ED-CNN). Note that wetland areas 

contain greater concentrations of C, whereas agricultural fields contain lowers amounts of C. 

 

The model ensemble (AVG) and standard deviation prediction maps are displayed in Figure 

4.7. Upon inspection, the trends for the AVG and AVG Decile maps are comparable to those 

in Figures 4.4 and 4.6, respectively. In particular, the prediction map for AVG denotes a mix 

of localities with lower, intermediate and greater contents of soil C. Regarding the standard 

deviation (STDDEV) prediction map, the largest standard deviations in terms of C [%] are 

for wetland localities. The models have consistently predicted high C for wetland areas, but 

the magnitude of these predictions vary by model. However, when inspecting the standard 

deviation plot that is based on the decile maps, higher standard deviations are discerned for 

forested regions near streams, rivers, or the edges of wetlands. Therefore, both types of these 

standard deviation maps impart useful insights. The STDDEV plot indicates that wetland 

areas have the highest uncertainties in terms of magnitudes of C [%]. Accordingly, the 

STDDEV decile plot shows that localities with the greatest prediction uncertainties in terms 

of quantiles coincide to localities of forest near water bodies. It is likely that these forested 
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areas along rivers and streams correspond to locations of greater diversity with vegetation, 

indicating a need for models to better predict C for these sorts of localities consisting of 

intermediate soil C contents.  

 

Figure 4.7. Ensembled prediction maps for the Cochrane study area. A: mean of total carbon 

(AVG) [%]; B: mean of decile total carbon (AVG Decile); C: standard deviation of total 

carbon (STDDEV) [%]; D: standard deviation of decile total carbon (STDDEV Decile). 
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4.4. Discussion 

As sites with available soil property data was severely limited for the boreal forest in northern 

Ontario, the complexity of NNs in terms of numbers of units and layers were restrained to 

minimize the number of parameters to optimize regarding training. At first, DNNs and CNNs 

with no more than 16 units within each internal layer were investigated. However, the number 

of units per internal layer were scaled up to as much as 32 units so to attain better modeling 

accuracies. As reported in Tables 4.2 and 4.3, the ED-DNN and ED-CNN required the 

training for 2617 and 5097 parameters, accordingly. The DNN and CNN models reported in 

Table 4.4 used 1665 and 2721 parameters, respectively. For this study there were 144 

sampling sites, with 103 of those sites reserved for model training purposes. Compared to 

CNNs utilizing greater than tens of thousands of parameters (Lee and Song 2019), the EDs 

adopted in this study utilized far less parameters while still enhancing modeling accuracies 

for a customary study with respect to regional scale digital soil mapping.  

A different normalization for the predictor data was also tried. This alternative normalization 

conformed to linearly scaling each predictor between 0 and 1, basing upon the corresponding 

range between maximum and minimum values for each predictor, accordingly. However, 

when this normalization scaling was enacted the stability regarding training for the NNs was 

compromised as modeling accuracy noticeably worsen after a few additional epochs, as well 

as between simulation runs. Consequently, this issue was the reason why standardization 

with z-score (Lee and Song 2019) was implemented for normalizing the predictor data. When 

normalizing by scaling with the z-scores, the respective means and standard deviations for 

each predictor were calculated based upon all sites from the input data set. Thus, the same 
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means and standard deviations were utilized for the z-scores regarding the training and 

validation data sets. It was necessary to scale predictors using the same corresponding z-

scores for both the training and validation sets, as the models were trained on predictors 

transformed by z-score values. Furthermore, the same mean and standard deviations values 

for calculating the z-scores for each predictor were also utilized when generating prediction 

maps. This was implemented so that the predicted values conformed to the same 

transformations as adapted for model training. 

Improvements with modeling accuracy have been attained by the ED models, as is seen in 

Table 4.4. The ED models seem to filter out noise and sort out nonlinear interactions within 

the predictor data, that can be difficult to accomplish by other modeling approaches. Within 

digital soil mapping, it is common for dozens or more predictors to be utilized for modeling, 

even if the bulk of the prediction power can be attributed to only a few of those predictors 

(Minasny et al. 2019). Predictors that have been assessed with lower variable importance can 

potentially contribute informational gain regarding modeling for certain land cover types, but 

likely this information is loss as noise within the modeling. Thus, EDs can mitigate 

information loss due to this noise. Concerning EDs, there are functional differences between 

the ED-DNN and ED-CNN. As the ED-CNN is composed of convolutional layers, local 

features within the data can be extracted (Ke, Ren, and Yin 2024). Correspondingly, an ED-

DNN can also contend with nonlinearity or nonconvexity within data (Bai et al. 2024), but 

while generally necessitating the optimization of fewer modeling parameters. All in all, when 

compared to other modeling approaches, EDs can be employed to further extract relevant 

information from higher-dimensional data sets regarding modeling. 
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The results with the deciles mapping can support the selection of sites for obtaining soil 

samples in future field campaigns. This analysis indicates localities with the greatest 

uncertainties in terms of standard deviations when mitigating for the effects of over or 

underprediction. Thus, these greatest uncertainties correspond to areas where more samples 

should be collected so to potentially improving soil modeling accuracy. Inspecting Figure 

4.7-D, the greatest uncertainties with the deciles for soil C concentrations are for valleys or 

locations surrounding water. As these areas conform to forested localities with more variation 

of vegetation, an aim for selecting soil sampling locations should be to sample within 

localities surrounding water but outside of the wetland environments. Specifically, more 

forested sites of different age stands should be sampled when wanting additional sites for soil 

data. 

Regarding the standard deviation (STDDEV) prediction map, the largest standard deviations 

in terms of C [%] are for wetland localities. The models have consistently predicted high C 

for wetland areas, but the magnitude of these predictions vary by model. However, when 

inspecting the standard deviation plot that is based on the decile maps, higher standard 

deviations are discerned for forested regions near streams, rivers, or the edges of wetlands. 

Therefore, both types of these standard deviation maps impart useful insights. The STDDEV 

plot indicates that wetland areas have the highest uncertainties in terms of magnitudes of C 

[%]. Accordingly, the STDDEV decile plot shows that localities with the greatest prediction 

uncertainties in terms of quantiles coincide to localities of forest near water bodies. It is likely 

that these forested areas along rivers and streams correspond to locations of greater diversity 

with vegetation, indicating a need for models to better predict C for these sorts of localities 

consisting of intermediate soil C contents.  
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There is also the issue of uncertainties in modeling work, which ultimately impacts resulting 

modeling accuracy. Specifically, uncertainties can manifest from many aspects or sources 

(Caers 2011). These uncertainties can exist with ground truth, within measurements of soil 

properties (Tan 2005) as well as misidentification of categorical characteristics such as soil 

texture family or even vegetation tally counts for tree species classification (Williams et al. 

2001). Within covariate data as observed by remote sensing technologies, there also persists 

uncertainties in measurements, relating to sensor calibration thresholds (Rowlandson et al. 

2013) or from pointing errors with the remote sensor based on a satellite (Maharjan and Kim 

2024). Uncertainties also manifest for the modeling process. Specifically, predictors cannot 

fully capture or resolve all the variation within modeling (Caers 2011), particularly for data-

driving approaches where no resulting model is exactly perfect. There is even uncertainty 

with classification for prediction (Kumar et al. 1986; Wu et al. 2021), which has been deemed 

as important for soil modeling (Minasny et al. 2019). The issue of uncertainty, though 

impossible to fully overcome, nonetheless should be addressed in some form whenever 

feasible. 

4.5. Summary 

• Enhanced modeling accuracies were attained with ED approaches. In particular, an 

ED composed of CNN structure obtained the best modeling accuracy, which was 

followed next in accuracy by an ED consisting of DNN architecture.  

• The validation R2 was 0.59 for the ED-CNN, which was a vast improvement over R2 

values that were achieved by conventional modeling approaches such as RF. 
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• An ensemble model (AVG) based equally on all other modeling approaches still 

attained validation a R2 accuracy of 0.50, but with added robustness. Specifically, 

intermediate values of C content were also better predicted from this model. 

• Insights pertaining to over and underprediction were gauged from prediction maps 

corresponding to standard deviations of the targeted variable, as well as for standard 

deviations of quantile predictions of the targeted variable.  

• The standard deviation map based upon deciles was able to reveal areas with greatest 

modeling uncertainties when mitigating for over and underprediction magnitudes.  

• The areas with the greatest prediction uncertainties with respect to magnitude of C 

[%] were for the wetlands. This was due in part to the overall high predictions for C 

within wetland areas, so deviances arising from moderate or even still relatively high 

predictions in C [%] led to high uncertainties in predicted contents for the wetlands.  

• Regarding deciles, the greatest uncertainties with prediction were for forested regions 

along streams, rivers and the peripherally of wetlands. This arose in part due to the 

greater diversity of vegetation in these localities, indicating a need to better model 

these land cover types. 
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Chapter 5 

Enhanced Implementation for Structural Equation 

Modeling of Soil Carbon and Associated Properties 

 

5.1. Background 

Machine learning approaches have emerged as standard modeling procedures for digital soil 

mapping. In particular, random forest (RF) models have been increasingly employed for 

digital soil mapping (Minasny et al. 2019), with implementation for both classification 

(Brungard et al. 2015; Heung et al. 2016) and regression problems (Beguin et al. 2017). When 

compared to other approaches, RFs tend to attain better modeling accuracies (Beguin et al. 

2017; Brungard et al. 2015; Heung et al. 2016). However, many machine learning approaches 

do not decipher further insights concerning relations between predictors and target properties 

with respect to modeling. Of interest is the better comprehension as well as investigation into 

resolving physical processes or determinants in the context of modeling dynamics for digital 

soil mapping research. 

Structural equation modeling (SEM) can be harnessed for regression while also rendering a 

path analysis to quantify relations between predictors and target variables (Rosseel 2012). 

Via path analysis, correlations and strength of causal relationships regarding SEM can be 

determined, but directions for causality cannot be resolved (Angelini et al. 2016). Thus, SEM 

can be employed to unravel and explicate connections between predictors and interrelated 
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soil properties. SEM has been previously adopted within other research fields (Lin 2021); 

even for soil mapping (Angelini et al. 2016). Nevertheless, limitations persist relating to the 

application of SEM within digital soil mapping. Specifically, large sets of predictors are 

typically applied for digital soil mapping, which can lead to multicollinearity issues with the 

SEM and as well as impact goodness of fit assessments (Hu and Bentler 1999). Prior to 

modeling, it is usually unknown what specific predictors are most relevant, warranting the 

need to utilize many different types of environmental covariates as predictors. Hence, there 

exists a need for a feature selection process to resolve smaller sets of the most applicable 

predictors, so to facilitate SEM for digital soil mapping. 

