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ABSTRACT 

LAND SUITABILITY ASSESSMENTS FOR MAIZE PRODUCTION IN ONTARIO, 

CANADA, USING A WEIGHTED OVERLAY METHOD AND RANDOM FOREST 

ALGORITHM 

Vivek H. Gandhi 

University of Guelph, 2022

Advisor: 

Dr. Khurram Nadeem 

This thesis aims to conduct land suitability assessments (LSAs) for maize production in 

Ontario, Canada for 2018 and 2080 under the Representative Concentrative Pathway (RCP) 4.5 

scenario following the Food and Agriculture Organization of the United Nations (FAO) 

guidelines while considering climate, topography, and soil related factors. Two different 

approaches were used; namely a GIS-based weighted overlay technique, which is a conventional 

approach, and a novel statistical learning approach that employs the random forest (RF) 

algorithm with a new continuous measure of suitability introduced in this thesis. Both the 

conventional and statistical approach indicate that global warming will create more opportunities 

by 2080 for cultivating maize in Ontario with approximately 55% (546 000 km2) and 19% (183 

000 km2) of Ontario’s land being suitable (highly and moderately suitable) for maize cultivation, 

respectively due to increasing growing season length, temperature, and precipitation. Regardless 

of the selected approach, there will be great economic significance involved with cultivating 

maize in Ontario by 2080 due to climate change while reducing food insecurity within Ontario 

and Canada.   
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Chapter 1 

 

Introduction 

 

Maize (Zea Mays) is the most grown cereal crop worldwide that originates from the 

Andean region of Central America (FAO, 2016; FAO, 2021; Hamel & Dorff, 2015). 

Approximately 885.3 million tonnes of maize was produced worldwide in 2011, exceeding rice 

(722.5 million tonnes) and wheat (701.3 million tonnes) production (Hamel & Dorff, 2015). 

Maize is considered one of the essential crops for world food security as it is an important part of 

the human diet, especially in developing countries (FAO, 2016). According to FAO, Canada 

produced approximately 10.7 million tonnes of maize accounting for 1.2% of the global 

production in 2011 (Hamel & Dorff, 2015). The province with the highest maize production in 

Canada was Ontario accounting for 61.7%, followed by Quebec with 30.2% as reported by the 

Census of Agriculture 2011 (Hamel & Dorff, 2015). With climate change on the rise, it is 

projected that between 2081 - 2100 under Representative Concentration Pathway (RCP) 8.5 

scenario, also known as high emission scenario, Ontario’s annual average temperature and 

annual average precipitation is going to approximately increase by 6.3 degrees Celsius and 

17.3% respectively (Bush & Lemmen, 2019). Other RCP scenarios include RCP 2.6 (low 

emission scenario), RCP 4.5 and RCP 6 (moderate emission scenario), where the number 

corresponding to the RCP scenario indicates the change in radiative forcing. Radiative forcing is 

measured in watts per square meter (W/m2) and refers to an imbalance between the solar 

radiation entering the environment and the infrared radiation leaving the environment due to 
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greenhouse gas emissions and other external drivers (Bush & Lemmen, 2019). Therefore, higher 

the RCP scenario, greater the severity of the projected climatic conditions resulting in longer 

growing season across Ontario, thus creating more suitable areas to cultivate maize by the late 

21st century. The potential suitable locations across Ontario can be identified through land 

suitability assessment (LSA) which would help various stakeholders and policy makers make 

important decisions as there is great economic significance involved with cultivating maize in 

Ontario since it is cultivated for human consumption, animal feed, and industrial use (Ontario 

Ministry of Agriculture, Food, and Rural Affairs [OMAFRA], 2021; FAO, 2021). And so, to 

illustrate the impacts of climate change on the maize cultivation in Ontario by the late 21st 

century, this study will consider climate projections based on the RCP 4.5 scenario which 

represents a moderate emission pathway with a change in radiative forcing of approximately 4.5 

W/m2 (Bush & Lemmen, 2019). 

The term LSA, as defined by FAO, refers to the evaluation and the appropriateness of the 

land for a specified use (FAO, 1976; Sys et al., 1991). The specified use for this study is the 

cultivation of maize in Ontario. Following the FAO’s guidelines, LSA first begins with creating 

a general criterion that consists of factors determined by the experts, followed by assigning 

weights to each factor if necessary. Once the criteria and the weights have been established, 

different geographic information system (GIS) based LSA techniques as described in this thesis 

can be used to calculate land suitability index (LSI), where the LSI is calculated using the 

appropriate common measurement scale. After calculating LSI, there are usually four different 

land suitability classes that can be constructed to reflect the degree of suitability, namely highly 

suitable, moderately suitable, marginally suitable, and not suitable; which makes the final land 



 

 

3 

 

suitability maps (LSM) easier to visualize and interpret. The two commonly used GIS-based 

LSA techniques for crop cultivation includes the GIS-based weighted overlay technique 

(Grassano et al., 2011; Herzberg, 2019; Mugiyo et al., 2021; Ostovari et al., 2019; Tashayo et al., 

2020; Vazquez-Quintero et al., 2020) and the square root parametric method (Elaam, 2013; 

Junita et al. 2021; KC et al., 2021; Rabia & Terribile, 2013; Sys et al., 1991; Taghizadeh-

Mehrjardi et al., 2020). These GIS-based LSA techniques are a conventional approach in 

conducting LSA for crop cultivation. In addition to the conventional approaches, statistical 

learning approaches through algorithms such as random forests (RF) (Esfandiarpour-Boroujeni et 

al., 2020; Grimm et al., 2008; Hao et al., 2015; Hengl et al., 2017; Taghizadeh-Mehrjardi et al., 

2020), support vector machines (SVM)(Esfandiarpour-Boroujeni et al., 2020; Mathur & Foody, 

2008), and artificial neural networks (ANN) (Esfandiarpour-Boroujeni, 2020; Jayasinghe & 

Yoshida, 2009; Kujawa & Niedbała, 2021) have also gained popularity in the last decade as 

these algorithms have been implemented in digital soil mapping and LSAs (Taghizadeh-

Mehrjardi et al., 2020). The main objective of developing these predictive models is to 

accurately make spatial predictions on locations where suitability measurements are not 

available, followed by understanding and interpreting the complex relationships between the 

predictors and observed LSI (Hastie et al., 2017; James et al., 2017; Kuhn & Johnson, 2016). 

The two main objectives of this thesis are to conduct LSAs for maize production in 

Ontario for the year of 2018 and the projected year of 2080 under the RCP 4.5 scenario using the 

conventional GIS-based LSA technique and a novel statistical GIS-based LSA technique that 

uses a supervised machine learning algorithm and incorporates a set of spatial auxiliary variables 

used as predictors. The supervised machine learning algorithm that has been used in this study to 
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model real-valued LSI (response variable) is the RF algorithm. The auxiliary variables employed 

to develop the RF predictive models for the year 2018 and 2080 under RCP 4.5 scenario 

consisted of various environmental variables such as climate, soil, topography, and various types 

of remotely sensed data. These variables are known to have complex relationships with the 

cultivation of crops but have not been directly involved in the process of calculating the LSI 

(Taghizadeh-Mehrjardi et al., 2020). Therefore, by implementing the RF algorithm in this study, 

the important auxiliary variables can be identified through variable importance scores (Grimm et 

al., 2008; Taghizadeh-Mehrjardi et al., 2020; Taalab et al., 2018) and partial dependence plots 

(Cutler et al., 2017; Greenwell, 2017; Scarpone et al., 2017) can be used to further study the 

complex relationships between the important auxiliary variables and the LSI (Hastie et al., 2017; 

James et al., 2017).   

The remainder of the thesis is organized as follows. Chapter 2 provides a comprehensive 

overview of the conventional and the novel statistical GIS-based LSA techniques for conducting 

LSA for specific crop production. In Chapter 3 and Chapter 4 of this thesis, the conventional 

GIS-based weighted overlay technique and the novel RF algorithm-based methodology are 

implemented to conduct land suitability analysis for maize production in Ontario for 2018 and 

2080 under the RCP 4.5 scenario using high-resolution climate, soil, and topography related 

datasets. Finally, Chapter 5 concludes this thesis by reflecting overall on the results obtained 

under the two GIS-based LSA techniques studied in this thesis. 
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Chapter 2 

 

Techniques for Conducting Land Suitability 

Assessment 

 

2.1 Preliminary Steps for Conducting Land Suitability Assessment  

2.1.1 Criterion Table 

As mentioned in Chapter 1, LSA refers to the appropriateness of land for a specified use. 

The preliminary steps include identifying the study area of interest, followed by identifying the 

purpose for conducting the LSA for a specified use (FAO, 1976; Rabia & Terribile, 2013; Sys et 

al., 1991; Sys et al., 1993; Taghizadeh-Mehrjardi et al., 2020; Tashayo et al., 2020). Once the 

area of study and the purpose are established, researchers and experts begin selecting factors and 

collecting data that they believe are required in evaluating the land based on the specified use. 

The important factors which the FAO recommends considering for LSA for the cultivation of 

any crop includes factors related to the climate, soil, and topography. For this thesis, these 

factors were also considered for the LSA for maize production in Ontario, which is further 

discussed in Chapter 3 and Chapter 4. The next important step is to prepare a criterion table for 

the selected factors following a similar framework presented by the FAO, as shown in Figure 

2.1. The criterion table presents the conditions and the requirements (typically range of values) 

for conducting the LSA, which is used for the later steps. Classes denoted as S1, S2, S3, N1, and 

N2 represents conditions and requirements being very suitable, moderately suitable, marginally 

suitable, currently not suitable, and permanently not suitable for the land, respectively. For this 
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thesis, N1 and N2 are combined into one class representing conditions and requirements not 

suitable for land suitability.  

2.1.2 Common Measurement Scale 

Depending on the type of approach used for conducting the LSA (square root parametric 

method, or the weighted overlay technique), an appropriate common measurement scale needs to 

be determined to reflect the criterion table (FAO, 1976; Rabia & Terribile, 2013; Sys et al., 1991; 

Sys et al., 1993; Taghizadeh-Mehrjardi et al., 2020; Tashayo et al., 2020; Vazquez-Quintero et 

al., 2020). In this step, the observed values from the original factor variables (e.g. pH, mean 

temperature, elevation etc.; denoted herein as 𝑋𝑖 for 𝑖 = 1, … , 𝑘 variables) corresponding to a 

specific location (i.e. longitude and latitude) within the study area, namely spatial units are 

reassigned based on a common measurement scale that is often discrete. We denote these 

reassigned factor values as, 𝐹𝑖 for 𝑖 = 1, … , 𝑘 factors. We emphasize that all factor measurements 

are spatially explicit, which we suppress in the notation for 𝑋𝑖 and 𝐹𝑖 for simplicity of exposition. 

The reassigned values, 𝐹𝑖, are then used later to calculate the LSI using one of the conventional 

approaches. Each conventional approach has a unique common measurement scale that is 

commonly used to reflect the criterion table. For example, the square root parametric method 

(Rabia & Terribile, 2013; Sys et al., 1991; Taghizadeh-Mehrjardi et al., 2020) described below 

uses a common measurement scale from 0 to 100, where 𝐹𝑖 close to 100 represents ideal 

conditions for land suitability and 𝐹𝑖 close to 0 represent conditions not ideal for land suitability. 

For the weighted overlay technique (Tashayo et al., 2020; Vazquez-Quintero et al., 2020), the 

common measurement scale is from 1 to 4, where 𝐹𝑖 = 4 represents highly suitable, 𝐹𝑖 = 3 
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represents moderately suitable, 𝐹𝑖 = 2 represents marginally suitable, and 𝐹𝑖 = 1 represents not 

suitable conditions for land suitability.   

  

 

Figure 2.1. Example of a criterion table following the framework presented by FAO for LSA (Sys et al., 1991).  

2.1.3 Weights          

The last step in the preliminary steps of LSA is determining the appropriate weights for 

each factor, denoted by 𝑊𝑖 for 𝑖 = 1, … , 𝑘 factors. Like the previous steps, this step is also 

subjective as it requires opinions from researchers and experts or reliable literature sources. By 

determining the weights for each factor, researchers and experts, acknowledge that certain 

factors can either have more influence or less influence than the other factors, or all the factors 

can have an equal influence on the land suitability (Rabia & Terribile, 2013; Tashayo et al., 

2020; Vazquez-Quintero et al., 2020). Different methods and approaches can be used to 



 

 

8 

 

determine the appropriate weights of each factor as long as 𝑊𝑖 is a real number between 0 and 1, 

and ∑ 𝑊𝑖
𝑘
𝑖=1 = 1. The approach used in this thesis was a simple subjective approach where 𝑊𝑖 

was arbitrarily assigned to individual factors using an expert’s opinion. The assignment of the 

weights using this approach is further discussed in Chapter 3. Another commonly used 

technique, as demonstrated by Rabia & Terribile (2013) and Tashayo et al. (2020), is 

implementing the analytical hierarchy process (AHP) method (Ryan & Nimick, 2019; Saaty & 

Vargas, 2012). This method uses a pairwise comparison matrix to combine opinions of multiple 

experts and calculate the weights of each factor, where each expert first assigns each factor a 

value from 1 to 9 based on their relative importance. Assigning factors from 1 to 9 in this step is 

also a subjective process that is determined by the opinions of the experts using the fundamental 

scale proposed by Saaty & Vargas (2012). Therefore, due to how subjective the preliminary steps 

are in the LSA, making any changes to the factors, criterion table, the common measurement 

scale, or to the weights can have a direct impact on the overall land suitability results. 

2.2 Conventional Approaches for Land Suitability Analysis 

After establishing the preliminary steps, conventional approaches such as the square root 

parametric method or the weighted overlay technique can be implemented for calculating the LSI 

to evaluate the appropriateness of the land. 

2.2.1 Square Root Parametric Method 

One of the earliest conventional methods acknowledged by the FAO is the square root 

parametric method. Let 𝑆𝑞 represent the LSI for a given spatial location based on the square root 

parametric method. Then 𝑆𝑞 is given by,    
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 𝑆𝑞 = 𝐹𝑚𝑖𝑛  ×  √∏
𝐹𝑖

100

𝑘

𝑖=1

  (2.1) 

where 𝐹𝑖 ∈ {1,2,3, … ,100} for 𝑖 = 1, … , 𝑘 factors, and 𝐹𝑚𝑖𝑛 =  𝑚𝑖𝑛{𝐹1, … , 𝐹𝑘}. After calculating 

𝑆𝑞 using the square root parametric formula, the index is then classified into one of the four 

suitability classes to reflect the degree of suitability. The FAO defines these classes, namely 

highly suitably [100 – 75), moderately suitable [75 - 50), marginally suitable [50 – 25), and not 

suitable [25 – 0]. The major disadvantage of using this conventional approach is that this 

equation does not consider the weights of each factor (Rabia & Terribile, 2013). Instead, this 

equation assumes that the 𝐹𝑚𝑖𝑛 factor has the greatest influence on 𝑆𝑞 such that 0 ≤ 𝑆𝑞  ≤

 𝐹𝑚𝑖𝑛 ≤ 100.  And so, depending on the factor that scored the lowest value based on the 

common measurement scale, unrealistic LSMs can potentially be produced if the 𝑋𝑚𝑖𝑛 factor has 

the least influence on the land suitability. Due to this major limitation, this thesis will not 

implement the square root parametric method to conduct the LSA for maize production in 

Ontario. Although we are not implementing the square root parametric method here, this 

methodology is still widely implemented. For instance, in a recent study done by Taghizadeh-

Mehrjardi et al. (2020), it was used in conducting LSA for rain-fed wheat and barley production 

in Iran followed by implementation of a statistical approach which will be discussed later. 