Ranking of variable importance can be established by RFs (Brungard et al. 2015) and has 

been commonly employed in soil modeling. However, variable importance is dependent on 

the modeling approach that has been utilized, as different sets of predictors can be ascertained 

as important from other methodologies. This disparity can arise due to bias with methodology 

for variable ranking (Loecher 2022), or due to nonlinear interactions among predictors that 

cannot be explicitly resolved (Cheng and Bai 2019; Zhang et al. 2020). Multicollinearity 

between predictors may not be assessed by the approaches that have been initiated for 

variable importance. Consequently, a need exists for devising a framework to effectuate the 

application of SEM to digital soil mapping as more systematic. This modeling template 

should enact a multiapproach for gauging variable importance and resolve pairwise 

correlations so to avoid predictors with high correlations. The SEM should be fitted in a 

sequential stepwise process, evaluating goodness of fit metrics so to carefully assess the SEM 

for digital soil mapping. 
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5.2. Materials 

5.2.1. Study Area 

The study areas for this research correspond to the same areas as have been delineated for 

Chapter 2, that are situated within the District of Cochrane in Ontario, Canada. These study 

areas consist of Hearst, Gordon Cosens Forest (GCF), Kapuskasing within the GCF, and then 

Cochrane, in reference from the northwest to southeast along the Ontario highway 11 

corridor, respectively. The locations of these study areas as well as for the sites where soil 

samples have been extracted, is shown in Figure 5.1. Note that Figure 5.1 is similar to Figure 

2.2, apart from true-color composite imagery comprising the backgrounds of the delineated 

study areas in Figure 5.1 versus a CHM in Figure 2.2. The true-color imagery has been 

attained from Landsat 8 surface reflectance corresponding to the summer of 2017. Details 

regarding topography, vegetation and land covers for this study region have already been 

discoursed in Section 2.2 and thus have not been repeated here.    
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Figure 5.1. Study areas and location of sampling sites, with true-color composite imagery 

depicted within backgrounds of delineated study areas. Water bodies within region are also 

displayed. A: Reference of location for the study areas in northern Ontario, Canada. B: 

Cochrane study area, with insets focusing on clusters of sampling sites. C: Hearst, Gordon 

Cosens Forest (GCF) and Kapuskasing (within GCF) study areas, with insets focusing on 

clusters of sampling sites. 
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5.2.2. Soil Data 

The soil data used for this research was obtained from samples extracted during field 

campaigns in September 2018, August 2019 and August-September 2021. In total, soil 

samples were obtained for 144 sites corresponding to various representative land cover types 

within the study region. Additional information concerning the soil samples has been 

previously described in Section 2.3. For this research, the soil properties of bulk density (BD) 

[g/cm3], total carbon (C) [%; g/kg] and carbon-to-nitrogen ratio (C:N) were investigated 

regarding soil mapping. These soil properties each corresponded to one measurement per 

site, averaged from measurements resolved at all subplots for each site, from soil samples 

collected at the 5–15 cm depth of mineral soil. At this soil depth, C tended to be maximal, 

with the presence of root material for the overlying vegetation.  

Histograms for these soil properties are presented in Figure 5.2. Note the wide variations in 

measurements for each soil property, as the corresponding samples have been retrieved from 

various types of land covers. The soil properties of BD and C:N are more centrally 

distributed, whereas that for C is skewed to the right. Pearson correlations have also been 

calculated for these soil properties, with associated pairwise correlation coefficients of −0.81 

between BD and C, −0.35 for BD and C:N, and 0.54 for C and C:N, accordingly. Therefore, 

a large negative correlation exists between BD and C, with a moderate positive pairwise 

correlation for C and C:N. Consequently, the larger absolute values of pairwise correlations 

greater than 0.5 between soil properties support integrated modeling of BD for C, and C for 

C:N with SEM.  
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Figure 5.2. Histograms of bulk density (BD), total carbon (C) and carbon-to-nitrogen ratio 

(C:N) for the soil samples as obtained from the sampling sites for the 5–15 cm depth mineral 

layer. 

 

As the BD measurements were resolved separately from the C measurements, concentration 

values for C were considered for the modeling instead of carbon amounts with respect to 

masses. As wetland regions contained the highest C concentrations but also the lowest BD, 

it was reasoned that modeling C concentration instead of a carbon pool was more logical for 

differentiating better various land cover types. Nonetheless, once models were fitted for BD 

and C, a prediction map for carbon pool was generated by using the BD and C predictions. 

5.2.3. Environmental Covariates 

A variety of environmental covariates were derived from different remote sensing products. 

This included surface reflectance from Landsat imagery, point cloud LiDAR for the 

generation of rasterized covariates, SAR (synthetic aperture radar) data, aeromagnetic 

retrievals and tree species information mapping products. The full listing of environmental 
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covariates, corresponding to the full predictor set, has been listed in Table B.2 in Appendix 

B. 

The multispectral imagery corresponded to Tier 1 surface reflectance provided from the 

United States Geological Survey (USGS) that was downloaded via Google Earth Engine. 

This data was obtained from Landsat 5 imagery for years before 2012, and from Landsat 8 

imagery for principally the reference year of 2017. Data for all multispectral surface 

reflectance bands for each of Landsat 5 and Landsat 8 were acquired. This surface reflectance 

data was compiled from median pixel intensities based on image scenes with less than 2% 

cloud cover for over the defined seasons. These seasons included summer (June – August) 

for the time of peak vegetation, and winter (December – February) for vegetation dormancy. 

Imagery was also compiled over 5 years (2015 – 2019) for spring (May) and autumn 

(September 10th – October 10th) so to obtain enough cloud-free images for the median pixel 

computations. The Landsat 5 data was attained for change detection covariates, where only 

imagery corresponding to peak vegetation for summer (June – August) was utilized for it. 

Normalized difference indices were also calculated from the corresponding surface 

reflectance bands. These included the normalized vegetation index (NDVI), normalized 

difference water index (NDWI), a modified normalized difference water index (MNDWI) 

and a normalized difference built-up index (NDBI) for each defined season for 2017 from 

Landsat 8 imagery. 

Point cloud data for LiDAR was obtained from the Ontario Ministry of Natural Resources 

(MNR). This data was retrieved by aerial surveys completed during 2016 and 2017 (Airborne 

Imaging 2018). From this point cloud data, rasterized covariates for DEM, CHM and a gap 
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fraction were generated for pixels of 30 m spatial resolution. More details concerning the 

generation of these LiDAR-derived covariates was discoursed in Chapter 6. In particular, the 

DEM was derived from the lowest retrieval returns, and a DSM was constructed from the 

highest retrieval returns, with respect to recorded elevations from the LiDAR retrievals. From 

those covariates, the CHM was calculated as the difference of the DEM from the DSM. The 

gap fraction was computed as the proportion of retrievals with only one return, with regard 

to all retrievals. Multiple topographic covariates were then generated from the DEM using 

SAGA GIS software (Conrad et al. 2015), which corresponded to attributes for morphometry, 

hydrology, visibility and channel structure. 

SAR data for both C-band and L-band were acquired from Google Earth Engine. The C-band 

SAR was collected by Sentinel-1 from the European Space Agency (ESA) and compiled as 

an average for May 2017, corresponding to maximal ground moisture due to spring runoff 

arising from the annual snow melt. Yearly averages from L-band data for 2017 were obtained 

from the PALSAR (Phased Array type L-band Synthetic Aperture Radar) (Shimada et al. 

2014) sensor maintained by the Japan Aerospace Exploration Agency (JAXA). The L-band 

SAR was attained for HH (horizontal transmit, horizontal receiver) and HV (horizontal 

transmit, vertical receive) polarizations, with C-band SAR obtained for VV (vertical transmit, 

vertical receive) and VH (vertical transmit, horizontal receive) polarizations, respectively. 

Geophysical aeromagnetic survey data was also acquired from Natural Resources Canada to 

obtain covariates relating to underlying parent material. This data included gravity anomaly 

as well as its first vertical derivative as resolved for 2016 (Jobin, Véronneau, and Miles 2017) 

and a magnetic residual of total field and its first vertical derivative for November 2018. 
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Additional geospatial data products collected included vegetation attributes for tree species 

and biomass that were obtained from the National Forestry Inventory (NFI) of Canada. These 

data products corresponded to concentration percentage maps for tree species prediction of 

black spruce and balsam fir, as well as estimates regarding total volume, total dead biomass 

and stand age for the vegetation. These prediction maps acquired from the NFI were 

generated from non-parametric k-nearest neighbors (k-NN) models for the reference year of 

2011, based on MODIS (Moderate Resolution Imaging Spectroradiometer) surface 

reflectance as well as climatic and topographic information (Beaudoin et al. 2017, 2018). 

Indicator covariates were also created from RFs trained on multisource remote sensing data 

for the YU sampling locations. These indicators conformed to prediction maps regarding 

locations with no trees as well as with evergreen conifers for the study region.  

5.3. Theory and Calculations 

A framework was designed to facilitate digital soil mapping for SEM, depicted in Figure 5.3. 

After the compilation of geospatial data and subsequent generation of environmental 

covariates, a feature selection was enacted to attain the most important predictors. Pairwise 

correlations were then calculated for these predictors, from which the modeling process 

ensued. The SEM was implemented via a sequential stepwise process, which was succeeded 

by a path analysis to resolve contributions of predictors with targeted soil properties. 

Afterwards, prediction maps of the targeted soil properties were generated for each study 

area. Processes corresponding to these steps were explicated in further detail in this section. 
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Figure 5.3. Framework adopted for the facilitation of structural equation modeling (SEM). 
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5.3.1. Features 

The features corresponded to environmental covariates that conformed to soil formation 

factors, here designated by the scorp or scorpan acronyms (McBratney, Mendonça Santos, 

and Minasny 2003; Mulder et al. 2011). It was anticipated that the major drivers impacting 

soil properties for this study region corresponded to the soil formation factors of vegetation 

(i.e. organisms; o) and topography (i.e. relief; r), as was encountered for other studies for the 

boreal context (Beguin et al. 2017; Minasny et al. 2019). Due to interconnections between 

the soil properties of BD, C and C:N, soil (s) as a soil formation factor was also considered. 

In addition, features relating to other soil formation factors deemed of lesser importance for 

this study context were also included. These involved attributes relating to the bedrock 

geology such as aeromagnetic retrievals for parent material (p), as well as a change detection 

with surface reflectance that conformed to a time (n) factor. As climate for this study region 

was relatively homogenous throughout the domain, climatic (c) soil formation factors 

pertaining to temperature, precipitation or other weather data were omitted.      

The spatial resolution for most of the environmental covariates as collected or generated was 

30 m; if required the remaining environmental covariates were resampled to a spatial 

resolution of 30 m. Reprojection of all environmental covariates to the NAD (North 

American Datum) 1983 Lambert conformal conic coordinate system was implemented, 

corresponding to coordinates in eastings [m] and northings [m]. All covariate layers were co-

registered so that the corresponding pixels matched to the same grid lines for reference. 

Moreover, anomaly detection in terms of histograms and standard z-scores from a normal 

distribution (Mohseni et al. 2023) were checked for each of the environmental covariates 
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used as features. The physical feasibilities of values were examined for each feature, with the 

removal of any feature corresponding to missing or incomplete data for any soil sampling 

site location. 

5.3.2. Feature Selection 

A multisource compilation of geospatial data can yield a larger listing of environmental 

covariates that can correspond to multiple facets of soil formation factors. However, this can 

also result in high redundancies between various environmental covariates when utilized as 

predictors. To reduce the number of features from high dimensional data sets (Dai, Ding, and 

Wang 2016), a feature selection should be employed as multicollinearity between predictors 

can adversely impact modeling results (Gokmen, Dagalp, and Kilickaplan 2022; Zhao, Xu, 

and Wang 2017). Degradation of modeling with respect to multicollinearity is an issue for 

SEM (Grewal, Cote, and Baumgartner 2004), therefore feature selection is an important step 

for the preparation of predictor data for SEM. 

Data-driven as well as knowledge-driven methods for selecting environmental covariates 

have both been incorporated in the framework in Figure 5.3. The feature selection process 

here has utilized data-driven methods, whereas the SEM process in part has employed 

knowledge-driven methods for the finalized selection of environmental covariates used as 

predictors. As a first step, data-driven methods as with machine learning approaches 

(Brungard et al. 2015) can be applied to narrow down the listing of environmental covariates 

so to retain only the most relevant for modeling purposes. However, knowledge-driven 

methods (Laouici et al. 2025) can integrate domain subject matter expertise for selecting the 
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most suitable and of the importantly ranked environmental covariates, to ultimately 

implement for the modeling work leading to predictions. For SEM (Rappaport et al. 2020), 

knowledge-driven methods can lead to more useful insights gained by the modeling results 

as the environments covariates applied as predictors better relate to physical relevance as 

considered from subject matter judgement. 

Multiple methods were implemented for ascertaining the most important predictors regarding 

feature selection. Variable importances using the full set of all predictors were separately 

assessed by different methods, which afterwards were weighted together to obtain a reduced 

set of predictors, with this process enacted for each targeted soil property. To gauge variable 

importance, modeling approaches less affected by multicollinearity (Arashi, Lukman, and 

Algamal 2022; Chong and Jun 2005; Firinguetti, Kibria, and Araya 2017; Kuhn 2008) were 

utilized. These consisted of RF and partial least squares (PLS). Variable importance for the 

RF was evaluated by mean decrease in Gini impurity, corresponding to the decrease of 

impurity over all nodes of the decisions trees comprising the RF (Loecher 2022; Sage, 

Genschel, and Nettleton 2020). Within each decision tree, nodes were split so to maximize 

homogeneity within each leaf for attaining variance reduction (Sage, Genschel, and Nettleton 

2020) regarding regression. For PLS, variable importance for regression was assessed from 

the reduction in the sum of squares in reference to the regression coefficients (Chong and Jun 

2005; Kuhn 2007). In addition, model-independent approaches for gauging variable 

importance were also considered. This included assessing variable importance by simple 

linear regressions via t-test statistics on the slope pertaining to each variable (Atkinson and 

Riani 2002; Kuhn 2007). In addition, LOESS (locally estimated scatterplot smoothing) 

(Irizarry 2001; Jacoby 2000) evaluated variable importance from the coefficient of 
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determination (R2) for fittings between the target variable and each predictor variable (Kuhn 

2007). The caret package (Kuhn 2008; Kuhn et al. 2020) in R was used for resolving the 

variable importances for each of these approaches. 

Once all variables were ranked by each method, only the top ranked variables were kept. 

Regarding flexible constraint considerations (Niemand and Mai 2018), it was decided that 

no more than the number of predictors equaled to the floor of the square root of the number 

of training sites were retained. Here, this corresponded to selecting only the top 9 predictors 

from the variable importance rankings. These top predictors were then each assigned an 

integer score from 9 to 1, with higher score matching to higher variable importance ranking. 

This was done for each variable ranking method, from which these integer scores were 

summed together so to ascertain the top variables based on the aggregated scores from all 

methods. An advantage of this ensemble approach for variable ranking was that it mitigated 

bias, as variables that were not ranked highly in a couple of methods were still contemplated 

for the reduced sets of the most important predictors. This variable importance procedure 

was implemented separately for each of BD, C and C:N. 

To address multicollinearity, pairwise correlations in terms of the Pearson correlation 

coefficient were calculated between predictors within the reduced sets of features. In general, 

when considering these correlations any predictors pairs with correlations greater than 0.5 

were avoided (Dormann et al. 2013). In the cases with higher pairwise correlations, then only 

one of those predictors were retained. This rule was enacted with the intention of only 

retaining the predictor conforming to greater physical relevance regarding domain 

knowledge for soil mapping. Nonetheless, higher pairwise correlations were tolerated when 
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predictors were based on different sensors or corresponded to different soil formation factors 

or were utilized for direct modeling with other targeted soil properties. Latent variables were 

also considered if multiple predictors conforming to the same attribute of a soil formation 

factor were each selected for the reduced listing of the most important variables, with low 

absolute values of pairwise correlations for these predictors. 

5.3.3. Structural Equation Modeling 

SEM can link integrated regression modeling of target variables with respect to predictors, 

while also evaluating for conjectured casual relations. Regarding application to digital soil 

mapping, SEM can be implemented to unravel insights into drivers of soil properties. 

Specifically, SEM can tie connections between soil properties and environmental covariates 

conforming to soil formation factors (McBratney, Mendonça Santos, and Minasny 2003; 

Minasny et al. 2019). An associated path analysis can resolve casual connections between 

the predictor variables and targets without establishing directions of causality, with those 

connections being visualized by a path diagram (Rappaport, Amstadter, and Neale 2020). 

The parameters of SEM are optimized generally by maximum likelihood estimation (Rosseel 

2012). A sample variance-covariance matrix constitutes covariances among the variables 

(Lin 2021), and uncertainties for the target variables can be included via variance 

formulations into SEM.  Reasonability of fit for SEM is assessed by a chi-squared test on the 

user model (Hu and Bentler 1999) between model covariance and observed sampled 

covariance (Beribisky and Cribbie 2024; Lin 2021). Regarding goodness of fit, the intent for 

SEM is that the assessment for this chi-squared should be non-significant; this means that its 
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p-value should be greater than 0.05, inferring that the null hypothesis corresponding to a 

perfect model fit cannot be rejected (Beribisky and Cribbie 2024). 

The main goodness of fit indices reported were the comparative fit index (CFI), root mean 

square error of approximation (RMSEA) and standardized root mean square residual 

(SRMR). The CFI related the hypothesized model fit to that of a null model of the same 

observed variables but with covariances of zero for between variables (Beribisky and Cribbie 

2024). In terms of CFI, a good model fit was indicated by CFI > 0.95 (Hu and Bentler 1999). 

RMSEA conformed to the misfit of the model variance-covariance matrix from that of the 

sample variance-covariance matrix regarding weighted sums of squared deviations 

(Beribisky and Cribbie 2024). For RMSEA a good model fit was deemed by RMSEA < 0.06 

(Hu and Bentler 1999) or RMSEA < 0.08 (Byrne and van de Vijver 2010). The SRMR 

corresponded to the average of standardized residuals between the respective model and 

observed variance-covariance matrices (Chen 2007), with a good model fit indicated by 

SRMR < 0.08 (Hu and Bentler 1999). 

The regression modeling was performed first for BD, then for C followed by C:N, 

respectively. Predictors for these models corresponded to the most important features as 

identified by the feature selection process. Modeling was accomplished sequentially, starting 

with the highest ranked predictor, and then updating the models to include other predictors 

from the corresponding reduced set. Here, BD was a predictor for C, with C a predictor for 

C:N, accordingly. Standard errors for each of BD, C and C:N were also implemented into the 

SEM. A z-score from the Wald test (Rosseel 2012) assessed the significance of a predictor 

for SEM, with a predictor only kept within the model if its p-value was 0.05 or less. For 
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SEM, maximum likelihood estimation by nonlinear minimization with box-constrained 

optimization (Rosseel 2012) was adopted to obtain a solution. The lavaan package (Rosseel 

2012) in R was employed for SEM. 

Concerning data splitting, the data was randomly split 80:20 between training and validation 

sets. The root mean square error (RMSE) and R2 were the metrics evaluated for modeling 

accuracy, based upon assessment with the validation set. Prediction maps of BD, C and C:N 

for the domains of the study areas were then generated from the finalized integrated model. 

5.3.4. Random Forest Models 

For comparison purposes, RF models were trained for each of BD, C and C:N so to compare 

with results attained by SEM. Two RFs were trained for each of these targeted soil properties, 

with one RF trained on same predictors as used for the final SEM, and the other RF trained 

on the respective sets for top ranked predictors. These RFs were trained on the same set of 

training data allocated for the SEM, and subsequently evaluated on the same validation set 

as that for SEM. Regarding specifications for the RFs, the number of trees (ntree) were set 

to 1000 and the mtry parameter corresponding to the number of predictors randomly selected 

at each node was varied from integer values of 1 up to 35. The mtry parameter was selected 

so to optimize training accuracy. It was ranged to include the integer value of the square root 

of the number of predictors in the original set prior to feature selection (Blackford, Heung, 

and Webster 2022), upwards to at least one third of the number of the predictors in the 

original set. Cross validation (CV) with 10-folds and 10 repeats was performed for training 

the RFs. For training and assessing the RFs, the caret package (Kuhn 2008) in R was adopted. 
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Once models and corresponding prediction maps were generated for BD and C, a carbon pool 

(CP) using BD and C concentrations (Jurgensen et al. 2017) was calculated. As C and BD 

quantities were unknown at deeper soil horizon depths, the CP was computed as the mass of 

carbon per cubic centimeter for the 5–15 cm mineral soil depth. The calculation for CP was  

𝐶𝑎𝑟𝑏𝑜𝑛 𝑃𝑜𝑜𝑙 [
g

cm3] =  𝐵𝑢𝑙𝑘 𝐷𝑒𝑛𝑠𝑖𝑡𝑦 [
g

cm3] ×  𝑇𝑜𝑡𝑎𝑙 𝐶𝑎𝑟𝑏𝑜𝑛 [%]. (5.3) 

These values for CP were computed per pixel, and subsequent prediction maps for CP were 

generated. 

5.4. Results 

The feature selection of the most important variables was resolved prior to the SEM step. 

Results of the feature selection for the targeted soil properties were presented in Tables 5.1, 

5.2 and 5.3 for BD, C and C:N, respectively. Note that the higher the final score count for a 

predictor, the higher was the assessed variable importance. Inspecting Table 5.1 for BD, 

predictors for surface reflectance, CHM and slope attributes had the highest variable 

importance rankings. In Table 5.2 for C, BD followed by near-infrared surface reflectance 

for May, plan curvature and terrain topographic covariates were of higher variable rank. For 

C:N in Table 5.3, C followed by covariates relating to water detection and elevation attained 

the highest variable importance ranking regarding predictors. 
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Table 5.1. Feature selection for bulk density (BD) as ascertained by multiapproach variable ranking, with predictors listed in order of 

rank. 

Predictor Variable Importance – Bulk Density (BD) Score 

RF PLS Linear LOESS 

Value Points Value Points Value Points Value Points 

B5 Summer 2017 0.7831 7 0.0120 9 4.7367 8 0.2134 4 28 

CHM 0.8500 9     4.5446 3 0.2433 9 21 

B5 May 0.7783 6 0.0088 3 4.4093 1 0.2342 8 18 

B3 Winter 2017   
 

    4.6738 7 0.2166 6 13 

Mid Slope Position 0.7123 5 0.0104 8     
 

  13 

B5 Winter 2017 0.6248 1     4.7906 9 0.2055 2 12 

YU No-Trees Indicator   
 

0.0099 7 4.5885 5 
 

  12 

B2 Winter 2017   
 

    4.5513 4 0.2152 5 9 

B4 Winter 2017   
 

    4.6426 6 0.2107 3 9 

B6 May   
 

    4.5127 2 0.2209 7 9 

Gap Fraction 0.8252 8         
 

  8 

Slope Height   
 

0.0099 6     
 

  6 

B5 Fall 0.6556 3 0.0083 1     0.2006 1 5 

MNDWI May   
 

0.0096 5     
 

  5 

DEM 0.6651 4         
 

  4 

YU Evergreen Indicator   
 

0.0090 4     
 

  4 

Change Magnitude B3 B4 B5 1995–2005   
 

0.0087 2     
 

  2 

Slope 0.6278 2             2 
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Table 5.2. Feature selection for total carbon (C) as ascertained by multiapproach variable ranking, with predictors listed in order of rank. 

Predictor Variable Importance – Total Carbon (C) Score 

RF PLS Linear LOESS 

Value Points Value Points Value Points Value Points 

Bulk Density 3439.6270 9 1.7617 9 15.4295 9 0.8976 9 36 

B6 May 428.8530 8     4.4765 8 0.1965 5 21 

B5 May 357.7258 5     3.8371 6 0.2046 8 19 

B7 May 403.0664 6     4.1258 7 0.1699 3 16 

B4 May 352.1136 4         0.2036 7 11 

Plan Curvature   
 

0.6176 8     
 

  8 

MNDWI Fall   
 

0.4286 7     
 

  7 

Stream Power Index 407.4956 7         
 

  7 

Change Magnitude B3 B4 B5 1984–2005 290.3521 2 0.3697 4     
 

  6 

DEM   
 

        0.2032 6 6 

NFI Picea Mariana   
 

0.4163 6     
 

  6 

B3 Winter 2017   
 

    3.7672 5 
 

  5 

Magnetic Residual November 2018   
 

0.3779 5     
 

  5 

MNDWI Winter 2017   
 

0.3681 3     0.1685 2 5 

B3 May   
 

        0.1813 4 4 

B5 Winter 2017   
 

    3.7412 4 
 

  4 

B2 Winter 2017   
 

    3.7069 3 
 

  3 

Valley Depth 340.2267 3         
 

  3 

B4 Winter 2017   
 

    3.6807 2 
 

  2 

MNDWI May   
 

0.3476 2     
 

  2 

B2 May   
 

        0.1639 1 1 

Mid Slope Position   
 

0.3227 1     
 

  1 

NDBI Winter 2017   
 

    3.4281 1 
 

  1 

Slope 257.6389 1             1 
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Table 5.3. Feature selection for carbon-to-nitrogen ratio (C:N) as ascertained by multiapproach variable ranking, with predictors listed 

in order of rank. 