Regardless of which approach is chosen for LSA, all the conventional approaches discussed in 

this thesis are well accepted. 
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2.2.2 GIS-Based Weighted Overlay Technique 

Another alternative approach to the square root parametric method is the GIS-based 

weighted overlay technique. Let 𝑆𝑥 represent the LSI for a given spatial location based on the 

GIS-based weighted overlay technique. Then 𝑆𝑥 is given by, 

 𝑆𝑥 =  ∑ 𝑊𝑖𝐹𝑖

𝑘

𝑖=1

 (2.2) 

where 𝐹𝑖 ∈  {1,2,3,4} for 𝑖 = 1, … , 𝑘 factors, 0 ≤ 𝑊𝑖 ≤ 1 and ∑ 𝑊𝑖
𝑘
𝑖=1 = 1 for 𝑖 = 1, … , 𝑘 

factors. Unlike the square root parametric method where arbitrary ranges are provided by the 

FAO’s framework for classifying 𝑆𝑥 into one of the four land suitability classes (Sys et al., 

1991), this method does not have a set range of arbitrary intervals to classify 𝑆𝑥 since the 

common measurement scale differs from the square root parametric method. Rather, the 

researchers can use different interval techniques to create their own arbitrary ranges to classify 

𝑆𝑥 into one of the four land suitability classes. These interval techniques include manual 

intervals, defined intervals, equal intervals, quantile-based intervals, natural breaks, geometrical 

intervals, and standard deviation-based intervals. Deciding which interval technique to use is also 

subjective as it would depend on the experts’ opinions, thus impacting the final LSMs. Unlike 

the square root parametric method, the weighted overlay provides the researchers with the 

flexibility of assigning weights to the factors which they believe either has the greatest, the least, 

or an equal amount of influence on the land (Rabia & Terribile, 2013; Tashayo et al., 2020; 

Vazquez-Quintero et al., 2020). Generally, depending on the location of the study area, the 

factors selected, the opinions of experts and researchers, and the crop of choice, the assignment 
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of weights can vary from study to study thus impacting the overall LSA. Due to this flexibility, 

this thesis will use the GIS-based weighted overlay technique as a conventional approach to 

conducting the LSA for maize production in Ontario in 2018 and 2080 under RCP 4.5 scenario. 

For a recent example of its use, we refer the reader to Tashayo et al. (2020), where the 

researchers had also used the GIS-based weighted overlay technique to conduct the LSA for 

maize production in Iran.  

2.3 Statistical Learning Approach for Land Suitability Assessment  

As an alternative to the conventional approaches of conducting LSA, this thesis will 

review and implement a supervised machine learning algorithm to model the LSI (response 

variable) from a set of auxiliary variables (predictors). Details on the RF algorithm are further 

explained in Chapter 4. But, before implementing the machine learning algorithm in Chapter 4, a 

novel modified approach to the conventional approach is also proposed in Chapter 4. While 

keeping the essence of the preliminary steps and the GIS-based weighted overlay technique the 

same, this statistical approach proposes to change the common measurement scale from discrete 

(1 to 4) to continuous values to better reflect the criterion table and avoid losing valuable 

information as is the case with the weighted overlay technique. When observed factor values are 

reassigned to discrete values (1 to 4), important information is lost since a range of observed 

values are being reassigned and generalized to a single discrete value to reflect suitability. 

Furthermore, when the criterion tables are being established during the preliminary steps of the 

LSA, followed by the reassignment of the observed values to discrete values based on the 

criterion table, subjective decision making is involved, thus making this process biased.  
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This thesis proposes instead to employ the raw continues factor values, 𝑋𝑖, when 

computing LSI using the weighted formula 𝑆𝑥 =  ∑ 𝑊𝑖𝑋𝑖
𝑘
𝑖=1  as defined above. This prevents loss 

of information resulting from discretizing the original factors. Although all factors included in 

this study are continuous variables, substantial variation in their scale makes it difficult to assign 

weights. The raw factor values, 𝑋𝑖, are therefore standardized by computing z-scores: 

 𝑍𝑖 =  
𝑋𝑖 −  �̅�𝑖

𝑆𝐷(𝑋𝑖)
 (2.3) 

where �̅�𝑖 and 𝑆𝐷(𝑋𝑖) are the observed mean and standard deviation of 𝑛 observations within the 

ith factor, respectfully. As 𝑋𝑖 measurements are spatially explicit, �̅�𝑖 and 𝑆𝐷(𝑋𝑖) are computed 

over the entire spatial grid for 𝑖 = 1,2, … , 𝑘 variables. The revised LSI formula is then given as: 

𝑆𝑧 =  ∑ 𝑊𝑖𝑍𝑖
𝑘
𝑖=1 , which is modeled as the response variable when implementing the RF 

algorithm in Chapter 4. This is a novel approach in the sense that existing statistical and machine 

learning approaches for LSA are based on modeling a categorical response defining the 

suitability classes derived from 𝑆𝑥. 

Taghizadeh-Mehrjardi et al. (2020) also used the RF algorithm and SVM to create 

predictive models that can accurately predict the suitability classes for rain-fed wheat and barley 

production in Kurdistan Province, Iran from a set of auxiliary variables (predictors), thus making 

their study a classification problem. Prior to creating the suitability classes, 𝑆𝑥 was derived in 

their study based on real soil samples collected and analyzed from their study area which was 

then used to make digital soil maps to better represent the soil’s current physical and chemical 

properties. Likewise, 𝑆𝑥 and 𝑆𝑧 in this study are also derived using digital soil maps, except the 
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digital soil maps are pre-made and retrieved through publicly available resources. The limitations 

of using the pre-made digital soil maps is further discussed in Chapter 3. The predictive models 

in their study were evaluated using 10-fold cross-validation with 100 replications. Taghizadeh-

Mehrjardi et al. (2020) concluded that the RF model performed better than the SVM since the 

model showed no signs of overfitting, made predictions with low bias and variance, and had 

higher overall predictive accuracy. Although this thesis will not be comparing different machine 

learning models as that can be done for future work, the novelty of work here includes: i) 

Introducing a new quantitative measure of land suitability denoted by 𝑆𝑧, ii) Using 𝑆𝑧 as a 

quantitative response variable in the RF algorithm instead of a categorical variable which is 

normally the case in suitability assessment studies, and iii) Assessing the suitability of maize 

production in Ontario for 2018 and 2080 under the RCP 4.5 scenario. We apply a RF algorithm, 

to further understand the complex relationships between the auxiliary variables and 𝑆𝑧 through 

variable importance and by analyzing partial dependence plots (PDP). 
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Chapter 3 

 

Land Suitability Assessment for Maize in 

Ontario, Canada, using GIS-Based Weighted 

Overlay Technique1  

 

3.1 Study Area  

In this chapter, the LSA for maize production in Ontario for 2018 and 2080 under RCP 4.5 

scenario is demonstrated using the GIS-based weighted overlay technique. The study area for 

this thesis is the Canadian province of Ontario (Figure 3.1). Ontario is known to be the second-

largest province in Canada falling between approximately 41.68° and 56.87°N latitude and 

74.35° and 95.16°W longitude, with an approximate land area of 1 000 000 km2 (Government of 

Ontario, 2021). The East and the West boundaries of Ontario are connected to the province of 

Quebec and Manitoba respectively, the North boundary of Ontario is connected to the Hudson 

Bay and the James Bay, and the Southern border of Ontario is connected to the Great Lakes and 

the St. Lawrence River. Ontario's landscape is one of the Canada’s most diverse landscapes, 

composed of rocky and mineral-rich areas along the Canadian Shield, fertile farmlands along the 

Southern parts of Ontario, and grassy lowlands along with the Northern parts of Ontario. The 

climate in Ontario is temperate with four seasons that occur in a year, namely winter (cold and 

 

1 A version of methodology described in this chapter has been published in KC et al. (2021). 
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snowy), spring (cold and rainy), summer (hot and humid) and autumn (cool), but since maize is a 

warm-season crop, this crop will thrive during the summer season in Ontario. 

 

 

Figure 3.1. Location of regions within the study area of Ontario, Canada (Government of Ontario, 2019). 

3.2 Data 

The spatial datasets that have been used in this chapter are publicly available from various 

sources as they include a variety of biophysical factors related to the climate, soil, and 

topography (Table 3.1). In addition to biophysical factors, an anthropogenic factor namely 

Canadian road infrastructure was considered to help identify locations in Ontario that would be 

accessible to do agriculture (Table 3.1). These spatial datasets were in the form of raster layers 

saved as GeoTIFF files. Each raster layer comprises of cells organized in rows and columns, 

where each cell represents a specific value corresponding to a specific location on earth. Since 

raster layers come from various sources, these layers can differ in terms of dimensions, 
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resolution, extent, and coordinate reference system. And so, to ensure that the raster layers can 

be appropriately stacked, all the layers need to have common dimensions, resolution, extent, and 

coordinate reference system. The software used in this study is the open statistical software R (R 

Core Team, 2020), with the corresponding R-package known as raster (Hijmans, 2020); this 

package allows the user to read, write, manipulate, analyze, and model spatial datasets.  

3.2.1 Soil Data 

The soil datasets were raster layers that was retrieved from the FAO 

(FAO/IIASA/ISRIC/ISS-CAS/JRC, 2009). The physical and chemical properties of the topsoil (0 

- 30 cm) used in this study includes gravel content, United States Department of Agriculture 

(USDA) soil texture classification, organic carbon, soil pH (measured in soil-water solution), 

cation exchange capacity (CEC), base saturation, calcium carbonate, gypsum, sodicity, salinity, 

and drainage class. The spatial resolution of these soil datasets is in 30 arc seconds. Each pixel 

will approximately represent an area of 1 km x 1 km on the ground. The coordinate reference 

system that was set for the soil datasets is known as the World Geodetic System of 1984 

(WGS84) which uses longitude as its x coordinates and latitude as its y coordinates.  

3.2.2 Climate Data for 2018 and 2080 

The 2018 climate datasets used in this study for the 2018 LSA was retrieved from the 

Government of Canada upon request in the form of raster layers (McKenny et al., 2011). 

According to McKenny et al. (2011), these climate datasets have been generated using the 

ANUSPLIN climate modelling software that runs an algorithm known as thin plate smoothing 

splines creating spatially continuous climate datasets. The spatial resolution of the 2018 climate 

datasets is in 60 arc seconds, where each pixel will approximately represent an area of 2 km x 2 
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km on the ground. The 2018 climate variables include total precipitation during the growing 

season of 2018 (millimeters), mean temperature during the growing season of 2018 (degrees 

Celsius), and the number of days of the growing season in 2018 (days). The growing season 

begins when the mean daily temperature is greater or equal to 5 degrees Celsius for five 

consecutive days starting March 1 and the growing season ends when the mean minimum 

temperature is less than -2 degrees Celsius beginning August 1 (Government of Canada, 2020; 

McKenny et al., 2011). The 5 degrees Celsius represents the minimum temperature required for 

the general plant growth, while temperature being less than -2 degrees Celsius is referred to as 

the killing frost, which prevents the plant’s growth, thus ending the growing season (Government 

of Alberta, 2020; Government of Canada, 2020; McKenny et al., 2011). These 2018 climate 

datasets were downscaled to 30 arc seconds using a resampling technique known as bilinear 

interpolation so that the spatial resolution can be the same as the soil datasets. This resampling 

technique interpolates from all neighboring cells from the input raster grid to calculate new cell 

values for the output raster grid (Guisan et al., 2017). The coordinate reference system for the 

2018 climate datasets was set to WGS84. 

In addition to the 2018 climate datasets, the projected 2080 (average for 2071 – 2100) 

climate datasets were also retrieved from the Government of Canada in the form of raster layers 

for the 2080 LSA (McKenny et al., 2011). The projected 2080 climate variables include total 

precipitation during the growing season of 2071 – 2100 (millimeters), mean temperature during 

the growing season of 2071 - 2100 (degrees Celsius), and the number of days of the growing 

season in 2071 -2100 (days) (McKenny et al., 2011). These projected climate datasets were 

generated based on a global climate model known as CanESM2 (second generation Canadian 
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Earth System Model) for the RCP 4.5 scenario which represents a moderate case of global 

warming (moderate level of global emissions) (Bush & Lemmen, 2019; Government of Canada, 

2021; McKenny et al., 2011). The spatial resolution of the projected 2080 climate datasets was in 

300 arc seconds, where each pixel will approximately represent an area of 9 km x 9 km on the 

ground, (McKenny et al., 2011). Using bilinear interpolation, these datasets were downscaled to 

30 arc seconds to conform to the same spatial resolution as the soil datasets. The coordinate 

reference system for the 2080 climate datasets was set to WGS84. 

3.2.3 Topographic Data  

The topographic variables used for the 2018 and 2080 LSA include elevation and slope. 

The elevation dataset was a raster layer retrieved from the WorldClim Global Climate Data with 

a spatial resolution of 30 arc seconds, where each pixel approximately represents an area of 1 km 

x 1 km on the ground (Fick & Hijmans, 2017). The coordinate reference system for the elevation 

dataset was set to WGS84. Then using the SAGA GIS software, a built-in algorithm known as 

the Wang & Liu algorithm (Wang & Liu, 2006; Conrad et al., 2015) was used as a preprocessing 

tool to identify and fill surface depressions in the elevation dataset, creating a depressionless 

raster layer. Next, the slope raster layer was derived from the depressionless elevation raster 

layer using the SAGA GIS software (Conrad et al., 2015). The spatial resolution and the 

coordinate reference system of the slope raster layer is the same as the elevation raster layer. 

3.2.4 Canadian Road Infrastructure Data  

After identifying the land suitability classes for the 2018 and 2080 land suitability 

scenarios (Figure 3.2(b) and Figure 3.3(b)), the final LSMs are further refined using the 2016 

census road network dataset (Statistics Canada, 2020). By using this dataset, areas from the 2018 
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and 2080 LSMs can be identified that fall close to the Canadian road network system as it would 

provide accessibility to cultivate maize in Ontario (Figure 3.2(d) and Figure 3.3(d)). This dataset 

was a vector dataset retrieved from Statistics Canada in the form of a shape file that uses lines to 

represent Canada’s Canadian road network system in Canada. The resulting shape file was then 

converted into a raster layer and using the nearest neighbor as the resampling technique, the 

spatial resolution was set to 30 arc seconds. Compared to bilinear interpolation, nearest neighbor 

is a faster method for adjusting the spatial resolution of the raster grids as it does not use 

interpolation to calculate the new cell values for the output grids, but rather it uses the nearest 

cell centre from the input raster grid to determine the new cell values for the output raster grids 

(Guisan et al., 2017). The coordinate reference system that was set for this raster layer is 

WGS84. To identify the land suitability classes that would fall close to the Canadian road 

network system, a 10 km buffer was added around the 2016 Canadian road network raster layer. 

The reason for inserting a 10 km buffer around the Canadian road network is because there has 

not been any consensus in other literatures stating what the ideal road proximity should be to the 

farmlands and so, the 10 km buffer was chosen using an expert’s opinion (KC et al., 2021). With 

the 2016 Canadian road network dataset being applied to the 2080 LSM (Figure 3.3(b)), the 

calculated areas for the suitability classes as presented in the Results section may not be accurate 

since the Canadian road network is likely to further expand across Ontario by 2080. However, 

this dataset still provides a good approximation of the calculated areas of the suitability classes 

presented in this thesis. 
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3.2.5 Canadian Annual Crop Inventory Data  

The final dataset used in this study is the Canadian Annual Crop Inventory 2018 

(Agriculture and Agri-Food Canada, 2018). This dataset is a raster layer retrieved from the 

Government of Canada with a spatial resolution of 30 meters but was adjusted to 30 arc seconds 

using the nearest neighbor method. The coordinate reference system was set to WGS84. This 

dataset was generated by the Earth Observation Team of the Science and Technology Branch at 

Agriculture and Agri-Food Canada that identifies the locations of the major crops grown in 

Canada using satellite imagery and decision tree-based methodology. Their decision tree-based 

methodology validated ground-truth information like the provincial-based annual crop insurance 

data. This dataset was refined to identify where maize was grown in Ontario for the year 2018 

while masking out the other crops. The locations where maize was not cultivated in this dataset 

either suggests that the land was not suitable, not accessible, or maize cultivation has not taken 

place yet. Although this dataset was not directly used in the land suitability analysis, this dataset 

was used as a visual reference and empirical evidence to see where in Ontario the maize was 

cultivated in 2018, concerning the land suitability classes that have been identified in the LSMs 

for 2018 and 2080 (Figure 3.2(c) and Figure 3.3(c)). 
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Table 3.1. Factors used for the 2018 and 2080 land suitability assessment for maize production in Ontario.2  

Variable Definition Spatial Resolution Source 

Soil Factors    
Gravel Content Volume percentage gravel in topsoil 

 

30 arc-seconds Harmonized World Soil Database v 

1.21 

 

USDA Texture 

Classification 

 

USDA texture class of topsoil 

 

- - 

Organic Carbon Percentage of organic carbon in topsoil 
 

- - 

pH (H2O) Measure of acidity and alkalinity of 

topsoil 

 

- - 

CEC Cation Exchange Capacity measured in 

cmol kg-1 of topsoil 

 

- - 

Base Saturation Sum of exchangeable cations as a 
percentage of topsoil 

 

- - 

Calcium Carbonate Percentage of calcium carbonate in topsoil 

 

- - 

Gypsum Percentage of gypsum in topsoil 

 

 

- - 

Sodicity Exchangeable sodium percentage in 
topsoil 

 

- - 

Salinity Electrical conductivity of topsoil 

measured in dS m-1 

 

- - 

Climate Factors    

Mean Temperature in 
2018 

Average temperature during growing 
season measured in degrees Celsius 

 

60 arc-seconds Government of Canada2 

Total Precipitation in 

2018 

Total precipitation during the growing 

season measured in mm 

 

- - 

Growing Season Length 

in 2018 

Length of growing season measured in 

days 

 

- - 

Mean Temperature in 

2080 

Average temperature during growing 

season measured in degrees Celsius 

 

300 arc-seconds Government of Canada2 

Total Precipitation in 

2080 

Total precipitation during the growing 

season measured in mm 

 

- - 

Growing Season Length 

in 2080 

Length of growing season measured in 

days 
 

- - 

Topographic Factors    

Elevation Elevation measured in meters 

 

30 arc-seconds WorldClim3 

Slope 

 

Percent Slope 30 arc-seconds Derived from elevation data 

Infrastructure    
Canadian Census Road 

Network 

10 km buffers made around Canada’s 

Road Network 

30 arc-seconds Statistics Canada4 

    

Note: The data was collected from various sources in the form of raster grids and shape files. 1. FAO/IIASA/ISRIC/ISS-CAS/JRC (2009), 2. McKenny et al. (2011), 

3. Fick & Hijmans (2017), 4. Statistics Canada (2020).  

 

2 This table is from KC et al. (2021). Additional column “Spatial Resolution” was inserted to the original 

table for this thesis work.    
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3.3 Methods  

Before implementing the GIS-based weighted overlay technique in R, various sources 

including expert opinion was used to create a criterion table which consisted of 16 factors (Table 

3.2) that specifies the growth requirements for cultivating maize in Ontario (Sys et al., 1993; 

Tashayo et al., 2020; FAO, 2021; FAO, 2021; New Brunswick Canada, 2021; OMAFRA, 2021). 

After establishing the criterion table which consisted of suitability ranges, the observed data 

values corresponding to each factor variable was reassigned using a common measurement scale 

from 1 to 4.  

The second last step in this LSA process was to determine the appropriate weights for each 

factor. Using a subjective based approach followed by an expert’s opinion, the soil and 

topography factors had a total weight of 40% (equally split), while the climate factors had a total 

weight of 60% (equally split), thus summing to a total weight of 100% (KC et al., 2021). Given 

Canada is a temperate region, the climate factors in the criterion table can significantly vary 

throughout the year and if the climate conditions become harsh then it would be difficult or 

nearly impossible to cultivate the crops regardless of ideal soil and topographic conditions, thus 

placing more weights on the climate factors over the soil and topography factors.  

The last step in this LSA process was implementing the GIS-based weighted overlay 

formula, 𝑆𝑥 =  ∑ 𝑊𝑖𝑋𝑖
𝑘
𝑖=1 . 𝑆𝑥 for 2018 was calculated using the 2018 climate datasets and the 

soil and topography datasets, and 𝑆𝑥 for 2080 was calculated using the 2080 climate projections 

under the RCP 4.5 scenario and the soil and topography datasets. These output raster layers 

(2018 and 2080 LSMs) consisted of 𝑆𝑥, which were then further transformed into categories to 
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reflect the degree of suitability so that the LSMs can become easier to visualize and interpret. 

Using the 2018 Canadian Annual Crop Inventory dataset as empirical evidence (ground-truth), 

equal interval breaks on 𝑆𝑥 were applied to create the four land suitability classes: highly 

suitable, moderately suitable, marginally suitable, and not suitable. Therefore, depending on the 

choice of interval techniques used, LSMs can slightly differ, thus affecting the final results and 

interpretations. Lastly, the 2016 Canadian road network raster layer was used on the 2018 and 

2080 LSMs to identify which areas fall within the 10 km of Ontario’s road infrastructures, while 

masking out the remaining areas. The spatial resolution of all the LSMs presented in this chapter 

are in 30 arc seconds with the coordinate reference system set to WGS84. 
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Table 3.2. Criterion table with conditions required to cultivate maize in Ontario.3  

 Highly Suitable (4) Moderately Suitable (3) Marginally Suitable (2) Not Suitable (1) 

Soil Variables 

 (0 – 30 cm) 

 

    

Gravel Content (%)1 0– 25 25– 35 35– 55 >55 

USDA Texture1, 2, 3 

Classification 
 

Clay Loam 

Sandy Clay 
Loam 

Light Clay 

 

Sandy Loam 

Sandy Clay Loam 

Silty Clay Loam 

Loamy Sand 
Silt Loam 

Heavy Clay  

Sand 
Silt 

Silty Clay 

Organic Carbon1 

(%) 
 

1.2 +  1.2 – 0.8 0.8 – 0.4 <0.4 

pH1, 4 

 

5.8 – 7.8 5.8 – 5.5  

7.8 – 8.2 
 

5.5 – 4.5 

8.2 – 8.5 

<4.5 

>8.5 

CEC1  

(cmol/kg) 
 

5 + 5 -3.5 3.5 – 2 <2 

Base Saturation1 

(%) 
 

50 + 50 – 35 35 – 20 <20 

Calcium Carbonate1 

(%) 
 

0 -15 15 – 25 25 – 35 >35 

Gypsum1 

(%) 
 

0 – 4 4 -10  10 – 20 >20 

Sodicity1 

(%) 
 

0 – 15 15 – 20 20 – 25 >25 

Salinity1 

(dS/m) 
 

0 – 4 4 – 6 6 – 8 >8 

Drainage Class1, 5 Well 

Moderately well 

Imperfectly  

Somewhat excessive 
  

Excessive 

Poor 

Very Poor 

 

Climate Variables  

 

    

Mean Daily Temp (℃) 1, 3, 

4 

 

18 +  18 – 15 15 -10  <10 

Total Precipitation  
(mm)1, 3, 4 

 

600+ 600 - 500 500 - 400 <400 

Growing Season Length 
(days) 1, 3 

 

130 +  130 – 110 110 – 100 <100 

Topographic Variables 

  

    

Slope (%)1,6 

 

0 – 2 2 – 5 5 – 15 >15 

Elevation (m)4 <1300 1300 – 2300 2300 – 4000 >4000 

Note: Conditions and requirements have been merged from various sources and some subjective modifications have been made to the original 
ranges to best suit conditions for Canada. 1.  Sys et al. (1993), 2. Tashayo et al. (2020), 3. FAO (2021), 4. FAO (2021), 5. New Brunswick 
Canada (2021), 6. OMAFRA (2021). 

 

3 This table appears in KC et al. (2021) 
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3.4 Results 

The LSMs for maize production in Ontario for 2018 and 2080 under the RCP 4.5 scenario 

using the GIS-based weighted overlay technique are shown in Figures 3.2 and 3.3, respectively. 

Figures 3.2(a) and 3.3(a) show the calculated LSI, 𝑆𝑥, for 2018 and 2080, respectively; and their 

values ranged from 2.58 to 3.71 and 2.75 to 3.77, respectively. Generally, high 𝑆𝑥 corresponds to 

better location for maize cultivation in Ontario. Figures 3.2(b) and 3.3(b) show simplified LSMs 

of Figure 3.2(a) and 3.3(a), respectively, where 𝑆𝑥 was classified into four land suitability classes 

to reflect the degree of suitability using the equal interval technique. For Figure 3.2(b), values of 

𝑆𝑥 that ranged from [3.71, 3.43), [3.43, 3.15), [3.15, 2.87), [2.87, 2.58) were classified as highly, 

moderately, marginally, and not suitable for maize cultivation in Ontario, respectively. Similarly, 

for Figure 3.3(b), values of 𝑆𝑥 that ranged from [3.77, 3.52), [3.52, 3.26), [3.26, 3.01), [3.01, 

2.75) were classified as highly, moderately, marginally, and not suitable for maize cultivation in 

Ontario, respectively. Figures 3.2(c) and 3.3(c) show LSMs for 2018 and 2080, respectively, 

with the 2018 Annual Crop Inventory dataset being overlaid on top. Lastly, Figures 3.2(d) and 

3.3(d) identify the areas from the 2018 and 2080 LSMs (Figure 3.2(b) and Figure 3.3(b))), 

respectively, that fall within the 10 km of Ontario's road infrastructure. 

Based on the 2018 LSM (Figure 3.2(b)), 1.13% (approximately 11 000 km2) of Ontario’s 

land was identified as highly suitable for maize cultivation, where most of the highly suitable 

areas were in parts of the Western region of Ontario (Table 3.3). Following the highly suitable 

areas, 18.36% (approximately 180 000 km2) of Ontario’s land was identified as moderately 

suitable for maize cultivation, where most of the moderately suitable areas were located across 

Western, Central West, Central East, Eastern, and the lower parts of the Northern region of 
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Ontario (Table 3.3). Furthermore, 47.30% (approximately 470 000 km2) and 33.22% 

(approximately 330 000 km2) of Ontario’s land was identified as marginally and not suitable for 

maize cultivation, respectively, where the vast majority of the marginally and the not suitable 

areas were in the upper and the middle parts of Northern region of Ontario (Table 3.3). When 

considering all of Ontario’s land falling within the 10 km of Ontario’s road infrastructures as 

presented in Figure 3.2(d), it was observed that 2.27% (approximately 11 000 km2), 35.56% 

(approximately 170 000 km2), 49.74% (approximately 240 000 km2), and 12.43% 

(approximately 60 000 km2) was identified as highly, moderately, marginally, and not suitable 

for maize cultivation, respectively (Table 3.3). 

Likewise, under the moderate emission scenario (RCP 4.5) as presented in the 2080 LSM 

(Figure 3.3(b)), 12.25% (approximately 120 000 km2) of Ontario’s land was identified as highly 

suitable for maize cultivation, where most of the highly suitable areas were located across the 

Western, parts of Central West, parts of Central East, parts of Eastern and the lower parts of the 

Northern region of Ontario (Table 3.3). Next, 43.21% (approximately 430 000 km2) of Ontario’s 

land was identified as moderately suitable for maize cultivation, where the moderately suitable 

areas were in parts of Western, parts of Central East, parts of Central West, parts of Eastern, and 

the vast majority in the middle and lower parts of the Northern region of Ontario (Table 3.3). 

Lastly, 31.12% (approximately 310 000 km2) and 13.41% (approximately 130 000 km2) of 

Ontario’s land was identified as marginally and not suitable for maize cultivation, respectively, 

where the vast majority of the marginally and the not suitable areas were in the upper and the 

middle parts of Northern region of Ontario (Table 3.3). Assuming there will be no major 

significant changes in the Ontario’s road infrastructure and when considering all the Ontario’s 
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land falling within the 10 km of Ontario’s road infrastructure as presented in Figure 3.3(d), it was 

observed that 24.43% (approximately 120 000 km2), 58.86% (approximately 280 000 km2), 

14.45 (approximately 69 000 km2), and 2.26% (approximately 11 000 km2) was identified as 

highly, moderately, marginally, and not suitable for maize cultivation, respectively (Table 3.3). 