Predictor Variable Importance – Carbon-to-Nitrogen Ratio (C:N) Score 

RF PLS Linear LOESS 

Value Points Value Points Value Points Value Points 

Total Carbon 217.5566 9 0.3542 9 6.3687 9 0.2852 9 36 

SAR C VV May 2017 128.1158 8 0.1619 8 4.6362 8 0.2046 7 31 

DEM 93.8209 5 0.1522 6 3.5971 5 0.2154 8 24 

NDVI Fall 106.0946 7         0.1927 5 12 

Standardized Height   
 

0.1420 5 3.7674 6 
 

  11 

MRVBF 106.0716 6 0.1373 4     
 

  10 

B1 Winter 2017 67.0613 1     3.8235 7 
 

  8 

B4 Fall 75.9494 2         0.2012 6 8 

B6 May 81.4080 4     3.5694 4 
 

  8 

Convergence Index   
 

0.1615 7     
 

  7 

Gravity Anomaly 2016   
 

0.1231 3 3.5184 2 
 

  5 

B4 Summer 2017   
 

        0.1859 4 4 

B11 Summer 2017   
 

    3.5260 3 
 

  3 

B7 May 80.4987 3         
 

  3 

B7 Summer 2017   
 

        0.1799 3 3 

Change Magnitude B3 B4 B5 1984–2005   
 

0.1231 2     
 

  2 

NDBI Fall   
 

        0.1773 2 2 

B6 Fall   
 

    3.4320 1 
 

  1 

NDWI Fall   
 

        0.1753 1 1 

SAGA TWI     0.1143 1         1 
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After the feature selection process, pairwise correlations were calculated between all 

predictors within the reduced sets pertaining to the most important features. These predictors 

were further streamlined by the modeling process with SEM. Pairwise correlations of the 

environmental covariates harnessed as predictors for the finalized SEM were presented in 

Figure 5.4. Inspecting Figure 5.4, for the most part the absolute values of the pairwise 

correlation coefficients did not exceed 0.50. Nevertheless, there was a pairwise correlation 

of 0.76 between DEM and SAGA TWI, and −0.71 between the slope and SAGA TWI. 

However, it should be mentioned that these predictors were directly applied for modeling 

different soil properties within the integrated SEM, with slope and DEM both predictors for 

C and SAGA TWI a predictor for C:N. As well for noting purposes, slope was an input for 

the generation of SAGA TWI, and slope was derived from a DEM (Kopecký, Macek, and 

Wild 2021). From Table 5.4, there was also a moderate pairwise negative correlation for 

slope and MRVBF, and a moderate pairwise positive correlation for mid slope position and 

slope height. Apart from that, absolute values of other pairwise correlations for the reduced 

set of predictors were less than 0.5, with most of these values less than 0.3.  

The regression results of the finalized SEM were depicted in Table 5.5. These results listed 

the predictors utilized for modeling each targeted soil property, as provided in the order for 

the SEM process. Variance terms for the targeted soil properties were presented at the bottom 

of Table 5.4. Estimates for the regression coefficients, along with standard errors, z-values 

and p-values were noted. Regarding significance levels, asterisks were indicated, with one 

asterisk corresponding to a p-value of at least < 0.05, two asterisks for < 0.01, and three 

asterisks for < 0.001, accordingly. Looking at Table 5.4, all the predictors retained were 

significant as all p-values were less than 0.05. Furthermore, goodness of fit indices were 
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evaluated for the SEM, presented in Table 5.5. All evaluations for these indices corresponded 

to a good fit, including for the RMSEA metric (Byrne and van de Vijver 2010). 

 

Figure 5.4. Pairwise correlations between environmental covariates as retained in the 

structural equation modeling (SEM). 
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Table 5.4. Predictors (top) and variance terms (bottom) for the finalized structural equation modeling (SEM) regression, with estimates 

and p-values reported. 

Regression     Estimate Standard 

Error 

z-Value p-Value 

Bulk Density BD [g/cm3]   
   

    Canopy Height Model CHM [m] −0.019 0.006 −2.906 0.004** 

    Slope 
 

[°] −0.021 0.010 −2.026 0.043* 

    Mid Slope Position 
 

[m] −0.948 0.295 −3.216 0.001** 

    Slope Height 
 

[m] 0.045 0.012 3.740 0.000*** 

Total Carbon C [%]   
   

    Bulk Density BD [g/cm3] −21.357 1.096 −19.489 0.000*** 

    Digital Elevation Model DEM [%] 0.159 0.027 5.826 0.000*** 

    Plan Curvature 
 

[1/100 z-unit] −4.884 1.762 −2.772 0.006** 

Carbon-to-Nitrogen Ratio C:N 
 

  
   

    Total Carbon C [%] 0.232 0.032 7.325 0.000*** 

    SAR C VV May 2017 
  

0.578 0.202 2.857 0.004** 

    Multi-Resolution Valley Bottom Flatness MRVBF 
 

−0.413 0.136 −3.029 0.002** 

    SAGA Topographic Wetness Index SAGA TWI 
 

0.833 0.177 4.707 0.000*** 

Variances             

    Bulk Density 
  

0.202 0.027 > 7.616 0.000*** 

    Total Carbon 
  

36.033 4.731 > 7.616 0.000*** 

    Carbon-to-Nitrogen Ratio     17.939 2.355 > 7.616 0.000*** 
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Table 5.5. Goodness of fit indices evaluated on the finalized structural equation modeling 

(SEM). 

SEM Metric Value Recommended Range 

Model Test User Model p-value (Chi-squared) 0.099 > 0.05 (Beribisky and Cribbie 2024) 

Comparative Fit Index (CFI) 0.969 > 0.95 (Hu and Bentler 1999) 

Root Mean Square Error of Approximation (RMSEA) 0.061 < 0.06 (Hu and Bentler 1999),               

< 0.08 (Byrne and van de Vijver 2010) 

Standardized Root Mean Square Residual (SRMR) 0.037 < 0.08 (Hu and Bentler 1999) 

 

A path diagram for the resulting path analysis with the SEM is shown in Figure 5.5. In this 

diagram, environmental covariates are listed along the left side, with the targeted soil 

properties along the right. The standardized parameter estimates are noted for the paths, and 

different coloring has been used to denote positive versus negative contributions. For the 

targeted soil properties, the contributions from variances have also been indicated. 

 

Figure 5.5. Path diagram depicting the path analysis for the finalized structural equation 

modeling (SEM), with standardized parameter estimates noted. 
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Looking at the path diagram in Figure 5.5, for BD each of CHM, slope and mid slope position 

had reversed interactions. For the slopes, this meant that flatter topography corresponded to 

higher BD, and lower CHM also conformed to higher BD. This finding corroborated to 

farmland, as the croplands were sufficiently flat and conformed to compacted soil and hence 

high BD values. Moreover, the forested regions tended to have more variance with 

topography, and lower relative BD. The highest standardized parameter estimate for BD was 

from its variance term. As for C, its highest contribution came from BD, with a reverse 

relation between BD and C. For this study area, C was lowest for the cropland localities 

which correspondingly had the highest BD, whereas the wetlands had the highest C but 

lowest BD. DEM had the next highest contribution for C, with a positive interaction 

indicated; for this region the forested tracts tended to coincide with higher elevations than 

that for the cropland areas. Finally, for C:N the largest contributions came from its variance 

term, followed by C and SAGA TWI. For C:N after the impact of C, covariates relating to 

water or moisture had relevance such as for SAGA TWI, C-band SAR and MRVBF. 

Modeling accuracies as assessed on the validation set were reported in Table 5.6. Accuracies 

were noted for the SEM, as well as RFs trained on the same reduced set of predictors as the 

finalized SEM noted in Figure 5.4. In addition, RFs were trained for each targeted soil 

property from the full set of predictors prior to feature selection. To finetune the RFs when 

training so to optimize accuracy, the mtry parameter was ranged over integer values from 1 

up to 35. For the optimized RFs trained on the reduced set of predictors as utilized for SEM, 

the mtry parameters corresponded to 4, 1 and 4 for the BD, C and C:N RFs, respectively. As 

for the RFs fitted on the full set of predictors, the mtry parameters for optimized RFs were 4, 

2 and 23 for BD, C and C:N, accordingly. Gains in accuracy were attained for SEM when 



 
121 

compared to RFs trained on the full predictor set, with the exception for C:N. Furthermore, 

accuracy gains were achieved by the RFs trained on the same reduced set of features that 

were ascertained as important by the framework in Figure 5.3. Consequently, the processes 

for feature selection and SEM in this framework also helped to improve model accuracies 

achieved for RFs. Attained accuracies regarding R2 were around 0.3 for BD and 0.4 for C 

when assessed on the validation data, which was an improvement from R2 of approximately 

0.2 for the RF fitted upon the full set of predictors. However, when considering Fisher’s z-

test for statistical inference using equation (4.1) with n equal to 28 sites, none of the R2 values 

between the models were statistically significance from one another for the comparisons that 

were evaluated.  

Prediction maps were generated for the targeted soil properties over the domains of the study 

areas. These prediction maps corresponded to BD in Figure 5.6, C in Figure 5.7, CP in Figure 

5.8, and C:N in Figure 5.9, respectively. Results of prediction from the SEM as well as RFs 

trained on the same set of predictors as for the SEM were presented. With these prediction 

maps, soil properties varied depending on land cover type. In Figure 5.6, the greatest BD 

quantities were predicted for the cropland, with the lowest BD for the wetland areas. 

Conversely, in Figure 5.7 the greatest C was for the wetlands, with the least C for the cropland 

fields. From the soil sample data, BD for croplands tended from 1.5 to 2.5 g/cm3, with BD 

for wetlands usually between 0.3 to 0.7 g/cm3. Measurements for C typically corresponded 

to less than 50 g/kg for croplands, but wetlands contained the greatest contents of 200 g/kg 

or more. Therefore, the predicted values of BD and C conformed to expectations. These 

predictions were comparable to those previously reported in boreal ecozones (Laganière et 

al. 2013; Mansuy et al. 2014). By inspecting Figure 5.8 for CP, as similar to Figure 5.7 for C 
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the localities with the greatest carbon amounts corresponded to the forested and wetland 

regions, with agricultural areas containing the least amounts of carbon. For C:N, in Figure 

5.9 the highest C:N was for the tracts of primary forest, with the lowest C:N for the croplands. 

Predictions for C:N corresponded to values between 5 to 10 for the cropland fields versus 20 

to 40 for mature expanses of forest. Moreover, these predictions were comparable to what 

has been reported within the boreal shield of Canada (Mansuy et al. 2014) as well as for a 

different study in northern Ontario (Beguin et al. 2017). 

 

Table 5.6. Modeling accuracies for the models as evaluated on the validation set. Results of 

statistical testing for differences with R2 accuracies as with between corresponding SEM 

models are noted. 

Soil Property     SEM RF RF 
  

    SEM Predictor 

Set 

Full Predictor Set 

    RMSE R2 RMSE R2 RMSE R2 

Bulk Density (BD) [g/cm3] 0.45 0.33 0.45 0.31 0.50 0.15 

Total Carbon (C) [%] 8.86 0.38 8.54 0.44 9.78 0.20 

Carbon-to-Nitrogen (C:N)   4.81 0.16 4.67 0.20 4.67 0.21 

Significance Test – SEM Comparison    z-Value p-Value z-Value p-Value 

Bulk Density (BD)    0.09 0.93 0.87 0.39 

Total Carbon (C)    −0.28 0.78 0.84 0.40 

Carbon-to-Nitrogen (C:N)    −0.20 0.84 −0.25 0.80 
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Figure 5.6. Bulk density (BD) prediction maps for structural equation modeling (SEM) (left) 

and random forests (RFs) trained using the same predictor set as for the finalized SEM (right). 

Coordinate grids are in the NAD 1983 Lambert conformal conic projection with eastings [m] 

and northings [m]. 
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Figure 5.7. Total carbon (C) prediction maps for structural equation modeling (SEM) (left) 

and random forests (RFs) trained using the same predictor set as for the finalized SEM (right). 

Coordinate grids are in the NAD 1983 Lambert conformal conic projection with eastings [m] 

and northings [m]. 
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Figure 5.8. Carbon pool (CP) prediction maps for structural equation modeling (SEM) (left) 

and random forests (RFs) trained using the same predictor set as for the finalized SEM (right). 

Coordinate grids are in the NAD 1983 Lambert conformal conic projection with eastings [m] 

and northings [m]. 
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Figure 5.9. Carbon-to-nitrogen ratio (C:N) prediction maps for structural equation modeling 

(SEM) (left) and random forests (RFs) trained using the same predictor set as for the finalized 

SEM (right). Coordinate grids are in the NAD 1983 Lambert conformal conic projection with 

eastings [m] and northings [m]. 
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5.5. Discussion 

The framework presented in Figure 5.3 advanced the feasibility of SEM for digital mapping. 

Multiple approaches of resolving variable importance assisted with alleviating bias for 

identifying the most important predictors. Nonetheless, impartial ranking of individual 

predictors was difficult due to implicit interactions between predictors (Cheng and Bai 2019; 

Zhang et al. 2020). This was where SEM yielded support for the inclusion of predictors from 

the assessment of statistical significance for a predictor within a model. Individually, a 

predictor might not had attained high variable importance, but nonetheless in combination 

with another predictor was of consequence for modeling a target variable. For that reason, 

flexibility was enacted concerning the inclusion of other predictors as well as latent variables. 

This adaptability was instituted into the framework design to systematize the process of 

feature selection while also permitting heuristic considerations regarding predictors.       

Latent variables formulations were also investigated for the SEM in Figure 5.3 regarding 

predictors for modeling. Specifically, latent variables conforming to physical attributes 

within soil formation factors were considered, when the feature selection ranked more than 

one predictor corresponding to the same physical attribute with high importance. Latent 

variables were tried for change detection, surface reflectance, terrain morphometry and 

topographic visibility, respectively. However, when each of these latent variables were 

included the statistical significances of other predictors were adversely impacted, as some 

predictors ranked with high variable importance were no longer statistically significance for 

the SEM. Furthermore, the goodness of fit indices as noted in Table 5.5 were also negatively 

impacted. If the inclusion of multiple latent variables at once within the SEM were 
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implemented, then the algorithm for optimizing the SEM did not converge for a solution. 

Therefore, for attaining acceptable goodness of fit indices and retaining only statistically 

significance predictors within the SEM, no latent variables were included. Nevertheless, due 

to the lack of latent variables within the SEM the comprehension was more straightforward 

regarding the contribution of specific predictors with the associated path analysis. 

Improving modeling accuracies for digital soil mapping is an active area of research, with 

accuracies depending largely due to context of the study region. For the boreal forest in 

Canada, a separate study (Beguin et al. 2017) using various approaches has attained modeling 

accuracies comparable to those that have been reported in Table 5.6 for BD, mineral C and 

organic C:N. Accuracy plots (Beguin et al. 2017) have indicated validation R2 of 0.02 to 

around 0.40 for BD, 0.01 to 0.14 for mineral C, and 0.15 to 0.50 for organic C:N, accordingly. 

Nonetheless, when spatial coordinate information has been excluded from the models then 

the modeling accuracy has decreased. Correspondingly for that case, R2 is between 0.12 to 

0.27 for BD, less than 0.1 for mineral C, and between 0.25 to 0.35 for organic C:N. Another 

study (Mansuy et al. 2014) using k-NN models has attained R2 of 0.175 for mineral BD, 

0.199 for mineral organic C, and 0.056 for C:N, respectively. Thus, the modeling accuracies 

that have been achieved by SEM are similar to what have been reported in other studies yet 

providing insights into unraveling potential causal connections between environmental 

covariates and soil properties. 
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5.6. Summary 

• Framework was devised to facilitate SEM for digital soil mapping, by effectively 

streamlining predictors with a feature selection and accounting for high pairwise 

correlations to mitigate multicollinearity. 

• Multiapproach for feature selection reduced bias in gauging variable importance, as 

it permitted features not evaluated with top variable rankings for all methods to be 

considered if the feature was top ranked for at least one approach. 

• Calculating pairwise correlations between predictors helped to mitigate 

multicollinearity by avoiding pairing of predictors with high correlations. 

• Modeling accuracies attained by SEM exceeded those from an RF trained on the full 

set of predictors, except for C:N. Moreover, RFs trained on the reduced set of features 

as utilized for the finalized SEM also achieved improved accuracies. 

• Path analysis regarding SEM discerned contributions to targeted soil properties from 

predictors, supporting the resolving of drivers for soil formation factors. 

• Slope attributes and CHM were of the highest importance for BD. BD along with plan 

curvature and DEM were of the most significance for C, and C along with 

environment covariates relating to water detection were of importance for C:N. 

• Goodness of fit indices should be considered when assessing SEM results. These 

metrics should include CFI, RMSEA and SRMR. 

• Cropland areas had the highest predicted BD, but lowest predicted C and C:N. 

Comparatively, wetland areas had the lowest BD and highest C, and highest C:N 

corresponded to stands of mature forest. 
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Chapter 6 

Constructing Rasterized Covariates from LiDAR 

Point Data using Structured Query Language 

 

Research presented in this chapter has been published in the conference paper: 

4 Pittman, R. and B. Hu, 2024. “Constructing Rasterized Covariates from LiDAR Point Cloud 

Data via Structured Query Language.” Proceedings 110(1): 1–8. 

https://doi.org/10.3390/proceedings2024110001. 

 

  

 
4 I want to thank the publisher MDPI and the coauthor who have permitted me to reuse this 

article in my dissertation.  
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6.1. Background 

Point cloud data is commonly utilized for data storage of 3-D point collection for geospatial 

applications, especially for retrievals of LiDAR returns (Garcia et al. 2017). Recently, 

LiDAR data has been retrieved over more areas, and intensities of point density and return 

counts have also been increasing as technology progresses. Depending on the size of study 

area being investigated, the processing of LiDAR data can become an overwhelming task, 

particularly if lacking access to proprietary software that can support the transformation of 

geospatial point cloud data. Lately within digital soil mapping and tree species classification, 

wall-to-wall coverage for environmental covariate data throughout the domains of study 

areas are necessary for the generation of prediction maps. For these applications, study areas 

can easily exceed hundreds, if not thousands of square kilometers (Minasny et al. 2019). 

Consequently, there is a need for a streamlined process to effectively construct environmental 

covariates from LiDAR point cloud data. 

One of the most functional products that is typically derived from LiDAR point cloud data is 

a digital terrain model (DTM), as topographic covariates are usually generated from a DTM 

for terrain analysis (Franklin 2020). Normally, covariates such as a DTM or digital surface 

model (DSM) are created from continuous surfaces conforming to triangulated irregular 

network (TIN) meshes (Khosravipour et al. 2014; Southee, Treitz, and Scott 2012) that are 

constructed from LiDAR point cloud. As covariates corresponding to other sensors or 

pixelized imagery can be analyzed together with a DTM, rasterized covariate layers are of 

interest. For these rasterized covariate layers, each pixel constitutes one value, with the pixel 

size matching to cell size and the pixel boundaries corresponding to grids of geospatial 
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reference. Computations for generating rasterized layers are optimized when sufficient 

resources are available. Nonetheless, processing can become difficult to achieve without 

adequate computational resources, especially if calculations for deriving covariates need to 

be modified or implemented over larger spatial domains. 

Structured query language (SQL) can be harnessed to process point cloud data and generate 

a variety of rasterized covariates. In the context of SQL (Sumathi and Esakkirajan 2007), 

each point cloud data point can correspond to a record, also known as a row, within a data 

table. Unique identifiers can be matched to each record so to maintain a structured form for 

storage within a database and facilitate merging with other data. Queries can be implemented 

to filter what data is selected, varying in complexity from simple querying to that entailing 

more sophistication. Moreover, SQL can effectively aggregate data to the refinement of 

coordinate grids, with data tabulated so that each record comprises as a pixel for a calculated 

rasterized covariate. These can correspond to basic features such as a DTM and a DSM both 

generated from LiDAR point cloud data, as well as other covariates relating to the overlying 

vegetation such as a canopy height model (CHM) and a gap fraction.    

6.2. Materials and Methods 

6.2.1. Point Cloud Data 

LiDAR point cloud data (Airborne Imaging 2018) from Land Information Ontario (LIO) with 

the Ontario Ministry of Natural Resources (MNR) was obtained. This LiDAR data was 

collected by aerial survey during 2016 and 2017 for over a large expanse within the District 

of Cochrane ranging from the communities of Hearst to Cochrane, centered along the Ontario 
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highway 11 corridor. Regarding data structure, this point cloud data was saved in LAS 

(LASer) format with each line of data corresponding to one retrieval. For each retrieval point, 

an easting coordinate (X) [m], northing coordinate (Y) [m], vertical elevation (Z) [m] and 

return count per retrieval were all recorded. Coordinates for eastings and northings 

corresponded to the NAD (North American Datum) 1983 UTM (Universal Transverse 

Mercator) Zone 17 N (North) projection. Additional information recorded per retrieval were 

information pertaining to the sensor such as LiDAR intensity, scan angle and a time [s]. The 

structure of LiDAR point cloud data as conserved in LAS format was depicted in Table 6.1. 

Each LiDAR LAS file conformed to geospatial tiles of 1 km2 in area with point density of 

approximately 8 retrievals per m2 (Airborne Imaging 2018). In terms of file size, each of 

these LAS tile file corresponded to around 0.5 GB. For the District of Cochrane, 6085 LAS 

tiles (Airborne Imaging 2018) in total were collected, which were subsequently used for 

encompassing the domains of separate study areas. 

Table 6.1. Structure of LiDAR point cloud data1 for retrievals as saved within an LAS file. 

X Y Z  TIME RETURN_NUM 

283,562.88 5,506,000.03 248.42 … 163,377,412.996137 3 

283,567.95 5,506,000.06 248.52  163,377,413.057318 1 

283,574.36 5,506,000.15 248.58  163,377,413.134531 2 

⋮ ⋮ ⋮  ⋮ ⋮ 

1 Structure of LiDAR_Data base table for SQL queries in Figures 6.2 and 6.3. 

 

An example of point cloud representation of LiDAR data as obtained from a LAS tile file is 

shown in Figure 6.1. Here, this plotting corresponds to a 20 m by 20 m subset from a LAS 
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file covering a 1 km by 1 km portion of the Abitibi River Forest (ARF), with different 

colorings corresponding to the elevation at which LiDAR returns were collected. In NAD 

1983 UTM Zone 17 N coordinates, the subset in Figure 6.1 conforms to eastings [m] from 

460,000 to 460,020 and northings [m] from 5,463,000 to 5,463,020, accordingly. The total 

number of LiDAR returns for this subset are 4974 points. Note the appearance of conifer 

trees of approximately 10 m in height, with the tops of the trees indicated by yellow or light 

green coloring, the bulk of the tree canopies by green coloring, and then the lower canopies 

and ground by purple coloring, respectively.  