Descriptive statistics and additional plots of the climate, topographic and soil factors used for the 

LSA in this chapter are presented in Appendix A (Table A.1, Figure A.1, Figure A.2).  

 

Figure 3.2. 2018 land suitability maps for maize production in Ontario based on conventional approach with spatial 

resolution 30 arc seconds (a) Land suitability map of calculated suitability index values using weighted overlay 

technique (b) Land suitability map reflecting degree of suitability (c) Land suitability map with 2018 Annual Crop 

Inventory dataset overlayed on top (d) Land suability map within 10 km of Ontario’s road infrastructures     
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Figure 3.3. 2080 land suitability maps for maize production in Ontario based on conventional approach with spatial 

resolution 30 arc seconds (a) Land suitability map of calculated suitability index values using weighted overlay 

technique (b) Land suitability map reflecting degree of suitability (c) Land suitability map with 2018 Annual Crop 

Inventory dataset overlayed on top (d) Land suability map within 10 km of Ontario’s road infrastructures     

 

Table 3.3. Calculated areas for the 2018 and 2080 land suitability maps for maize production in Ontario using 

conventional approach. 

 Suitability Class Total Area 

(Km2) 

 

Percentage of 

Land (%) 

Total Area 

Within 10 km of 

Road 

Infrastructures 

(Km2)  

Percentage of 

Land Within 10 

km of Road 

Infrastructures 

(%) 

2
0

1
8
 

Highly Suitable 11096.45 1.13 10871.51 2.27 

Moderately Suitable 180961.19 18.36 170669.78 35.56 

Marginally Suitable 466190.73 47.30 238753.82 49.74 

Not Suitable 327456.91 33.22 59678.71 12.43 
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Table 3.3. Cont. 
2

0
8

0
 

Highly Suitable 120787.30 12.25 117251.37 24.43 

Moderately Suitable 425952.60 43.21 282492.01 58.86 

Marginally Suitable 306737.20 31.12 69368.39 14.45 

Not Suitable 132228.20 13.41 10862.06 2.26 

 

3.5 Discussion 

Overall, the results above (Table 3.3, Figure 3.2, Figure 3.3) show that highly and 

moderately suitable areas will substantially increase by 2080 for maize cultivation in Ontario due 

to climate change under the moderate emission scenario (RCP 4.5). The results in Figure 3.3 

only consider the RCP 4.5 scenario which is a moderate case of greenhouse gas emissions, but if 

the severe case of greenhouse gas emissions is considered then the mean temperature, total 

precipitation and growing season length would be much greater than the RCP 4.5 scenario thus 

creating even more opportunities in the upper parts of Northern Ontario, assuming the soil 

conditions and the topographic conditions have not significantly changed by 2080 (Bush & 

Lemmen, 2019). As presented in Figure 3.3(d), the areas that have been identified as accessible 

for maize cultivation are approximations for the future scenario. However, it needs to be 

acknowledged that Ontario’s road infrastructures will be more expansive by 2080 in Northern 

Ontario compared to what is illustrated in Figure 3.3(d), thus, the results presented in table 3.3 

are lower bound approximates (KC et al., 2021). 

It is important to acknowledge that the results presented in this chapter are based on a 

subjective process and if substantial changes were to be made to the table of criterion, the 
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factors, the datasets, the assigned weights, the common measurement scale, and/or the interval 

breaks, the results presented in the LSMs would significantly change, as this would also apply 

for the results presented in Chapter 4. And so, due to how subjective LSAs can be, the results can 

vary from study to study even after using the same GIS-based LSA technique as opinions from 

experts can also vary, thus influencing the final LSMs. For example, one of the major differences 

between this study and the study done in Iran by Tahayao et al. (2020), is the allocation of 

weights to the factors. Even though both studies investigate maize cultivation, use the same GIS-

based weighted overlay technique, and acknowledge that climate, soil, and topography are 

important factors that need to be considered when cultivating crops, experts from their study had 

allocated more weights to soil and topography factors compared to climate factors, while in this 

study more weights were allocated to climate factors compared to soil and topography factors 

based on an expert’s opinion. The main reason why the weights could have been allocated as 

such is because the study area in this thesis and the study area investigated by Tashayo et al. 

(2020) are two different climate types, namely temperate and semi-arid, respectively, thus 

influencing the productivity and opportunities of maize cultivation differently.   

From the 2018 LSM shown in Figure 3.2(c), areas that were classified as highly and 

moderately suitable were observed to be consistent with the 2018 Annual Crop Inventory dataset 

as most of the maize was cultivated in those regions. This indicates that the table of criterion, 

along with the choice of factors, the weights and the choice of interval breaks resulted in a LSM 

(Figure 3.2(b)) that was consistent with the ground-truth. Provided that climate, soil, and 

topography all play an important role for the growth and development of maize, this study 

emphasizes that Ontario is a temperate region where climate factors can vary across Ontario 
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during the growing season and if the climate conditions are not ideal then it becomes too difficult 

to cultivate crops regardless of the ideal soil and topography conditions; hence, greater weights 

were placed on climate related factors in this study (KC et al., 2021). 

A first major limitation to this study as acknowledged in Chapter 2 of this thesis is that 

valuable information is being lost when discrete values are being used as the common 

measurement scale to reflect the criterion table. Although reassigning observed data values 

within the datasets using discrete values is a simple approach that allows for a quick comparison 

of suitability within the datasets, this approach provides no additional information about how 

each observed data value within the datasets compare to one another with respect to the 

suitability since a range of observed data values are being reassigned to a single discrete value. 

Therefore, in Chapter 4 a novel approach is proposed where continuous values, namely z-scores 

are used as the common measurement scale providing two benefits: i) Comparing suitability 

across pixels and ii) Comparing factors to each other within a pixel. Furthermore, when 

statistical models are being built, as demonstrated in Chapter 4, the relationship between 𝑆𝑧 

(response variable) and the auxiliary variables (predictors) can further be studied extensively 

since the response variable is continuous and not discrete or categorical.  

Another important limitation to this study is the reliability and the accuracy of the datasets. 

Although the datasets used in this study all come from reliable resources (Table 3.1), some raster 

layers, such as those related to soil datasets (digital soil maps) are estimates of the soil’s physical 

and chemical properties based on the soil’s profile for a given location (Hengl et al. 2017; ISRIC, 

2017). In other words, if there are more soil profiles available then the estimates presented in the 

raster layers for the soil’s chemical and physical properties would provide better accuracy and a 
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reliable representation for the area under study. On the contrary, if there are insufficient amounts 

of soil profiles then the estimates of the soil’s physical and chemical properties can be 

misleading to some extent as it may not accurately represent the soil’s physical and chemical 

properties for the area under study, thus affecting the results for the LSA. The soil datasets used 

in this chapter come from a reliable resource namely from the FAO, but it is still worth 

acknowledging that these soil datasets are much older than the ISRIC World Soil Information 

soil datasets that have been used in Chapter 4 of this thesis. This would mean that there would be 

differences in the estimates of soil’s physical and chemical properties not only because they 

originate from different resources, but rather more soil profiles would have been collected and 

updated over the years, and potentially different digital soil mapping techniques would have been 

used to improve the estimates of the soil’s physical and chemical properties. 
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Chapter 4 

 

Land Suitability Assessment for Maize in 

Ontario, Canada, using a Statistical Machine 

Learning Approach 

 

In this chapter, we conduct LSA for maize production in Ontario for 2018 and 2080 under 

the RCP 4.5 scenario by reviewing and implementing the RF algorithm to model the LSI, 𝑆𝑧, as a 

function of a set of auxiliary variables (covariates). We also examine the relationships between 

the response, 𝑆𝑧, through variable importance and partial dependence plots (PDPs). The LSI, 𝑆𝑧, 

described in this section is constructed using a novel approach for conducting LSA since the 

suitability is measured on a continuous scale instead of a highly discretized scale, thus 

preventing loss of valuable information during the implementation of the RF algorithm. 

4.1 Data  

Like in Chapter 3, the spatial datasets used in this chapter are also publicly available from 

various sources as they include a variety of biophysical factors related to the climate, soil, and 

topography in the form of raster layers saved as GeoTIFF files. Based on an expert opinion, a 

total of eight quantitative factors related to soil and climate variables were used in this part of the 

study to first calculate 𝑆𝑧 for the 2018 and 2080 under RCP 4.5 scenario (Table 4.1), followed by 

using thirty-one quantitative auxiliary variables as the predictors to model the 2018 scenario 

(Table 4.2) and thirty quantitative auxiliary variables as the predictors to model the 2080 under 
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RCP 4.5 scenario (Table 4.2). These auxiliary variables consist of topographic, soil, climate, and 

spectral index related variables. The major difference between the datasets used in this chapter 

and the previous chapter is that higher spatial resolution soil datasets are used in this chapter to 

derive 𝑆𝑧 since it would provide more accurate and reliable estimates of the soil’s chemical and 

physical properties. The climate and the digital elevation model datasets used in this chapter will 

remain the same as the previous chapter since these datasets are already of high spatial 

resolution.  

4.1.1 Soil Data   

The soil datasets used to determine 𝑆𝑧 for maize production in Ontario for 2018 and 2080 

under RCP 4.5 scenario in this chapter was retrieved from ISRIC World Soil Information (Hengl 

et al., 2017). The soil’s physical and chemical properties that were considered in this study 

includes pH at the standard depth of 15 cm, cation exchange capacity (CEC) at the standard 

depth of 15 cm, depth to bedrock up to 200 cm (soil depth), coarse fragments (also known as 

gravel content) at the standard depth of 15 cm, and organic carbon content at the standard depth 

of 15 cm. These soil grids are spatial predictions that were generated using machine learning 

algorithms (random forest and gradient boosting) based on global soil profile and covariate data. 

The spatial resolution of the soil grids is 250 meters which means each pixel will approximately 

represent an area of 250 m x 250 m on the ground. These soil grids were upscaled to 60 arc 

seconds using nearest neighbor to match the same spatial resolution as the 2018 climate datasets 

since the 2018 climate datasets were loaded into the R environment first. The coordinate 

reference system for these soil datasets were set to WGS84.  
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Table 4.1. Factors used to calculate the land suitability index for maize production in Ontario for 2018 and 2080 

under the RCP 4.5 scenario 

Variable Definition Spatial Resolution Source 

Soil Factors    

Gravel Content Volume percentage of gravel in soil at 15 

cm depth 

 

250 m  ISRIC World Soil Information1 

 

Organic Carbon Percentage of organic carbon content in 
soil at 15 cm depth 

 

- - 

pH (H2O) Measure of acidity and alkalinity of soil at 

15 cm depth 

 

- - 

CEC Cation Exchange Capacity measured in 

cmol/kg in soil at 15 cm depth 
 

- - 

Depth to Bedrock  Depth of soil measured in cm  - - 

Climate Factors    

Mean Temperature in 

2018 

Average temperature during growing 

season measured in degrees Celsius 

 

60 arc-seconds Government of Canada2 

Total Precipitation in 

2018 

Total precipitation during the growing 

season measured in mm 

 

- - 

Growing Season 

Length in 2018 

Length of growing season measured in 

days 

 

- - 

Mean Temperature in 

2080 

Average temperature during growing 

season measured in degrees Celsius 
 

300 arc-seconds Government of Canada2 

Total Precipitation in 

2080 

Total precipitation during the growing 

season measured in mm 

 

- - 

Growing Season 

Length in 2080 

Length of growing season measured in 

days 

 

- - 

1. Hengl et al. (2017), 2. McKenny et al. (2011).  

4.1.2 Topographic Auxiliary Data  

The elevation dataset, also known as digital elevation model (DEM), is a raster layer that 

was retrieved from the WorldClim Global Climate Data with a spatial resolution of 30 arc 

seconds but was upscaled to 60 arc seconds using nearest neighbor (Fick & Hijmans, 2017). The 

coordinate reference system for the elevation dataset was set to WGS84. Then using the SAGA 

GIS software, a built-in algorithm known as the Wang & Liu algorithm was used to identify and 

fill surface depressions in the elevation dataset, resulting in a depressionless raster layer (Wang 

& Liu, 2006; Conrad et al., 2015). Using the depressionless elevation raster layer, other 

topographic auxiliary variables were derived using the SAGA GIS software (Conrad et al., 
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2015). These variables include multi-resolution index of valley bottom flatness, multi-resolution 

ridge top flatness, terrain ruggedness index, slope, aspect, general curvature, profile curvature, 

tangential curvature, longitudinal curvature, cross sectional curvature, minimal curvature, 

maximal curvature, total curvature, flow line curvature, analytical hill shading, convergence 

index, topographic wetness index, catchment slope, and slope length factor. These topographic 

related variables were used in predicting 𝑆𝑧 for maize production in Ontario for the 2018 and 

2080 under RCP 4.5 scenario.  

4.1.3 Soil Auxiliary Data  

The soil variables that were part of the auxiliary variables had also been retrieved from 

ISRIC World Soil Information (Hengl et al., 2017). These variables include percentage of sand at 

the standard depth of 15 cm, percentage of silt at the standard depth of 15 cm, percentage of clay 

at the standard depth of 15 cm, and available soil water capacity until wilting point at the 

standard depth of 15 cm. The spatial resolution of these soil grids is 250 meters but was upscaled 

to 60 arc seconds using nearest neighbor. Other soil variables that were also considered as 

auxiliary variables included sodicity (ESP) at the standard depth between 0 to 30 cm, topsoil 

salinity at the standard depth between 0 to 30 cm, topsoil gypsum at the standard depth between 

0 to 30 cm, topsoil calcium carbonate at the standard depth between 0 to 30 cm and topsoil base 

saturation at the standard depth between 0 to 30 cm. These soil grids are the same spatial grids 

from the last chapter, with a spatial resolution of 30 arc seconds but was upscaled to 60 arc 

seconds using nearest neighbor (FAO/IIASA/ISRIC/ISS-CAS/JRC, 2009). The coordinate 

reference system for these soil datasets were set to WGS84. These soil related variables were 



 

 

37 

 

also used in predicting 𝑆𝑧 for maize production in Ontario for the 2018 and 2080 under RCP 4.5 

scenario. 

4.1.4 Climate Auxiliary Data  

The climate variable that was used as an auxiliary variable for this study is the climate 

moisture index (CMI). The CMI monthly grids was retrieved from the Government of Canada 

for the year of 2018 and for the projected year of 2080 under the RCP 4.5 scenario with a spatial 

resolution of 60 arc seconds and 300 arc seconds, respectively (McKenny et al., 2011). The 300 

arc seconds spatial grids were downscaled to 60 arc seconds using nearest neighbor. The 

coordinate reference system for these CMI datasets were set to WGS84. The monthly CMI grids 

used in this study includes the month of May to September which were averaged since these 

months were the warmest months during the growth and development of the maize in Ontario till 

harvest during 2018. The 2018 CMI data was used to predict 𝑆𝑧 for maize production in Ontario 

for 2018 and the 2080 CMI data under the RCP 4.5 scenario was used to predict 𝑆𝑧 for maize 

production in Ontario for 2080. 