 

Figure 6.1. Representation of LiDAR point cloud data for a forested 20 m by 20 m subset 

from a LAS tile file, with the vertical coordinate corresponding to the elevation level [m] of 

LiDAR point returns. Darker coloring corresponds to lower elevations. Coordinate grids for 

eastings [m] and northings [m] are in the NAD 1983 UTM Zone 17 N projection. 
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6.2.2. Methodology 

As received from LIO the LiDAR LAS files were compressed in the LAZ format. These LAZ 

files were uncompressed and extracted in bulk using LASzip software (Isenburg 2013). The 

resulting LAS files were then read into Python using the laspy library, from which the sqlite3 

(Gaffney et al. 2022) module in Python utilized SQL conforming to the SQLite variant. The 

SQL commands in Python were implemented through the usage of cursors from the sqlite3 

module. 

Summary variables were attained in SQL using the group by clause. To obtain one record 

value conforming to one pixel for a resulting rasterized layer, the round function was 

exploited to resolve the pixel coordinates, which was done for cell sizes of 30 m by 30 m 

spatial extent. These resulting pixel coordinates corresponded to easting and northings, with 

these combinations comprising as unique identifiers or keys for merging the aggregated 

output to other rasterized layers stored in the form of structured data tables. The SQL 

commands for generating a DTM, a DSM and a CHM were presented in Figure 6.2. Note 

here, that the CHM was calculated as the DSM minus the DTM. 

 

Figure 6.2. SQL for constructing a DSM, DTM and CHM from LiDAR point cloud data.  

 

CREATE TABLE LiDAR_1 AS

SELECT ROUND(X /30 − 0.5,0)*30 AS X_BASE , ROUND(Y /30 − 0.5,0)*30 AS Y_BASE ,

COUNT(RETURN_NUM ) AS RETURN_COUNT ,

MAX(Z ) AS DSM , MIN(Z ) AS DTM , (MAX(Z ) − MIN(Z )) AS CHM

FROM LiDAR_Data

GROUP BY X_BASE , Y_BASE ;
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Examining the SQL in Figure 6.2, the round function was utilized to compute the lower pixel 

bounds for the grid coordinates, for pixel sizes of 30 m by 30 m for spatial resolution. 

Extreme values were resolved from the aggregation via the group by clause. This 

corresponded to using the maximum vertical elevation value as the DSM and the minimum 

vertical elevation value as the DTM, based on the LiDAR point cloud data within each 

constituted pixel.  

Note that a 30 m by 30 m resolution was selected as this was the spatial resolution for Landsat 

imagery as obtained for digital soil mapping purposes, so a 30 m by 30 m spatial resolution 

for generating predictors was rational. For the tree species classification presented in Chapter 

3, a 2 m by 2 m spatial resolution was utilized as that was the resolution of the WV2 

multispectral imagery, so finer spatial resolution environmental covariates were derived. 

SQL queries were also executed to construct a gap fraction covariate, which was calculated 

per pixel as the proportion of retrievals with only one return, with these SQL queries shown 

in Figure 6.3. Note that the final summary table comprised of the computed features of DSM, 

DTM, CHM and gap fraction, with values for these features rounded to two decimal places. 

Note that the SQL commands depicted in Figures 6.2 and 6.3 were implemented per LAS 

file. However, all the study areas investigated were larger than the 1 km2 area confines per 

LAS tile file, with some study areas covering more than 1000 km2. Thus, the LAS files had 

to be processed sequentially regarding SQL. For that task, batch scripts were executed to load 

and input one LAS file at a time. These scripts carried out the necessary queries and then 

appended the output from the summary table to another table storing this compiled output 

for the previously processed LAS files. This compiled output contained unique combinations 
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of easting and northing coordinates, so to match output to the respective pixels. The os and 

glob modules in Python were utilized for implementing the batch processing and exploited 

patterns within the filenames to effectively read in the LAS files (Airborne Imaging 2018).  

 

Figure 6.3. SQL for constructing a gap fraction, with DSM, DTM and CHM also included 

in the summary table. 

 

Before rasterization using the compiled summary table was performed, the compiled 

summary table had to be restacked. This restacking transformed the data from a list to 2-D 

arrays, with northing coordinates arranged sequentially for the rows and easting coordinates 

arranged sequentially for the columns. It was important that there were no gaps in reference 

to the grid coordinates. Respectively, a specification for a missing value was set for any grid 

coordinate combination corresponding to no data as regarded from the summary table 

information. Once that was completed, Pandas (McKinney 2010) was adopted to transform 

the listed summary data into 2-D arrays conforming to rasterized layers for each of DTM, 

DSM, CHM and gap fraction. These 2-D arrays, also known as pivot tables, were each 

CREATE TABLE LiDAR_2 AS

SELECT ROUND(X /30 − 0.5,0)*30 AS X_BASE , ROUND(Y /30 − 0.5,0)*30 AS Y_BASE ,

COUNT(RETURN_NUM ) AS ONE_RETURN_COUNT

FROM LiDAR_Data

WHERE RETURN_NUM  = 1

GROUP BY X_BASE , Y_BASE ;

CREATE TABLE LiDAR_Summary AS

SELECT a.X_BASE , a.Y_BASE , ROUND(a.DSM , 2) AS DSM ,

ROUND(a.DTM , 2) AS DTM , ROUND(a.CHM , 2) AS CHM ,

ROUND(b.ONE_RETURN_COUNT  / a.RETURN_COUNT , 2) AS GAP_FRACTION

FROM LiDAR_1 a LEFT JOIN LiDAR_2 b

ON a.X_BASE  = b.X_BASE  AND a.Y_BASE  = b.Y_BASE

ORDER BY a.X_BASE , a.Y_BASE ;
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exported and saved separately as text files. Appended at the beginning of each of these text 

files were relevant header information for the corresponding 2-D array. This information 

consisted of the number of rows and columns, the easting and northing coordinates for the 

lower left corner of the spatial confines, the cell size spatial resolution, and the no data 

specification used for denoting missing values. Afterwards, these text files were inputted into 

ArcGIS Pro software using the ASCII (American Standard Code for Information 

Interchange) to raster conversion tool. The respective coordinate projection was then set for 

the loaded raster layer, with ArcGIS software used for displaying these rasterized covariate 

layers and generating figures. 

6.3. Results 

A desktop computer with an Intel Core i7-7700 CPU (central processing unit) of 3.60 GHz 

and 8.00 GB RAM (random access memory) was used to process the LiDAR data. The 

LiDAR data was stored on a 10 TB capacity external hard drive, with the files transferred 

over to that drive by LIO. In terms of computing, approximately 350 LAS tile files with each 

file conforming to 1 km2 were processed per day. Computing time corresponded to about 3 

to 5 minutes to process a LAS file of around 0.5 GB size encompassing 1 km2. For faster 

processing time, around 200 GB of LAS files were transferred over and saved on an internal 

hard drive of the desktop computer, to a directory used for input with the batch scripts. The 

resulting tables created from the SQL were conserved in a database, from which text files of 

the generated covariate features were created from. 
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A DTM using the SQL shown in Figure 6.2 was generated for the Cochrane study area, 

presented in Figure 6.4. Also depicted in Figure 6.4 was a DTM acquired from the Ontario 

MNR. This product corresponded to a provincial DTM that was constructed in 2013 from a 

combination of a DSM retrieved from RADAR (radio detection and ranging), a base mapping 

dataset for Ontario, and DTM points and contours (Spatial Data Infrastructure 2013). Both 

DTMs in Figure 6.4 were of 30 m spatial resolution. However, precision to the centimeter 

level in elevation was resolved for the LiDAR-derived DTM. It is likely that LiDAR data 

acquired via aerial survey was able to obtain coverage for remote forested locations that were 

impractical to survey by land-based methods.  

A DSM and CHM as computed from the SQL in Figure 6.2 were both visually presented for 

the Cochrane study area in Figure 6.5. Here, the CHM was generated as the difference of the 

DTM from the DSM. When compared to the LiDAR-derived DTM in Figure 6.4, the DSM 

appeared grainier due to variations with vegetation heights within the canopy. Inspecting the 

CHM, various land use covers within the study area were clearly distinguishable. 

Agricultural fields, water bodies, infrastructure with roads and clearing, as well as forested 

tracts were all discernible. Locations of higher CHM values conforming to mature forest 

were recognizable, as were areas with intermediate CHM values corresponding to wetlands. 

Note for this study area that lowland or stunted black spruce (Picea mariana) was typically 

the only tree species to grow within the wetland areas.  
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Figure 6.4. Digital terrain models (DTMs) both of 30 m spatial resolution for Cochrane study 

area. Top: LiDAR-derived DTM; Bottom: Provincial DTM obtained from Ontario MNR. 

Grid coordinates correspond to the NAD UTM 1983 Zone 17 N projection.  
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Figure 6.5. LiDAR-derived covariates of DSM and CHM of 30 m spatial resolution for 

Cochrane study. Top: Digital surface model (DSM); Bottom: Canopy height model (CHM). 

Grid coordinates correspond to the NAD UTM 1983 Zone 17 N projection. 
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A gap fraction as computed by SQL within Figure 6.3 was depicted in Figure 6.6 for the 

Cochrane study area. When comparing the gap fraction here to the CHM in Figure 6.5, 

similar patterns with land use cover were apparent. However, the gap fraction better 

discerned locations consisting of denser forest structure but with shorter canopy heights. The 

gap fraction was generally highly correlated to the CHM, but the gap fraction provided 

additional relevant insights pertaining to density with canopy structure. 

 

Figure 6.6. LiDAR-derived gap fraction for the Cochrane study area. Grid coordinates 

correspond to the NAD UTM 1983 Zone 17 N projection. 

 

6.4. Discussion 

Other aggregation functions can be utilized for SQL queries, rather than just calculating the 

maximum, minimum or arithmetic mean. The aggregation functions feasible for computation 

relate to the variant of SQL that has been installed or implemented. For example, a function 
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for computing medians is available in some variants of SQL; however, the median can also 

be computed by sorting and indexing operations in conjunction with multistep querying using 

intermittent data tables. On another note, with SQL a where clause can be included to enhance 

the intricacy of a query, facilitating nested subqueries to further refine the data selections or 

considerations. In terms of screening data, queries can easily be formulated to identify 

outliers within point cloud data, so to exclude data points corresponding to tower structures 

or flocks of geese flying beneath the aerial LiDAR sensor. 

The features of DTM, CHM and gap fraction as have been derived in Figures 6.2 and 6.3 

have been adequate as environmental covariates for digital soil mapping and tree species 

classification research. Specifically, the CHM has been important for digital soil mapping 

regarding BD in Chapter 5 and tree species classification in Chapter 3. In addition, the DTM 

has been utilized for the derivation of a suite of topographic covariates, which have been 

important for both tree species classification in Chapter 3 and digital soil mapping work for 

both Chapters 4 and 5. Nevertheless, if desired, more refined covariates for these features 

can be computed. To mitigate the impact of extreme values regarding maximums or 

minimums, these values can be evaluated initially for smaller pixel sizes. Afterwards, these 

values can then be summarized to the desired pixel size by resolving averages from over the 

smaller pixels. These resulting values can be more representative for the spatial extents of 

the pixels. Moreover, conceptualizations for other covariates can also be derived, showcasing 

the adaptability for SQL to generate additional environmental covariates.  

Data fusion can be accomplished via SQL by merging with other feature data within the 

confines of a database. SQL can be exploited to efficiently extract data from rasterized 
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imagery or layers for only the sampling sites or locations corresponding to fieldwork 

observation data. The structured nature of data with SQL facilitates more control and 

precision with merging and aggregating data, enhancing replicability and increasing 

confidence with the resulting data analysis work.  

6.5. Summary 

• SQL can effectively derive and compute rasterized covariates from LiDAR point 

cloud data. Adopting batch processing, these computations can be implemented for 

larger study area domains while using only a typical desktop computer.  