4.1.5 Spectral Index Auxiliary Data  

The spectral index variable used as an auxiliary variable in this study is the normalized 

difference vegetation index (NDVI; Pettorelli, 2013). It quantifies the amount of vegetation by 

measuring the difference between near-infrared (which is strongly reflected by vegetation) and 

red light (which is absorbed by vegetation). This auxiliary variable was used as one of the 

predictors to predict 𝑆𝑧 for maize production in Ontario for 2018 but not for 2080 under RCP 4.5 

scenario as there were no available NDVI projected datasets. The 2018 NDVI raster layer was 

retrieved from the Government of Canada, which consisted of 26 raster bands, where each band 



 

 

38 

 

represented a Julian week from 16 to 41 representing the general growing season in Canada 

during 2018 (Government of Canada, 2018). The Julian week that was selected for this study 

was week 34 (band 19), as this Julian week consisted of the highest NDVI values (approximately 

greater or equal to 0.5) in parts of Southern Ontario where maize is known to be grown. This 

suggests that the vegetation was dense and the maize in parts of Southern Ontario had likely 

reached its peak stage during its growing cycle, also known as the silking period (Wang et al., 

2016). The spatial resolution of this dataset was approximately 1000 meters but was upscaled to 

60 arc seconds using nearest neighbor (Government of Canada, 2018). The coordinate reference 

system for the NDVI datasets were set to WGS84. 
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Table 4.2. List of axillary variables used as predictors in the random forest models.   

Variable Definition Spatial Resolution Source 

Soil Factors    
Percentage Sand Weight percentage of sand particles in 

soil at the standard depth of 15 cm 

 

250 m ISRIC World Soil Information1 

Percentage Silt Weight percentage of silt particles in soil 

at the standard depth of 15 cm 

 

- - 

Percentage Clay Weight percentage of clay particles in soil 
at the standard depth of 15 cm 

 

- - 

Available Soil water 

capacity until wilting 

point 

The amount of water that the soil can 

retain for the plant’s use at the standard 

depth of 15 cm. This is represented as a 

volumetric fraction (%) 

 

- - 

Base Saturation Sum of exchangeable cations as a 
percentage of topsoil 

 

30 arc-seconds Harmonized World Soil Database v 1.22 

 

Calcium Carbonate Percentage of calcium carbonate in 

topsoil 

 

- - 

Gypsum Percentage of gypsum in topsoil 

 

 

- - 

Sodicity Exchangeable sodium percentage in 

topsoil 

 

- - 

Salinity Electrical conductivity of topsoil 

measured in dS m-1 

 

- - 

Climate Factors    
Climate Moisture Index 

for 2018 

Indicator of drought3 60 arc-seconds Government of Canada3 

Climate Moisture Index 

for 2080 

- 300 arc-seconds - 

Topographic Factors    

Elevation (DEM) Elevation measured in meters 
 

30 arc-seconds WorldClim4 

Slope 

 

Percent Slope - Derived from elevation data 

Multi-Resolution of 

Valley Bottom Flatness 

Index  

Indicator of flat valley bottoms15 - - 

Multi-Resolution Ridge 
Top Flatness Index 

Indicator of high flat areas on the 
landscapes15 

 

- - 

Terrain Ruggedness 

Index 

Measures the difference in the elevation 

between the adjacent cells in the elevation 

dataset (DEM). Expressed in meters.16 

 

- - 

Aspect Orientation of the slope measured in 

degrees representing the compass 
direction. A measure of 

the direction of gravity-driven flows13,14  

 

- - 

General Curvature Indicator of convex (peaks), concave 

(valleys), flat (saddle) landscapes. 

Expressed in m-1. 14 

 

- - 

Profile Curvature Indicator of terraces and scarps on the 

landscape. Also, indicates whether 

overland and intrasoil lateral flows 

are decelerated or decelerated. Expressed 

in m-1. 14 

 

- - 
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Table 4.2. Cont. 

Tangential Curvature Indicator of ridge and valley spurs on the 

landscape. Also, indicates whether 

gravity-driven overland and 

intrasoil lateral flows converge, diverge 

or are parallel. Expressed in m-1. 14     

 

- - 

Longitudinal Curvature Refers to the curvature in the downslope 

direction and an indicator of transverse 

crevasses. Also, indicates whether 

overland and intrasoil lateral flows 

are decelerated or decelerated.   

Expressed in m-1. 14 

 

- - 

Cross Sectional 

Curvature 

Refers to the curvature in the 

perpendicular direction to the surface’s 

slope and an indicator of whether gravity-

driven overland and 

intrasoil lateral flows converge, diverge 

or are parallel. Also, indicates channels 

and surface concavities.  

Expressed in m-1.14 

 

- - 

Minimal Curvature Indicator of hills and valleys on the 

landscape. Expressed in m-1.14    

 

- - 

Maximal Curvature Indicator of ridges and closed depressions 

on the landscape. Expressed in m-1.14   

 

- - 

Total Curvature Indicates the extent of accumulation of 
the overland and intrasoil lateral flow on 

the topographic surface at a given point.14  

 

- - 

Flow Line Curvature Refers to the twisting of flow lines, 

clockwise or counterclockwise. Expressed 

in m-1.14 

 

- - 

Analytical Hillshading Measure of the angle in degrees of the 

incoming light hitting the surface of the 

landscape based on the sun’s theoretical 

position. The sun’s theoretical position is 

decided by the azimuth and the altitude 

set to 315° and 45°, respectively.14  

 

- - 

Convergence Index Indicator describing convergent areas 

(pits and channels) and divergent areas 

(peaks and ridges)12 

 

- - 

Topographic Wetness 

Index 

Indicator of how well water accumulates 

on the landscape11 

 

- - 

Catchment Slope Average slope over the catchment9,10 - - 

Length-Slope Factor Measures the effects of topography on 

erosion8 

- - 

Spectral Index Factor    

Normalized Difference 

Vegetative Index for 

2018 

Indication of vegetation6,7 1000 m Government of Cananda5 

1. Hengl et al. (2017), 2. FAO/IIASA/ISRIC/ISS-CAS/JRC (2009), 3. McKenny et al. (2011), 4. Fick & Hijmans (2017), 5. Government of Canada (2018), 

6. Wang et al. (2016), 7.  United States Geological Survey [USGS] 2018, 8. Moore et al. (1991), 9. Wilson & Gallant (2000), 10. OMAFRA (2015), 11. 

Mattivi et al. (2019), 12. Jasiewicz (2022), 13. PennState College of Earth and Mineral Science (2020), 14. Florinsky (2016), 15. Gallant & Dowling 

(2003), 16. Riley et al. (1999)       
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4.2 Construction of a New Land Suitability Index 

In this chapter, a criterion table (Table 4.3) similar to the last chapter (Table 3.2) was 

created for the eight selected factors (Table 4.1) following FAO’s guidelines. This criterion table 

was used as a reference when standardizing the observed data values from the original factor 

variables into z-scores as a form of continuous common measurement scale before implementing 

the weighted overlay technique. Based on this criterion table, it can be observed that as 

suitability for cultivating maize increases monotonically as we increase the values of organic 

carbon, CEC, depth to bedrock, mean daily temp during growing season, total precipitation 

during growing season, and growing season length are monotonically increasing. On the 

contrary, for the remaining factors in the criterion table, namely gravel content and soil pH, the 

degree of suitability does not increase monotonically. This was addressed by applying the 

following transformations to gravel content and soil pH factor variables: 

 𝐺𝐶𝑡(%) = 77% − 𝐺𝐶𝑖 (4.1) 

 𝑃ℎ𝑡 =  −|𝑃ℎ𝑖 − 6.8| (4.2) 

where 𝐺𝐶𝑡 and 𝑃ℎ𝑡 represent the transformed gravel content and soil pH factor variables, 

respectively. From the criterion table it is observed that as gravel content in the soil increases, the 

suitability for cultivating maize decreases. And so, to alter this trend, each individual observed 

data value in the gravel content dataset, denoted by 𝐺𝐶𝑖 for 𝑖 = 1, . . , 𝑛 observations were 

subtracted from 77%, since that was the highest amount of gravel content observed in Canada. 

As a result, the higher the 𝐺𝐶𝑡 value, better the suitability for cultivating maize in Ontario. 

Likewise, from the criterion table (Table 4.3) it is observed that as soil pH increases until the 
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optimal pH range of 5.8 to 7.8, the suitability increases, but after the optimal pH range (pH > 

7.8), the suitability for cultivating maize in Ontario decreases. To alter this trend as well, each 

individual observed data value in the soil pH dataset, denoted by 𝑃ℎ𝑖 for 𝑖 = 1, . . , 𝑛 observations 

were subtracted from 6.8, since this was an arbitrarily selected pH value that falls in the middle 

of the optimal pH range, followed by applying the negative absolute function. This results in a 

trend where higher the 𝑃ℎ𝑡 value, better the suitability for cultivating maize in Ontario. After 

applying the transformations to the needed factors, all factor variables were transformed into z-

scores. Therefore, higher z-score values represent better land suitability for cultivating maize in 

Ontario whereas the lower values represent poor suitability.   

Table 4.3. Criterion table with conditions required to cultivate maize in Ontario. 

 Highly Suitable Moderately Suitable  Marginally Suitable Not Suitable  

Soil Variables 

  

 

    

Gravel Content (%)1 0– 25 25– 35 35– 55 >55 

Organic Carbon1 

(%) 

 

1.2 +  1.2 – 0.8 0.8 – 0.4 <0.4 

pH1, 3 

 

5.8 – 7.8 5.8 – 5.5  

7.8 – 8.2 

 

5.5 – 4.5 

8.2 – 8.5 

<4.5 

>8.5 

CEC1  

(cmol/kg) 

 

5 + 5 -3.5 3.5 – 2 <2 

Depth to Bedrock 1 

(cm) 

 

75 + 75 – 50 50 – 20 <20 

Climate Variables  

 

    

Mean Daily Temp (℃) 1, 2, 

3 

 

18 +  18 – 15 15 -10  <10 

Total Precipitation  

(mm)1, 2, 3 
 

600+ 600 - 500 500 - 400 <400 

Growing Season Length 

(days) 1, 2 
 

130 +  130 – 110 110 – 100 <100 

Note: Conditions and requirements have been merged from various sources and some subjective modifications have been made to the original 
ranges to best suit conditions for Canada. 1. Sys et al. (1993), 2. FAO (2021), 3. FAO (2021) 
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The next step in this LSA was to implement the new GIS-based weighted overlay formula, 

𝑆𝑧 =  ∑ 𝑊𝑖𝑍𝑖
𝑘
𝑖=1 , where 𝑍𝑖 is the standardized (z-score) value of the ith raw factor, 𝑋𝑖. Notice that 

the raw factors are measured on a continuous or interval scale and therefore 𝑆𝑧 is a real-valued 

variable, which is then modeled in RF as the response variable. The weights assigned to the 

climate factors and the soil factors remained the same as the previous chapter, 60% (equally 

split) and 40% (equally split), respectively. The LSMs consisting of 𝑆𝑧 (Figures B.1 and B.2) had 

a spatial resolution of 60 arc seconds and the coordinate reference system set to WGS84. 𝑆𝑧 for 

2018 was calculated using the 2018 climate datasets and the soil datasets, and 𝑆𝑧 for 2080 was 

calculated using the 2080 climate projections under the RCP 4.5 scenario and the soil datasets. 

Using the calculated LSI, 𝑆𝑧, (Figures B.1. and B.2.) as the observed outcomes and the 

auxiliary variables as the predictors, two separate RF models were constructed, namely for the 

2018 and 2080 under RCP 4.5 scenario. For the 2018 and the 2080 under RCP 4.5 scenario, there 

was a total of 446 817 and 445 785 observations, respectively, which was then randomly split 

into 80% as the training dataset and 20% as the testing dataset for each given scenario. The RF 

models for the 2018 and the 2080 under RCP 4.5 scenario were trained using their respective 

training datasets, where 500 trees (B) were constructed within each model and 10 predictors (m ≈ 

p/3) were considered as split candidates at each split of the constructed tree with a minimum 

node size of 5. The spatial resolution of all the LSMs produced by the RF models, as shown in 

Figures 4.4 and 4.5, are in 60 arc seconds with the coordinate reference system set to WGS84. 

 After constructing the RF models, the trained models were evaluated using the following 

performance metrics, out-of-bag mean squared error (OOB MSE), the percent of variance 
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explained (pseudo R-squared), and the test mean squared error using the test datasets. The 

models were further assessed by constructing scatter plots to visualize how close the predicted 𝑆𝑧 

were to the observed 𝑆𝑧 based the test datasets (Figures 4.2 and 4.3). Following the scatter plots, 

the important predictors within the models were identified using the algorithm proposed by 

Altmann et al. (2010), namely permutation importance, and single-variable PDPs were 

constructed to further study the important predictor’s marginal effects on the predicted outcomes 

after accounting for the average effect of the other predictors in the RF models. 

Lastly, the predicted continuous LSMs for 2018 and 2080 under RCP 4.5 scenario were 

further simplified into categories, namely highly suitable, moderately suitable, marginally 

suitable, and not suitable using equal interval breaks while using the 2018 Canadian Annual 

Crop Inventory dataset as empirical evidence. Finally, the 2016 Canadian road network raster 

layer was used to identify accessible areas within the 2018 and 2080 LSMs that fell within the 10 

km of Ontario’s road infrastructure, while masking out the remaining areas.  

4.3 Random Forest Algorithm 

The RF algorithm refers to an ensemble of decorrelated decision trees that are constructed 

using a random sampling-based technique known as bagging or bootstrap aggregation (Hastie et 

al., 2017; James et al., 2017; Kuhn & Johnson, 2016; Taalab et al., 2018). The advantages of 

using RF for this study is that it is a non-parametric algorithm that allows for learning complex 

non-linear relationships between the outcome and dependent variables and achieves good 

accuracy with the default tuning parameters, making it robust against overfitting (Kuhn & 

Johnson, 2016; Taalab et al., 2018; Taghizadeh-Mehrjardi et al., 2020). Since the objective of 
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this chapter is to model the real-valued LSI, 𝑆𝑧, from a set of auxiliary variables (predictors), 

regression trees will be constructed in the RF model, making this supervised learning problem a 

regression problem. In other words, using the observations from the training set, consisting of 𝑝 

auxiliary variables as predictors, X = (𝑋1, 𝑋2, … , 𝑋𝑝)𝑡; and 𝑆𝑧 as the quantitative response 

variable (𝑌), we train the RF algorithm in this study to estimate the unknown function 𝑓, in the 

following general regression framework: 

 𝑌 = 𝑓(𝑿) +  𝜀 (4.3) 

where 𝑓 is some fixed but unknown function and 𝜀 is a random error term, which is independent 

of X and has mean zero. The estimated function 𝑓, is then used to predict unknown response 

value, i.e., �̂� =  𝑓(𝑿) at observed inputs 𝑿 (James et al., 2017). It is emphasized in the context of 

this study that the predictor variables 𝑿 are not employed in constructing the response variable 

(LSI), 𝑌 =  𝑆𝑧. The next subsections provide further details about estimation and variable 

selection in the RF algorithm.               