• Queries that are executed via SQL can be customized to conform to more 

sophisticated designs, such as nested queries or several iterations of querying. This 

permits flexibility regarding control on what data is selected, and ultimately how data 

is aggregated.  

• Detailed covariates for a DSM, a DTM, a CHM and a gap fraction were each 

computed from relatively basic SQL commands. The constructed DTM was more 

precise than the corresponding provincial DTM obtained from the Ontario MNR, 

consequently facilitating the generation of more detailed topographic covariates for 

both tree species classification and digital soil mapping research. 
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Chapter 7 

Conclusions and Final Remarks 

 

7.1. Conclusions 

Through the undertaking of this research, an improved understanding of soil carbon has been 

attained for the Great Clay Belt region of the boreal forest in northern Ontario, Canada. 

Methods have been advanced for resolving soil carbon concentration, in pursuit of 

investigating the linkage of soil carbon with vegetation and other physical drivers for the 

southern transition zone of the boreal forest. This includes fulfillment with the research 

objectives.  

A two-step inferential statistical analysis utilizing the Kruskal-Wallis (KW) test and 

generalized estimating equations (GEEs) was enacted to ascertain the status of soil carbon 

concentration for representative cover types within this study region. This was applied to soil 

samples that were obtained from 431 subplots for 144 sites, conforming to various 

characteristic land cover types and tree species groupings. Firstly, the KW test corroborated 

that sufficient quantities of soil samples were collected to substantiate median differences for 

each of soil carbon, bulk density, clay component and carbon-to-nitrogen ratio separately 

across all tree species groupings as well as land cover types. Secondly, GEEs inferred 

estimates for mean differences of soil carbon between specific cover types, with confidence 

intervals and significances indicated. Both types of testing were applicable to clustered 
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sample data with skewed distributions of soil properties and hence were more relevant than 

other inferential statistical approaches.  

A pixel-based classification of endemic tree species at a more refined spatial level was 

accomplished, along with the identification of important features for tree species 

classification. Finer resolution rasterized covariates were derived from LiDAR point cloud 

data, from which detailed topographic covariates were generated, providing representation 

for various forested settings. This permitted a tree species classification for a finer spatial 

resolution than typically achieved for pixel-based classifications exceeding a combined area 

of 100 km2. Random forests (RFs) were trained and attained R2 greater than 0.7 with 

corresponding kappa score surpassing 0.5. Furthermore, insights were gained regarding 

prediction uncertainty on account of entropy calculations. An alternative normalized entropy 

was devised which yielded additional insights and value with interpretation, in conjunction 

with respective prediction maps for the most probable and secondary tree species. 

Modeling accuracies were further improved when data-driven methods via encoder-decoder 

(ED) neural networks were employed. Both dense neural network (DNN) layers and 

convolutional neural network (CNN) structures were incorporated within ED formulations. 

These EDs boosted the modeling accuracy for soil carbon to R2 values of over 0.5. Quantile 

mapping regarding a model ensemble was adapted for computing deciles of the predictions 

for carbon. Further insights were attained by computing standard deviations, revealing that 

the greatest prediction uncertainties for decile quantities corresponded to forested tracts along 

streams and rivers, conforming to localities with forest cover of greater diversity. 
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Consequently, the standard deviation maps indicated what land covers required more 

representation with sampling or target data, to address for future research. 

The integration of knowledge-based methods was actualized through a framework to better 

implement structural equation modeling (SEM) for digital soil mapping. Within this 

workflow, multiple approaches were employed for assessing variable importance so to 

reduce bias within feature selection. Pairwise correlations were calculated from the listing of 

the most important predictors so to mitigate multicollinearity regarding the modeling, with 

the SEM process retaining only significance predictors. An integrated model for bulk density, 

carbon and carbon-to-nitrogen ration was fitted, with agreeable goodness of fit indicators. 

An associated path analysis with the SEM resolved contributions of predictors with respect 

to the targeted soil properties. Slope attributes and CHM were important for bulk density, 

with bulk density along with plan curvature and DEM of significance for carbon. For carbon-

to-nitrogen ratio, carbon in conjunction with water detection covariates were of consequence. 

The SEM achieved improved modeling accuracy for soil carbon than what a RF trained on 

the full set of covariates obtained. Moreover, RFs trained on the reduced set of predictors 

identified as significant with SEM by the framework also similarly attained enhanced 

modeling accuracies. 

Structured query language (SQL) was successfully maneuvered to process vast quantities of 

LiDAR point cloud data so to effectively derive and generate rasterized covariates of DTM, 

CHM and a gap fraction. In total, these covariates were computed for domains comprising 

over 6000 km2 using a desktop computer. These DTMs were utilized for generating detailed 

topographic covariates, many of which were evaluated with higher variable importance for 
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tree species classification as well as digital soil mapping. The derived vegetation covariate 

of CHM was also important for tree species classification, in addition for digital soil mapping 

with respect to bulk density. 

The contributions for this research comprise of: 

• Devising novel methodology for creating rasterized environmental covariates from 

LiDAR point cloud data. This entailed the construction of intricate covariates of a 

finer spatial scale for vegetation structure with a CHM and gap fraction, as well as a 

DTM. When possible, LiDAR point cloud data should be exploited for the 

construction of more detailed covariates, particularly for a DEM as well as a CHM. 

The DEM derived from LiDAR data should be the DEM utilized for the generation 

of the respective topographic covariates. 

• Developing a framework to rationally adapt structural equation modeling (SEM) for 

digital soil mapping. This incorporated a multiapproach for variable importance to 

reduce feature selection bias and accounted for pairwise correlations to mitigate 

multicollinearity. To uncover potential interrelations between predictors and soil 

properties, then SEM can be pursued. However, feature selection will need to be 

implemented prior to SEM so to reduce multicollinearity and retain only the most 

important predictors. Preferably, more than one approach should be utilized for 

feature selection, so to diminish bias with the assessment of variable importance. 

• Deriving a normalized entropy metric constituting just the top two contending classes, 

that more realistically gauged prediction uncertainty as it averted the dilution of the 

uncertainty score when compared to the conventional entropy metric. A normalized 
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entropy metric should be utilized when predicting for more than a few classes, 

particularly with tree species classification or soil texture modeling, as models may 

predict better for certain tree species or soil texture categories. 

• Formulating encoder-decoder (ED) neural networks that augmented modeling 

accuracy, for suitability with smaller data sets as encountered within digital soil 

mapping. For obtaining the best possible modeling accuracies without meaningful 

concern for unraveling modeling dynamics, then ED neural networks suitable for 

smaller data sets can be incorporated for soil modeling. 

• Incorporating innovative inferential statistical testing for evaluating soil properties 

with cover types, as well as employing statistical tests appropriate for skewed 

observations with unknown underlying distributions. In particular, the development 

of refined analysis with generalized estimating equations (GEEs) was original for this 

research domain. If extracting soil samples for digital soil mapping research, 

inferential analysis as conducted with the KW test can ascertain whether enough 

heterogeneity exists for the collected soil samples across cover types. Depending on 

the research purpose or application, this statistical inferencing testing can corroborate 

whether enough soil samples have been extracted. 

• Investigating quantile mapping using deciles and standard deviations of predictions 

from an ensemble composed of various modeling approaches, so to discern relevant 

insights into over and underprediction. Furthermore, the standard deviations of the 

decile maps indicate localities where additional soil samples should be extracted so 

to potentially improve future soil modeling work. 
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• Establishing the feasibility of GEEs to estimate carbon contents along with 

confidence intervals for extension to legacy soil data consisting primarily of soil 

texture and land cover attributes for digital soil mapping purposes. 

• Instituting a pixel-based tree species classification encompassing natural boreal 

settings at an unprecedented spatial resolution of 2 m for over 100 km2. The finer 

scale classification has enabled representation for rarer tree species, or for tree species 

that grow within narrow extents along clearings or waterways, that might not be 

differentiated by using coarser resolution environmental covariates. 

7.2. Limitations 

The main shortcomings for this research essentially contend to the target data. Specifically, 

there are only a relatively minimal number of sites with available soil property data for boreal 

study areas in northern Ontario. Measurements and observations from soil samples 

correspond to the only attainable ground truth data for soil properties, as inherently soil 

cannot be directly examined from any operational remote sensors. A reduced number of 

observations for soil properties can restrict what modeling approaches can be employed, 

particularly regarding deeper machine learning. Furthermore, the effort and cost of 

extracting, processing and analyzing soil samples greatly hinders the acquisition of additional 

soil samples, especially from remote or inaccessible localities within rugged forested terrain. 

Soil samples for this research have been collected so to obtain representation from various 

land covers and endemic tree species groupings within boreal settings of the Great Clay Belt 
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region in the District of Cochrane in northern Ontario. However, if feasible, observations of 

measured soil properties from more sites could have benefited this research.  

Due in part to the limited amounts of soil property data, attaining higher modeling accuracies 

for predicting soil carbon and associated properties remains a challenge. In general, this is an 

ongoing issue for digital soil mapping research (Minasny et al. 2019), as reported R2 values 

for modeling soil carbon quantities in boreal areas tend to around 0.2 or less (Beguin et al. 

2017; Mansuy et al. 2014). The research for this dissertation has managed to improve 

accuracies for soil carbon modeling, increasing R2 to around 0.4 with SEM and to over 0.5 

with ED neural networks. Nevertheless, a need to further augment modeling accuracies 

persists, particularly for consistently attaining greater R2 values so that additional variation 

within targeted properties can be resolved by modeling (Nakagawa and Schielzeth 2013). 

A tree species indicator map for black spruce was among the top predictors for soil carbon 

with SEM but ultimately was not retained as a regression variable as it was not significant at 

the p-value level of 0.05. The corresponding p-value of this tree species map for black spruce 

was around 0.1 and hence was omitted. For ensuring appropriate assessments for goodness 

of fit metrics, as well as convergence for a modeling solution, latent variables were excluded 

from the SEM. If higher data counts of soil properties measurements were available, it is 

likely that more sophisticated associations could had been discerned with the SEM. 

The tree species classification was trained on groupings conforming to pure stands, that were 

defined to be composed of at least 70% for the same tree species (Bravo-Oviedo et al. 2014). 

For this study area, balsam fir rarely grew within pure stands, necessitating mixed categories 

for tree species where the stand composition was lowered to a minimum of 50% for the 
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respective tree species. A great number of sites with tree species data was obtained from the 

Ontario Forest Resources Inventory (FRI). However, these observations were only appraised 

for small plots, each no larger than 20 m by 20 m in extent (Paloniemi 2018). This was part 

of the reason for utilizing finer scale environmental covariates, particularly with LiDAR-

derived covariates and WorldView-2 (WV2) multispectral imagery, of 2 m spatial resolution 

so enough pixels were attained for modeling the plots. 

7.3. Future Work 

Further improvements for resolving soil carbon and discerning interconnections within an 

environmental context regarding digital soil mapping can be attained in part by the following 

future considerations. 

• Integrating legacy soil data with modeling. The Ontario FRI has currently assessed 

soil texture family and tree species information for over 1000 sites within the Great 

Clay Belt region (Paloniemi 2018). Models can potentially be constructed to 

extrapolate prediction of soil carbon for this data. Although these values would only 

conform to estimates attained upon extrapolation, nonetheless this can enhance 

prediction for this study region when compared to results from alternative modeling. 

• Fielding plots of larger spatial extents for training with tree species classification 

while still accounting for pure stands. This would allocate greater pixel quantities for 

model training, so to facilitate CNNs or other deeper machine learning methods that 

can further augment modeling accuracy. 
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• Reckoning of disturbance events (Utla et al. 2025), particularly relating to fire or 

disease infestation for overstory vegetation. Data corresponding to disturbance events 

have been collected for this study area, but none of this information is relevant to the 

sampling sites for this dissertation research. A future study should encompass sites 

where certain disturbance events have arisen and have been well-documented. The 

time duration that has passed since disturbance can also be incorporated as a time 

factor in reference to soil formation factors for digital soil mapping. 