4.3.1 Regression Trees 

When constructing regression trees, the predictor space is divided into J regions that are 

distinct and non-overlapping, 𝑅1, 𝑅2, … , 𝑅𝐽. The regions 𝑅1, 𝑅2, … , 𝑅𝐽 are identified in the 

decision tree such that the residual sum of squares (RSS) is minimized (James et al., 2017). The 

RSS is represented by  
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 𝑅𝑆𝑆 =  ∑ ∑(𝑦𝑖 −  �̂�𝑅𝐽
)2

𝑖∈𝑅𝐽

𝐽

𝑗=1

 (4.4) 

where 𝑦𝑖 represents the observed outcome for the ith observation in the training set and  �̂�𝑅𝐽
 

represents the average of the outcomes in the training set within the 𝐽𝑡ℎ box. These regions in the 

decision tree are constructed through a process known as recursive binary splitting. In this 

process all the training data first start at the top of the tree located in a single region in the 

predictor space (also known as the root node) and then a predictor 𝑋𝐽 and a cut-point 𝑠 is selected 

such that the predictor space is split into two regions,  𝑅1(𝑗, 𝑠) =  {𝑋 | 𝑋𝑗 <  𝑠} and 𝑅2(𝑗, 𝑠) =

 {𝑋 | 𝑋𝑗 ≥  𝑠} while ensuring the RSS is minimized. This is represented by minimizing the 

following formula,  

 𝑅𝑆𝑆 =  ∑ (𝑦𝑖 −  �̂�𝑅1
)2

𝑖: 𝑥𝑖∈𝑅1(𝑗,𝑠)

+  ∑ (𝑦𝑖 − �̂�𝑅2
)2

𝑖: 𝑥𝑖∈𝑅1(𝑗,𝑠)

 (4.5) 

where 𝑦𝑖 represents the observed outcome for the ith observation in the training set, �̂�𝑅1
 

represents the average of the outcomes in the training set within 𝑅1(𝑗, 𝑠) and �̂�𝑅2
 represents the 

average of the outcomes in the training set within 𝑅2(𝑗, 𝑠). Once the predictor space has been 

split into two regions, one of the two established regions will split again by repeating the process 

of selecting the best predictor and the best cut-point such that RSS is minimized, thus expanding 

decision tree. This successive splitting of the regions continue until a stopping criterion is 

achieved. Regions that are formed in the predictor space are referred to as terminal nodes and the 

points at which splits had occurred in the predictor space are referred to as internal nodes. 
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Furthermore, for every test observation from the testing set that falls into the region 𝑅𝐽, the 

outcome is predicted based on the average of the outcomes in the training set within the region 

𝑅𝐽. A major advantage of using a decision tree for a regression-based problem is that the trees 

can be easy to visualize and interpret, but the major disadvantage is that the trees can suffer from 

high variance (Hastie et al., 2017; James et al., 2017; Kuhn & Johnson, 2016). To tackle this 

major disadvantage, we next introduce bagging, also known as bootstrap aggregation as a way 

for reducing variance within the statistical learning model (Hastie et al., 2017; James et al., 2017; 

Kuhn & Johnson, 2016). 

4.3.2 Bagging 

Bagging also known as bootstrap aggregation, is an ensemble technique that was originally 

proposed and developed by Leo Breiman (Breiman, 1996; James et al., 2017; Kuhn & Johnson, 

2016). Generally, in this ensemble technique, B different bootstrapped samples are first 

generated from a single training dataset, and then using the bth bootstrapped sample, which is a 

subset of the B different bootstrapped samples, a statistical learning model such as a decision tree 

is trained giving a prediction denoted by 𝑓∗𝑏(𝑥) at point 𝑥 (James et al., 2017). The term 

bootstrap sample refers to a collection of randomly sampled observations with replacement of 

size 𝑛 taken from a single training dataset of also consisting of 𝑛 observations. Since the 

observations are randomly sampled with replacement, a given observation can appear in a 

bootstrap sample more than once. After constructing B statistical learning models such as 

regression trees using B different bootstrapped samples, all the predictions are then averaged. 

This ensemble technique is represented by 
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 𝑓𝑏𝑎𝑔(𝑥) =  
1

𝐵
 ∑ 𝑓∗𝑏(𝑥)

𝐵

𝑏=1

 (4.6) 

When each regression tree is constructed using this ensemble technique, they are fully 

grown and are unpruned, resulting in each regression tree to have high variance and low bias. By 

averaging these bagged regression trees, the variance is being reduced while improving the 

predictive performance of the bagged statistical learning model. Although this ensemble 

technique is an improvement from a single decision tree, a major limitation to this ensemble 

technique is that the bagged regression trees are not completely independent to one another, but 

rather they can be correlated to one another since all the predictors are being considered at each 

split of the decision tree in the bagged model. This results in regression trees to potentially have 

similar structures to one another, thus preventing the variance in the predicted outcomes from 

being reduced optimally while increasing the error rate of the statistical learning model. 

Therefore, to improve this ensemble technique, we next discuss the RF algorithm as a way for 

decorrelating the regression trees and to further improve the reduction in variance of the 

predicted outcomes in the bagging.  

4.3.3 Random Forest Algorithm for Regression-Based Problems 

Like bagging, the way predictions are made by the RF algorithm, is also by constructing 

fully grown and unpruned regression trees from bootstrapped samples, followed by averaging the 

predictions made by the individual regression trees (Hastie et al., 2017; James et al., 2017; Kuhn 

& Johnson, 2016). A flowchart of the RF algorithm is presented in Figure 4.1 (Rodriguez-

Galiano et al., 2014). In the RF algorithm, every time a split occurs in the decision tree, a new 
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random sample of m predictors are selected from the full set of p predictors and the best 

predictor, and the best cut-point is considered at each split of the decision tree such that residual 

sum of squares is minimized. This recursive binary splitting continues until the minimum node 

size is achieved. This process results in the regression trees to become decorrelated within the 

model while achieving a great reduction in variance of the predicted outcomes. It is 

recommended for regression trees, approximately one-third of the total number of predictors (m 

≈ p/3) should be considered as split candidates at each split, and a minimum node size of five, as 

this can lead to a greater reduction in both test error and OOB error compared to bagging. The 

selection of the appropriate number of split candidates (m) to be considered at each split of the 

decision tree in the RF model is referred to as a tuning parameter.   
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Figure 4.1. Flowchart of RF algorithm for regression-based problems (Rodriguez-Galiano et al., 2014).    

4.3.4 Evaluating Random Forest Algorithm for Regression Based-Problems  

To evaluate the predictive performance of the RF model, there are three commonly used 

performance metrics. They include the out-of-bag mean squared error (OOB MSE), test mean 

squared error, and the percent of variance explained (pseudo R-squared) (Hastie et al., 2017; 

James et al., 2017; Liaw & Wiener, 2002; Taalab et al., 2018). When regression trees are 

constructed using bootstrapped samples from the training dataset, each regression tree in the 

ensemble on average uses approximately two-thirds of the observations from the training 

bootstrap sample to build the regression tree, while the remaining one-third of the observations, 

also known as the out-of-bag (OOB) observations, are set aside to assess the predictive 
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performance of that regression tree (Hastie et al., 2017; James et al., 2017; Kuhn & Johnson, 

2016).  

When determining the overall OOB MSE for the RF model, individual OOB predictions 

are first obtained for the iith observation, where the prediction of the ith observation is made using 

only those regression trees in which the ith observation was not used to train that specific model 

(James et al., 2017; Liaw & Wiener, 2002). This results in approximately B/3 predictions to be 

made for the ith observation, which is then averaged to obtain a single prediction, namely OOB 

prediction (James et al., 2017). These individual OOB predictions can be obtained for each of the 

n observations from the training dataset, thus allowing the overall OOB MSE to be computed 

using the following formula 

 𝑀𝑆𝐸𝑂𝑂𝐵 =  
1

𝑛
∑(𝑦𝑖 −  �̂�𝑖

𝑂𝑂𝐵)2

𝑛

𝑖=1

 (4.7) 

where 𝑦𝑖 represents observed outcome for the ith observation, �̂�𝑖
𝑂𝑂𝐵 represents the averaged OOB 

prediction for the ith observation, and n represents the total number observations in the training 

dataset (James et al., 2017; Liaw & Wiener, 2002; Talaab et al., 2018). As acknowledged by 

James et al. (2017), the computed OOB MSE, is not only an unbiased estimate for the test error 

of the RF model but, provided there are sufficiently large quantities of B regression trees in the 

model, the OOB MSE becomes approximately equivalent to leave-one-out cross validation 

(LOOCV) error. Hence, choosing an appropriate number of trees is another tuning parameter that 

needs to be considered when implementing the RF algorithm so that the OOB error is stabilized. 

The default number of decision trees set in the algorithm is B = 500, which is sufficient for 
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achieving excellent predictive performance (James et al., 2017; Taalab et al., 2018). And so, by 

estimating the test error using the OOB approach, it becomes more computationally efficient 

than using the cross-validation approach when working with large datasets, thus being a major 

advantage (James et al., 2017).  

Next, if test datasets are available for use, the test error, also known as the test MSE, can 

be computed to further evaluate the performance of the statistical learning method (James et al., 

2017). The formula is represented by, 

 𝑀𝑆𝐸𝑇𝑒𝑠𝑡 =  
1

𝑛
∑(𝑦0 −  𝑓(𝑥0))2

𝑛

𝑖=1

 (4.8) 

where (𝑥0, 𝑦0) represents an unseen test observation from a test dataset which was not used to 

train the RF model, n represents the total number of test observations in the testing dataset, and 

𝑓(𝑥0) is the predicted outcome made by the RF model at point 𝑥0. When the OOB MSE or the 

test MSE is small in value, it suggests that the predicted outcomes are approximately close to the 

observed outcomes, but if the value is large, then there is substantial difference between the 

predicted and the observed outcomes. 

 The last performance metric that is commonly used to evaluate the fit of the RF model is 

the “percent variance explained,” also known as pseudo R-squared (Liaw & Wiener, 2002; 

Taalab et al., 2018). This performance metric indicates the overall measure of how successful the 

fit of the statistical model was using the OOB observations. This metric is represented by, 
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 𝑅𝑂𝑂𝐵
2 = 1 −  

𝑀𝑆𝐸𝑂𝑂𝐵

�̂�𝑦
2   (4.9) 

where �̂�𝑦
2 represents the total variance of the outcomes in the training dataset that is computed 

using n as the divisor instead of n – 1.   

4.3.5 Variable Importance 

Variable importance is a built-in feature in the RF algorithm that uses OOB observations to 

rank predictors based on their contribution or relative importance in predicting the outcomes 

(Hastie et al., 2017; James et al., 2017; Taalab et al., 2018). The importance of each predictor in 

the regression-based RF model is determined by averaging the total decrease in the residual sum 

of squares (RSS) due to splits made by a given predictor over all the regression trees B in the 

model (James et al., 2017). Larger the value indicates greater the contribution of that variable in 

the model (Giri et al., 2019; Hastie et al., 2017; James et al., 2017). The relative importance of 

the predictors in the model is commonly presented as a graphical representation to help identify 

which of the predictors have a greater contribution in predicting the outcomes. Based on the 

variable importance plots, it can become a difficult task to decide which predictors are more 

important since there is no ideal cut-off range for the mean decrease in accuracy that dictates 

whether a predicator is important or not. And so, in this study we employ a novel approach, 

namely an algorithm proposed by Altmann et al. (2010), where the variable importance is 

determined using p-values to help identify which predictors are important and not important in 

the RF model.  
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As acknowledged by Altmann et al. (2010), predictors that are found to be categorical in 

the RF model will have biased measures corresponding to the variable importance since 

categorical predictors with more categories are more favored within the RF algorithm. To correct 

this bias in the RF algorithm, Altmann et al. (2010) developed an algorithm called the 

permutation importance, that uses a simple permutation test which returns p-values for each 

feature in the model to determine whether a predictor is important or not. The algorithm first 

permutes the outcomes in the training dataset z times, where for each permutation the relative 

importance of all the predictors is measured, referred to as the null importances. These null 

importances are then fitted using one of the three probability distributions, namely gaussian, 

lognormal or gamma, where the appropriate probability distribution is identified in the algorithm 

using Kolmogorov–Smirnov (KS) tests. Using the fitted probability distribution with respect to 

the null importances, a hypothesis test is conducted at 𝛼 = 0.05 to test the null hypothesis that 

there is no association between the computed variable importance and the predicted outcomes. 

The authors recommended that 50 to 100 permutations should be used to achieve precise p-

values. In this study, 50 permutations were used to compute the p-values of the predictors in the 

RF model. Although no categorical predictors were used in this part of the study, we still chose 

to implement this algorithm to help identify which of predictors are important and not important 

in the RF model. 

4.3.6 Partial Dependence Plots (PDPs) 

After identifying the important predictors in the RF model, single-variable PDPs are 

constructed to further study the predictor’s marginal effects on the predicted outcomes 𝑓(𝑥) after 

accounting for the average effect of the other predictors in the RF model 𝑓 (Friedman, 2001; Giri 
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et al., 2019; Greenwell, 2019; Hastie et al., 2017; James et al., 2017; Laakso et al., 2018; Zhao & 

Hastie, 2021). PDPs introduced by Friedman (2001), is an excellent visualization tool that is also 

commonly used for other black box statistical learning methods such as ANN and SVM to 

further explain and interpret the results of the fitted model (Friedman, 2001; Hastie et al., 2017; 

Zhao & Hastie, 2021). The partial dependence function 𝑓𝑆 presented below is defined as the 

expectation of 𝑓 over the marginal distribution of all predictors except for 𝑋𝑠 (Friedman, 2001; 

Giri et al., 2019; Greenwell, 2019; Hastie et al., 2017; Laakso et al., 2018; Zhao & Hastie, 2021). 

In other words, the PDP 𝑓𝑆 demonstrates the marginal effect of 𝑋𝑠 on 𝑓(𝑥) after integrating out 

𝑋𝐶, where 𝑋𝑠 represents a subset of the important predictors (typically 1 to 3) and 𝑋𝐶 represents 

the remaining predictors used in the model 𝑓, also known as the complement set of predictors. 