• Stratifying upland black spruce from lowland black spruce, as distinctions materialize 

regarding cover type and soil attributes. Lowland black spruce typically manifests as 

a stunted form growing within wetland environments, whereas upland black spruce 

attains taller growth within a more forested stand (El Abidine et al. 1994; Haynes et 

al. 2021). This distinguishment can advance better rectification between wetland sites 

with the greatest contents of soil carbon, versus sites comprised of upland black 

spruce with lower but still appreciable soil carbon contents. 

• Imputing stand age or understory information (Noualhaguet, Hernández-Rodríguez, 

and Girona 2025) for vegetation or land cover. Stand age can relate to a time factor, 

to encapsulate characteristics pertinent to vegetation at certain life cycle points. 

Understory vegetation information can yield attributes that can potentially be applied 

as important covariates for modeling soil carbon. 

• Deriving and generating additional detailed covariates relating to vegetation structure 

from LiDAR point cloud data (Utla et al. 2025). This supplemental information can 

enable better differentiation of forest type or vegetation in reference to soil properties. 
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• For comparison purposes to other soil modeling studies concerning carbon, 

predictions for carbon stock or carbon pool (CP) can be considered. However, 

calculations of CP or carbon stocks might require assumptions about bulk density 

(BD) values at various depths. 
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Appendix A: Soil Data 

Table A.1. Summary of soil properties from soil samples extracted during field campaigns in 

September 2018, August 2019 and August–September 2021. These numbers correspond to 

the samples that were processed and analyzed. Note that bulk density (BD) was only assessed 

on samples extracted from the 0–5 cm and 5–15 cm mineral soil depth layers. Lower sample 

counts for clay were due to insufficient quantities of material extracted for some samples. 

This table was also posted in appendix of publication (Pittman et al. 2025) for Chapter 2.  

Soil Property Summary 
Depth Layer 

0–5 cm 5–15 cm 15–30 cm 30–45 cm 90–105 cm 

C [%] Number of Samples (n) 263 431 106 115 29 

  Mean 10.3 9.9 6.5 4.7 4.2 

  Standard Deviation 9.9 12.9 11.0 9.0 0.8 

  Maximum 47.5 91.7 47.8 48.6 5.6 

  Minimum 1.6 0.6 0.6 0.4 1.9 

C:N  Number of Samples (n) 263 431 106 112 29 

  Mean 15.7 16.2 13.1 25.1 170.2 

  Standard Deviation 7.1 6.4 18.2 18.2 91.6 

  Maximum 75.3 43.6 170.5 121.3 430.7 

  Minimum 3.4 2.1 1.9 6.1 32.6 

Clay [%] Number of Samples (n) 229 424 99 106 23 

  Mean 30.3 25.9 44.9 41.3 46.1 

  Standard Deviation 11.7 12.9 15.8 13.6 17.8 

  Maximum 54.6 68.6 78.6 68.1 70.2 

  Minimum 6.6 1.0 11.4 2.0 7.6 

BD [g/cm3] Number of Samples (n) 431 431    

  Mean 1.03 1.21    

  Standard Deviation 0.55 0.56    

  Maximum 2.44 2.55    

  Minimum 0.10 0.13    
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Appendix B: Predictors 

Table B.1. Environmental covariates utilized as features for predictors with modeling for the 

tree species classification work presented in Chapter 3.  

Predictor Source Type 

Canopy Height Model (CHM) 2017 LiDAR 

Channel Network Base Level LiDAR (DTM) 

Channel Network Distance LiDAR (DTM) 

Closed Depressions LiDAR (DTM) 

Multi-resolution Ridge Top Flatness (MRRTF) LiDAR (DTM) 

Multi-resolution Valley Bottom Flatness (MRVBF) LiDAR (DTM) 

Negative Openness LiDAR (DTM) 

Relative Slope Position LiDAR (DTM) 

Topographic Wetness Index (TWI) LiDAR (DTM) 

Total Catchment Area LiDAR (DTM) 

Valley Depth LiDAR (DTM) 

B1 (Coastal) Aug.10 2014 SR (WorldView-2) 

B2 (Blue) Aug.10 2014 SR (WorldView-2) 

B3 (Green) Aug.10 2014 SR (WorldView-2) 

B4 (Yellow) Aug.10 2014 SR (WorldView-2) 

B5 (Red) Aug.10 2014 SR (WorldView-2) 

B6 (Red Edge) Aug.10 2014 SR (WorldView-2) 

B7 (Near Infrared I (NIR1)) Aug.10 2014 SR (WorldView-2) 

B8 (Near Infrared II (NIR2)) Aug.10 2014 SR (WorldView-2) 

Normalized Difference Vegetation Index (NDVI) Aug.10 2014 SR (WorldView-2) 

Modified Normalized Difference Water Index (NDVI) Aug.10 2014 SR (WorldView-2) 

Panchromatic Aug.10 2014 SR (WorldView-2) 
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Table B.2. Environmental covariates utilized as predictors for digital soil modeling work, as 

used in part for modeling in Chapter 4 and as full set of predictors in Chapter 5.  

Predictor Source Type 

Digital Elevation Model (DEM) LiDAR 

Canopy Height Model (CHM) 2017 LiDAR 

Gap Fraction 2017 LiDAR 

Aspect DEM (LiDAR) 

Convergence Index DEM (LiDAR) 

General Curvature DEM (LiDAR) 

Mid Slope Position DEM (LiDAR) 

Multi-resolution Ridge Top Flatness (MRRTF) DEM (LiDAR) 

Multi-resolution Valley Bottom Flatness (MRVBF) DEM (LiDAR) 

Plan Curvature DEM (LiDAR) 

Profile Curvature DEM (LiDAR) 

SAGA Topographic Wetness Index (SAGA TWI) DEM (LiDAR) 

Sky View Factor DEM (LiDAR) 

Slope DEM (LiDAR) 

Slope Height DEM (LiDAR) 

Slope Length DEM (LiDAR) 

Standardized Height DEM (LiDAR) 

Stream Power Index DEM (LiDAR) 

Terrain Ruggedness Index DEM (LiDAR) 

Terrain View Factor DEM (LiDAR) 

Topographic Wetness Index (TWI) DEM (LiDAR) 

Total Curvature DEM (LiDAR) 

Valley Depth DEM (LiDAR) 

Visible Sky DEM (LiDAR) 

B1 (Violet) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

B2 (Blue) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

B3 (Green) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

B4 (Red) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

B5 (Near Infrared (NIR)) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

B6 (Shortwave Infrared I (SWIR I)) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

B7 (Shortwave Infrared II (SWIR II)) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

B10 (Thermal Infrared I (TIR I)) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

B11 (Thermal Infrared II (TIR II)) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 
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B1 (Violet) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

B2 (Blue) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

B3 (Green) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

B4 (Red) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

B5 (Near Infrared (NIR)) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

B6 (Shortwave Infrared I (SWIR I)) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

B7 (Shortwave Infrared II (SWIR II)) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

B1 (Violet) Fall (Sep.10–Oct.10) 2015–2019 SR (Landsat 8) 

B2 (Blue) Fall (Sep.10–Oct.10) 2015–2019 SR (Landsat 8) 

B3 (Green) Fall (Sep.10–Oct.10) 2015–2019 SR (Landsat 8) 

B4 (Red) Fall (Sep.10–Oct.10) 2015–2019 SR (Landsat 8) 

B5 (Near Infrared (NIR)) Fall (Sep.10–Oct.10) 2015–2019 SR (Landsat 8) 

B6 (Shortwave Infrared I (SWIR I)) Fall (Sep.10–Oct.10) 2015–2019 SR (Landsat 8) 

B7 (Shortwave Infrared II (SWIR II)) Fall (Sep.10–Oct.10) 2015–2019 SR (Landsat 8) 

B1 (Violet) May 2015–2019 SR (Landsat 8) 

B2 (Blue) May 2015–2019 SR (Landsat 8) 

B3 (Green) May 2015–2019 SR (Landsat 8) 

B4 (Red) May 2015–2019 SR (Landsat 8) 

B5 (Near Infrared (NIR)) May 2015–2019 SR (Landsat 8) 

B6 (Shortwave Infrared I (SWIR I)) May 2015–2019 SR (Landsat 8) 

B7 (Shortwave Infrared II (SWIR II)) May 2015–2019 SR (Landsat 8) 

Normalized Difference Vegetation Index (NDVI) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

Normalized Difference Vegetation Index (NDVI) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

Normalized Difference Vegetation Index (NDVI) Fall (Sep.10–Oct.10) 2017 SR (Landsat 8) 

Normalized Difference Vegetation Index (NDVI) May 2017 SR (Landsat 8) 

Normalized Difference Built-up Index (NDBI) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

Normalized Difference Built-up Index (NDBI) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

Normalized Difference Built-up Index (NDBI) Fall (Sep.10–Oct.10) 2017 SR (Landsat 8) 

Normalized Difference Built-up Index (NDBI) May 2017 SR (Landsat 8) 

Normalized Difference Water Index (NDWI) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

Normalized Difference Water Index (NDWI) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

Normalized Difference Water Index (NDWI) Fall (Sep.10–Oct.10) 2017 SR (Landsat 8) 

Normalized Difference Water Index (NDWI) May 2017 SR (Landsat 8) 

Modified Normalized Difference Water Index (MNDWI) Summer (Jun.–Aug.) 2017 SR (Landsat 8) 

Modified Normalized Difference Water Index (MNDWI) Winter (Dec.–Feb.) 2017 SR (Landsat 8) 

Modified Normalized Difference Water Index (MNDWI) Fall (Sep.10–Oct.10) 2017 SR (Landsat 8) 

Modified Normalized Difference Water Index (MNDWI) May 2017 SR (Landsat 8) 
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Change Magnitude B1 B2 B3 B4 B5 B6 B7 Summer (Jun.–Aug.) 1984–2011 SR (Landsat 5) 

   (Blue, Green, Red, Near Infrared I (NIR I), NIR II, Thermal, Mid Infrared)  

Change Magnitude B3 (Red) B4 (NIR I) B5 (NIR II) Summer (Jun.–Aug.) 1984–2011 SR (Landsat 5) 

Change Magnitude B3 (Red) B4 (NIR I) B5 (NIR II) Summer (Jun.–Aug.) 1984–2005 SR (Landsat 5) 

Change Magnitude B3 (Red) B4 (NIR I) B5 (NIR II) Summer (Jun.–Aug.) 1984–1995 SR (Landsat 5) 

Change Magnitude B3 (Red) B4 (NIR I) B5 (NIR II) Summer (Jun.–Aug.) 1995–2011 SR (Landsat 5) 

Change Magnitude B3 (Red) B4 (NIR I) B5 (NIR II) Summer (Jun.–Aug.) 1995–2005 SR (Landsat 5) 

Change Magnitude B3 (Red) B4 (NIR I) B5 (NIR II) Summer (Jun.–Aug.) 2005–2011 SR (Landsat 5) 

L-band HH 2017 SAR (PALSAR) 

C-band VH May 2017 SAR 

    (Sentinel-1) 

C-band VV May 2017 SAR 

     (Sentinel-1) 

Magnetic Residual Nov. 2018 Aeromagnetic 

Magnetic Residual Vertical Derivative (VD) Nov. 2018 Aeromagnetic 

Gravity Anomaly 2016 Aeromagnetic 

Gravity Anomaly Vertical Derivative (VD) 2016 Aeromagnetic 

NFI Total Dead Biomass 2011 k-NN Model 

NFI Total Volume 2011 k-NN Model 

NFI Stand Age 2011 k-NN Model 

NFI Balsam Fir 2011 k-NN Model 

NFI Black Spruce 2011 k-NN Model 

Balsam Fir Dominant Indicator RF Model 

Black Spruce Dominant Indicator RF Model 

Coniferous Indicator RF Model 

Deciduous Indicator RF Model 

No Trees Indicator RF Model 

 