 𝑓𝑆(𝑋𝑠) =  𝐸𝑋𝐶
[𝑓(𝑋𝑠, 𝑋𝐶)] =  ∫ 𝑓(𝑋𝑠, 𝑋𝐶)𝑑𝑃(𝑋𝐶)  (4.10) 

The partial dependence function is estimated by taking the average over the values of 𝑋𝐶 that 

occur in the training dataset {𝑋1𝐶 , 𝑋2𝐶 , … , 𝑋𝑛𝐶} with fixed 𝑋𝑠:  

 𝑓�̅� (𝑋𝑠) =  
1

𝑛
∑ 𝑓(𝑋𝑠, 𝑋𝑖𝐶)𝑁

𝑖=1    (4.11) 

After constructing single-variable PDPs which are 2-dimentional graphical rendered plots, two-

variable PDPs which are 3-dimentional graphical rendered plots can also be constructed to help 

identify any potential interactions between the important variables, but this can become a 

computationally expensive task if the datasets are large (Hastie et al., 2017; Laakso et al., 2018). 

Furthermore, when PDPs are constructed for more than two-variables (high-order interactions), 
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the task of computing 𝑓�̅�  (𝑋𝑠) becomes even more computationally expensive and interpreting 

the results also becomes a difficult task since the results will be of higher dimensions, thus being 

a major limitation of implementing PDPs. 

4.4 Software and Packages 

The predictive models constructed in this study, is constructed using the R statistical 

software while employing the ranger package (R Core Team, 2020; Wright & Ziegler, 2017). 

This package allows for a fast implementation of the RF algorithm and the implementation of 

variable importance using p-values. Another package employed in this study is the caret 

package, which is used to partition the dataset into 80% for training (used for training the model) 

and 20% for testing (used for testing the fitted model) (Kuhn, 2020). Other packages used in this 

study include the pdp package, the tidyverse package, and the raster package. The pdp package 

is used to construct PDPs from the trained random forest models (Greenwell, 2017). The 

tidyverse package is used clean and manipulate datasets when they are in a data frame format 

(Wickham et al., 2019). As mentioned in Chapter 3, the raster package is also used in this study 

to read, write, manipulate, analyze, and model spatial datasets (Hijmans, 2020). Lastly, the Saga-

GIS software is also used to derive terrain attributes from the digital elevation model (Conrad et 

al., 2015). 

4.5 Results 

4.5.1 Predictive Performance of the Random Forest Models 

As presented in Table 4.4, the performance metrics used to evaluate the predictive 

performance of the two regression-based RF models, namely for 2018 and 2080 under the RCP 

4.5 scenario, includes out-of-bag mean squared error (OOB MSE), percent of variance explained 
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(pseudo R-squared), and test mean squared error (test MSE). The overall OOB MSE and percent 

of variance explained for 2018 RF model includes 0.004 and 0.983, respectively, indicating a 

very strong predictive performance where the model is accurately predicting 𝑆𝑧 for 2018 from 

the thirty-one selected auxiliary variables. Since, the OOB MSE is an unbiased estimate of the 

test error, it was observed that the test MSE achieved from using the 2018 test dataset was 

approximately the same as the OOB MSE of 0.004, suggesting the model’s predicted outcomes 

of 𝑆𝑧 for 2018 is approximately close to the 2018 observed outcomes of 𝑆𝑧, as visualized in 

Figure 4.2. Likewise, the overall OOB MSE and percent of variance explained for the 2080 RF 

model includes 0.005 and 0.982, respectively, also indicating a very strong predictive 

performance where the model is accurately predicting 𝑆𝑧 for 2080 from the thirty selected 

auxiliary variables. The test MSE achieved from the 2080 test dataset was approximately the 

same as the OOB MSE of 0.005, suggesting that the model’s predicted outcomes of 𝑆𝑧 for 2080 

is approximately close to the 2080 observed outcomes of 𝑆𝑧, also visualized in Figure 4.3. 

Table 4.4. Evaluation of the random forest models for the 2018 and 2080 scenarios. 

Random Forest Model OOB MSE % Variance Explained Test MSE 

2018 0.004 0.983 0.004 

2080 0.005 0.982 0.005 
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Figure 4.2. Scatter plot of 2018 observed land suitability index values versus predicted 2018 land suitability index 

values using 2018 test dataset.     

 

Figure 4.3. Scatter plot of 2080 observed land suitability index values versus predicted 2080 land suitability index 

values using 2080 test dataset.    
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4.5.2 Land Suitability Analysis  

The LSMs for maize production in Ontario for 2018 and 2080 under the RCP 4.5 scenario, 

as shown in figures 4.4 and 4.5, respectively, were produced by the RF algorithm. Figures 4.4(a) 

and 4.5(a) show the predicted values of 𝑆𝑧 for 2018 and 2080 under RCP 4.5 scenario, 

respectively; and their values ranged from -1.29 to 2.10 and -1.25 to 1.84, respectively, where 

high 𝑆𝑧 corresponds to better location for maize cultivation in Ontario. Figure 4.4(b) and Figure 

4.5(b) show a simplified LSMs of Figures 4.4(a) and 4.5(a), respectively, where the predicted 

values of 𝑆𝑧 was classified into four land suitability classes to reflect the degree of suitability 

using the equal interval technique. For figure 4.4(b), the predicted values of 𝑆𝑧 that ranged from 

[-1.29, -0.44), [-0.44, 0.40), [0.40, 1.25), [1.25, 2.10) were classified as highly, moderately, 

marginally, and not suitable for maize cultivation in Ontario, respectively. Similarly, for Figure 

4.5(b), the predicted values of 𝑆𝑧 that ranged from [-1.25, -0.48), [-0.48, 0.30), [0.30, 1.07), 

[1.07, 1.84) were classified as highly, moderately, marginally, and not suitable for maize 

cultivation in Ontario, respectively. Figures 4.4(c) and 4.5(c) show predicted LSMs for 2018 and 

2080 under RCP 4.5 scenario, respectively, with the 2018 Annual Crop Inventory dataset being 

overlaid on top. Lastly, Figure 4.4(d) and Figure 4.5(d) identify the areas from the 2018 and 

2080 under RCP 4.5 scenario LSMs (Figure 4.4(b) and Figure 4.5(b))), respectively, that fall 

within the 10 km of Ontario's road infrastructure.  

Based on the 2018 LSM (Figure 4.4(b)), 2.50% (approximately 24 000 km2) of Ontario’s 

land was identified as highly suitable for maize cultivation, where most of the highly suitable 

areas were in parts of Western region of Ontario (Table 4.5). Following the highly suitable areas, 

13.57% (approximately 132 000 km2) of Ontario’s land was identified as moderately suitable for 
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maize cultivation, where most of the moderately suitable areas were located across Western, 

Central West, Central East, Eastern, and the lower parts of the Northern region of Ontario (Table 

4.5). Furthermore, 66.40% (approximately 646 000 km2) and 17.52% (approximately 171 000 

km2) of Ontario’s land was identified as marginally and not suitable for maize cultivation, 

respectively, where the vast majority of the marginally and the not suitable areas were in the 

upper and in the middle parts of Northern region of Ontario (Table 4.5). When considering all of 

Ontario’s land falling within the 10 km of Ontario’s road infrastructure as presented in Figure 

4.4(d), it was observed that 5.14% (approximately 24 000 km2), 27.62% (approximately 130 000 

km2), 63.51% (approximately 300 000 km2), and 3.73% (approximately 17 000 km2) was 

identified as highly, moderately, marginally, and not suitable for maize cultivation, respectively 

(Table 4.5). 

 

Figure 4.4. 2018 land suitability maps for maize production in Ontario based on statistical learning approach with 

spatial resolution of 60 arc seconds (a) Land suitability map of predicted land suitability index based on 2018 RF 

model (b) Land suitability map reflecting degree of suitability (c) Land suitability map with 2018 Annual Crop 

Inventory dataset overlayed on top (d) Land suability map within 10 km of Ontario’s road infrastructures 
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Likewise, under the moderate emission scenario (RCP 4.5) as presented in the 2080 

under RCP 4.5 scenario LSM (Figure 4.5(b)), 6.06% (approximately 58 000 km2) of Ontario’s 

land was identified as highly suitable for maize cultivation, where most of the highly suitable 

areas were located across the Western, parts of Central West, parts of Central East, and along the 

bottom parts of Eastern region of Ontario (Table 4.5). Next, 12.80% (approximately 124 000 

km2) of Ontario’s land was identified as moderately suitable for maize cultivation, where the 

moderately suitable areas were in parts of Central Western, parts of Central East, vast majority in 

parts of Eastern, and minor areas located in the bottom and middle parts of the Northern region 

of Ontario (Table 4.5). Lastly, 66.52% (approximately 645 000 km2) and 14.62% (approximately 

141 000 km2) of Ontario’s land was identified as marginally and not suitable for maize 

cultivation, respectively, where the vast majority of the marginally and the not suitable areas 

were in the upper and the middle parts of Northern region of Ontario (Table 4.5). Assuming there 

will be no major significant changes in the Ontario’s road infrastructure and when considering all 

the Ontario’s land falling within the 10 km of Ontario’s road infrastructure as presented in Figure 

4.5(d), it was observed that 12.44% (approximately 58 000 km2), 25.26% (approximately 119 

000 km2), 58.48% (approximately 276 000 km2), and 3.83% (approximately 18 000 km2) was 

identified as highly, moderately, marginally, and not suitable for maize cultivation, respectively 

(Table 4.5). Descriptive statistics of factors used to calculate 𝑆𝑧 for 2018 and 2080 under RCP 

4.5 scenario for maize production in Ontario are presented in Appendix B (Table B.1). 
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Table 4.5. Calculated areas for the 2018 and 2080 land suitability maps for maize production in Ontario using 

statistical learning approach. 

 Suitability Class Total Area 

(Km2) 

 

Percentage of 

Land (%) 

Total Area 

Within 10 km of 

Road 

Infrastructures 

(Km2)  

Percentage of 

Land Within 10 

km of Road 

Infrastructures 

(%) 

2
0

1
8
 

Highly Suitable 24374.74 2.50 24336.95 5.14 

Moderately Suitable 132081.03 13.57 130897.76 27.62 

Marginally Suitable 646243.68 66.40 300966.67 63.51 

Not Suitable 170505.56 17.52 17667.59 3.73 

2
0

8
0
 

Highly Suitable 58877.26 6.06 58827.65 12.44 

Moderately Suitable 124251.81 12.80 119467.91 25.26 

Marginally Suitable 645906.95 66.52 276600.82 58.48 

Not Suitable 141955.91 14.62 18094.60 3.83 

 

 

Figure 4.5. 2080 land suitability maps for maize production in Ontario based on statistical learning approach with a 

spatial resolution of 60 arc seconds (a) Land suitability map of predicted land suitability index based on 2080 RF 

model (b) Land suitability map reflecting degree of suitability (c) Land suitability map with 2018 Annual Crop 

Inventory dataset overlayed on top (d) Land suability map within 10 km of Ontario’s road infrastructures   
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4.5.3 Variable Importance  

The predictors (auxiliary variables) that had the greatest contributions in predicting the 

land suitability index, 𝑆𝑧, was identified using the permutation importance algorithm developed 

by Altmann et al. (2010) to help identify which predictors are important and not important within 

the constructed RF models of the 2018 and 2080 scenarios. At the 5% level of significance, the 

predictors that had the greatest contribution in predicting the 2018 and 2080 under RCP 4.5 

scenario LSI values (𝑆𝑧) based on the constructed RF models for the 2018 and 2080 under RCP 

4.5 scenario includes the topographic wetness index, base saturation, sodicity (ESP), available 

soil water capacity until wilting point, percentage silt, percentage sand, percentage clay, 

elevation, multi-resolution index of valley bottom flatness, multi-resolution ridge top flatness, 

climate moisture index during 2018 growing season (exclusive to 2018 RF model), and 

normalized difference vegetation index (NDVI) for 2018 during the 34th Julian week (exclusive 

to 2018 RF model), climate moisture index during 2080 growing season (exclusive to 2080 RF 

model), and calcium carbonate (exclusive to 2080 RF model) (Table 4.6). Based on the identified 

important predictors, an interesting observation was made about the calcium carbonate predictor. 

In the 2018 RF model, this predictor was not identified as an important predictor at the 5% level 

of significance, but after not including the NDVI factor in the 2080 RF model, calcium carbonate 

became an important predictor at the 5% level of significance. This suggests that although NDVI 

is an important predictor in predicting 𝑆𝑧, but due to unavailable NDVI projected datasets, 

calcium carbonate was able to move up in the variable importance ranking and become an 

important predictor in predicting 𝑆𝑧. The descriptive statistics of the important identified 
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auxiliary variables within the RF models of the 2018 and 2080 under RCP 4.5 scenario is 

presented in Appendix B (Table B.2). 

Table 4.6. Variable importance identified within the RF models constructed for the 2018 and 2080 scenarios at the 

5% level of significance using the permutation importance algorithm developed by Altmann et al. (2010). 

Predictors P-Values Predictors P-Values 

Percentage Sand 0.0196 Sodicity (ESP) 0.0196 

Percentage Silt 0.0196 
Climate Moisture Index 

for 2018 
0.0196 

Percentage Clay 0.0196 Elevation (DEM) 0.0196 

Available Soil water 

capacity until wilting 

point 

0.0196 

Multi-Resolution of 

Valley Bottom Flatness 

Index 

0.0196 

Base Saturation 0.0196 
Multi-Resolution Ridge 

Top Flatness Index 
0.0196 

Calcium Carbonate 0.0196 
Normalized Difference 

Vegetative Index for 2018 
0.0196 

Topographic Wetness 

Index 
0.0196 

Climate Moisture Index 

for 2080 
0.0196 

 

4.5.4 Partial Dependence Plots (PDPs) 

After identifying the most important predictors within the RF models, single variable PDPs 

as presented in Figures 4.6 and 4.7 were constructed to describe the predictor’s contribution in 

the RF model after accounting for the average effect of the other predictors. From the plots 

presented in Figure 4.6, the partial dependence of 2018 predicted 𝑆𝑧 on topographic wetness 

index (TWI), base saturation, sodicity (ESP), available soil water capacity until wilting point, 

percentage silt, percentage clay, elevation, multi-resolution valley bottom flatness index, and 

normalized difference vegetative index (NDVI) is monotonically increasing from 13 to 16.5, 

45% to 80%, 1.2% to 2.5%, 30% to 50%, 20% to 43%, 13% to 30%, 0 m to 400 m, 10.2 to 10.6, 

0 to 0.7, respectively. The partial dependence of 2018 predicted 𝑆𝑧 on base saturation, sodicity 
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(ESP), available soil water capacity until wilting point, percentage sand, percentage clay, multi-

resolution ridge top flatness index, and climate moisture index (CMI) for 2018, and multi-

resolution valley bottom flatness index is monotonically decreasing from 17% to 45%, 0% to 

1.2%, 20% to 30%, 30% to 60%, 5% to 13%, 8 to 10.5, -4% to 2%, 9.5 to 10.2, respectively. 

Likewise, the plots presented in Figure 4.7, the partial dependence of 2080 predicted 𝑆𝑧 on 

topographic wetness index (TWI), base saturation, sodicity (ESP), available soil water capacity 

until wilting point, percentage silt, percentage clay, elevation, multi-resolution valley bottom 

flatness index, and calcium carbonate is monotonically increasing from 13 to 16.5, 45% to 63%, 

1.2% to 4%, 30% to 50%, 25% to 45%, 13% to 28%, 0 m to 500 m, 10.2 to 10.6, and 0% to 4%, 

respectively. The partial dependence of 2080 predicted 𝑆𝑧 on base saturation, sodicity (ESP), 

available soil water capacity until wilting point, percentage sand, percentage clay, multi-

resolution ridge top flatness index, multi-resolution valley bottom flatness index climate 

moisture index (CMI) for 2080 is monotonically decreasing from 17% to 45% and 63% to 85%, 

0 to 1.2%, 20% to 30%, 30% to 60%, 8% to 13%, 8 to 10.5, 9.5 to 10.2, and -3 to 1.3, 

respectively. The predictors that exhibit a monotonic increase and monotonic decrease between a 

given range of values, indicates an increase and a decrease, respectively in the suitability for 

cultivating maize in Ontario for 2018 and 2080 under RCP 4.5 scenario after accounting for the 

average effect of the other predictors in the RF model. In other words, values for which a 

monotonic increase occurs within the PDPs for a given predictor, indicates a positive correlation 

with 𝑆𝑧 and vise versa. A thorough correlation analysis needs to be done for future work between 

the important auxiliary variables and the variables used to calculate 𝑆𝑧 to further understand this 

complex relationship. As seen within the PDPs presented below, not all plots are smooth in 
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shape as this is due to decision trees producing discontinues piecewise functions, hence sharp 

discontinuities are visible within the PDPs (Hastie et al., 2017). Another observation that is made 

within the PDPs is that when plots begin to level off, either at the start or at the end of the partial 

dependence function, it indicates that the predictors may not have many datapoints available 

within the datasets for those regions of the curve, thus making the estimates of 𝑆𝑧 less reliable 

(Molnar, 2019).   

 

Figure 4.6. Partial dependence of 2018 land suitability index on twelve important identified predictors. The light-

blue ticks along the x-axis of the plots represent deciles of the input variable.  
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Figure 4.7. Partial dependence of 2080 land suitability index (on twelve important identified predictors. The light-

blue ticks along the x-axis of the plots represent deciles of the input variable. 

4.6 Discussion  

Overall, the RF models constructed in this study for 2018 and 2080 under RCP 4.5 

scenario have a strong predictive performance showing no signs of overfitting, as the models 

were able to accurately predict the LSI, 𝑆𝑧. Based on the predicted 𝑆𝑧, followed by the 

implementation of equal interval breaks, it can be observed that the highly suitable areas will 

increase by 2080 for maize production in Ontario due to climate change under the moderate 

emission scenario. The results from the RF models constructed for 2018 and 2080 under RCP 4.5 

scenario, suggests that topographic wetness index, base saturation, sodicity (ESP), available soil 
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water capacity until wilting point, percentage silt, percentage sand, percentage clay, elevation, 

multi-resolution index of valley bottom flatness, multi-resolution ridge top flatness, climate 

moisture index during 2018 growing season (exclusive to 2018 RF model), climate moisture 

index during 2080 growing season (exclusive to 2080 RF model), normalized difference 

vegetation index (NDVI) for 2018 during the 34th Julian week (exclusive to 2018 RF model), and 

calcium carbonate (exclusive to 2080 RF model) had the greatest contributions in predicting 𝑆𝑧. 

These predictors were further understood by constructing single variable PDPs to describe their 

contributions within the RF models, but for future studies two-variable PDPs can be constructed 

to check for any potential interaction effects amongst the important and not important predictors 

(Hastie et al., 2017). The remainder of the discussion presented below is based on the PDPs plots 

presented above (Figures 4.6 and 4.7) and the summary descriptive statistics of the important 

identified auxiliary variables presented in Appendix B (Table B.2).      

Based on the soil related auxiliary variables that have been identified as important 

predictors in the model, there is a low average of sodicity present in Ontario’s topsoil indicating 

that there are no large quantities of excess of exchangeable sodium in the topsoil (FAO, 2021). 

As a result, this will not hinder with the water infiltration and water availability in the soil and 

the plant’s overall growth (FAO, 2021). From the PDPs for the 2018 and 2080 under RCP 4.5 

scenario, it is observed that the partial dependence of predicted 𝑆𝑧 on sodicity (ESP) is first 

monotonically decreasing and then monotonically increasing, indicating a decrease and an 

increase, respectively in the overall predicted LSI. Although the range of values at which this 

partial dependence function is being evaluated at is considered highly suitable based on the table 
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of criterion presented in Chapter 3, this monotonic decrease and monotonic increase may be due 

to the average effects of the other predictors present in the model.  

The base saturation with an average of 58.62% indicates that Ontario’s topsoil is acidic 

overall. Base saturation is known to increase with soil’s pH, where a soil pH of 7 would 

generally result in base saturation to be approximately greater or equal to 90% (Havlin, 2005). 

This average also indicates a good quantity of nutrients is present within Ontario’s soil which 

consists of calcium, magnesium, potassium, and sodium (Havlin, 2005). The availability of these 

nutrients in the soil also increases with base saturation (Havlin, 2005). For moderate to high 

levels of base saturation, it is observed in the 2018 PDP that the partial dependence of predicted 

𝑆𝑧 on base saturation is monotonically increasing for moderate to high levels of base saturation 

suggesting an overall increase in predicted land suitability index. For the 2080 under RCP 4.5 

scenario PDP, the partial dependence of predicted 𝑆𝑧 on base saturation is monotonically 

increasing for moderate levels of base saturations but then begins to decrease at high levels of 

base saturation, making this observation unusual since suitability should be increasing with high 

levels of base saturation.  

Other chemical and physical properties that were identified to be important within the RF 

models of 2018 and 2080 under RCP 4.5 scenario includes percentage sand, percentage silt, 

percentage clay, and available soil water capacity until wilting point with average values of 

50.90%, 30.41%, 18.63%, and 28.89%, respectively, suggesting that the type of soil texture that 

can be found across Ontario is loamy based soil textures such as silty loam, loam, and sandy 

loam (Cornell University, 2010). Generally, loamy based soil textures have moderate spacing 
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between particles resulting in water and nutrients being removed from the soil either readily but 

not rapidly, somewhat slowly, or sufficiently slowly as this would depend on the proportion of 

sand, silt, and clay present. This type of soil texture generally keeps the soil wet and provides 

moisture to the plants during the growing season, especially during the times when there is not 

enough rainfall. Furthermore, the available water capacity is generally also higher for loamy 

based soil textures (Cornell University, 2010; FAO/IIASA/ISRIC/ISS-CAS/JRC, 2009; Hillard 

& Reedyk, 2020; Government of Canada, 2013). As observed within the 2018 and 2080 under 

RCP 4.5 scenario PDPs, the overall predicted 𝑆𝑧 decreases with increasing amounts of sand 

suggesting maize cultivated in Ontario does not grow well in sandy based soil textures, but the 

suitability increases with increasing amounts of silt suggesting that maize cultivated in Ontario 

prefers silt in the soil. Next it is observed within the 2018 and 2080 under RCP 4.5 scenario 

PDPs, that for low amounts of clay, the predicted 𝑆𝑧 decreases but begins to increase for 

moderate levels of clay, suggesting that moderate amounts of clay is required in the soil to 

cultivate maize in Ontario. Lastly, it is observed from the PDPs of 2018 and 2080 under RCP 

scenario, that the predicted 𝑆𝑧 increases for moderate to high levels of available water capacity.  

 The last soil related property identified to be important only in the 2080 scenario is 

calcium carbonate. The average amount of calcium carbonate observed in Ontario’s topsoil is 

0.001%. Having low to moderate amounts of calcium carbonate in the soil can help maintain the 

structural integrity of the soil and can also help correct the pH of acidic soils (FAO, 2021; 

FAO/IIASA/ISRIC/ISS-CAS/JRC, 2009). But having excessive amounts present in the soil can 

result in iron deficiency and can also reduce the water storage capacity within the soil, thus 

preventing the crops from growing (FAO, 2021; FAO/IIASA/ISRIC/ISS-CAS/JRC, 2009). 
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Based on the 2080 under RCP 4.5 scenario PDP, the partial dependence of the overall predicted 

𝑆𝑧 on calcium carbonate is monotonic increasing suggesting calcium carbonate is good for the 

soil in low amounts since the range of values at which the partial dependence function is being 

evaluated is considered highly suitable. 

 The topographic auxiliary variables that were identified to be important predictors within 

the RF models for the 2018 and 2080 under RCP 4.5 scenario includes elevation, multi-

resolution index of valley bottom flatness, multi-resolution ridge top flatness, and topographic 

wetness index with averages of 248.52 m, 10.17, 9.24, and 14.92, respectively. This indicates 

that Ontario’s land on average is at an elevation that is considered highly suitable for cultivating 

maize based on the criterion table presented in Chapter 3 and the land is flat, making it prone to 

water accumulation based on the remaining three derived topographic factors. This allows the 

soil to remain wet and moist during the growing season and poses no risk for soil erosion due to 

water since the land is relatively flat with a low slope angle (Mattivi et al., 2019; OMAFRA, 

2021). From the 2018 and 2080 under RCP 4,5 scenario PDPs, it is observed that the partial 

dependence of the overall predicted 𝑆𝑧 on elevation, multi-resolution index of valley bottom 

flatness, and topographic wetness is monotonic increasing, but the partial dependence of the 

overall predicted 𝑆𝑧 on multi-resolution ridge top flatness is monotonically decreasing, 

suggesting that the predicted 𝑆𝑧 for cultivating maize increases for locations in Ontario that are 

flat valley bottoms compared to high flat areas, while taking into account the average effects of 

the other predictors in the model. Generally, high flat areas correspond with high multi-

resolution ridge top flatness index values and would be considered suitable for cultivating maize 
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since the land is still flat, but these high flat areas are located in parts of northern region of 

Ontario where the overall suitability is marginal and not suitable for cultivating maize.  

 The climate related factors that were identified to be important within the RF models for 

the 2018 and 2080 under RCP scenario includes normalized difference vegetative index (NDVI) 

for Julian week 34 of 2018, climate moisture index during growing season of 2018 and 2080 

under RCP 4,5 scenario with average values of 0.35, -0.63, and -1.60. NDVI is calculated using 

two wavebands namely, the red band spectrum and near infrared spectrum, which quantifies the 

density of plant growth that ranges from -1 to 1 (USGS, 2018; Wang et al., 2016). NDVI values 

less than 0.1 indicates the presence of water, snow, sand, and barren lands (USGS, 2018; Wang 

et al., 2016); NDVI values moderately close to 1 (approximately 0.2 to 0.5) indicates sparse 

vegetation such as shrubs, grassland or senescing crops (USGS, 2018; Wang et al., 2016); and 

NDVI values close to 1 (approximately 0.6 to 0.9) indicates dense vegetation or crops reaching 

their peak growth stage (USGS, 2018; Wang et al., 2016). Although the average NDVI value 

indicates moderate level of vegetation across Ontario, high NDVI values close to 1 was observed 

in Southern region of Ontario suggesting dense vegetation in the region and maize reaching its 

peak growth stage namely, the silking period (Wang et al., 2016). Furthermore, from the 2018 

PDP, the partial dependence of predicted 𝑆𝑧 on NDVI is monotonic increasing suggesting for 

high NDVI values during the Julian week 34 of growing season 2018, the soil and climate 

conditions which were used to calculate 𝑆𝑧 had ideal conditions in certain areas allowing for 

dense vegetation and the crops to reach their peak growth stage.  
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Next, the climate moisture index (CMI) is an indicator of drought that is calculated based 

on monthly precipitation minus monthly potential evapotranspiration (Government of Canada, 

2020; McKenny et al., 2011). Evapotranspiration refers to the evaporation of water from the 

landscape covered by vegetation (Government of Canada, 2016). The positive index values 

represent the environment being wet and moist due to excess amounts of precipitation in the 

environment, while the negative values represent the environment being dry and lacking 

moisture due to deficit in precipitation (Government of Canada, 2016; McKenny et al., 2011). 

The average CMI values indicate that the environment during the growing season of 2018 and 

2080 under RCP 4.5 scenario is dry and lacking moisture due to deficit in precipitation 

(McKenny et al., 2011). This is to be expected during the summer season of Ontario, especially 

in Southern Ontario, where the temperature is generally a lot warmer and extreme compared to 

Northern Ontario. During this season not a lot of precipitation is observed compared to the spring 

season, resulting in greater evapotranspiration within the environment. Since the CMI average 

for the 2080 under RCP 4.5 scenario is much lower than 2018, it indicates a greater deficit in 

precipitation within the environment. With rising temperatures due to climate change in 2080, 

there will be a great increase in the amount of water that is evaporated from the landscape 

covered by vegetation and transpiration from the plants, thus creating a drought like environment 

within Ontario, especially in Southern Ontario. This poses a potential risk to the crop’s overall 

growth and development during the growing season of 2080. As seen in the PDPs of 2018 and 

2080 under RCP 4.5 scenario, the partial dependence of predicted 𝑆𝑧 on CMI is monotonically 

decreasing, indicating the suitability of cultivating maize in Ontario decreases with increasing 

CMI during the growing season, after accounting for the effects of the other predictors in the 
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models. The areas which maize is heavily cultivated, namely in Southern Ontario, generally 

experiences a lot warmer and extreme temperatures during the summer season and will further 

experience those conditions due to climate change compared to Northern Ontario. This will 

result in more water to be evaporated from the environment thus creating dry conditions in which 

maize can be cultivated since maize is a durable crop that can tolerate dry conditions based on 

the 2018 scenario. Since the calculated 𝑆𝑧 is generally high in parts of Southern Ontario with 

CMI values indicating dry like conditions (negative CMI values) compared to Northern Ontario 

where the calculated 𝑆𝑧 is generally low but the CMI values indicate wet and moist conditions 

(positive CMI values) during the summer season, the RF models have been trained such that the 

PDPs depict that the suitability of cultivating maize in Ontario decreases with increasing wet and 

moist (positive CMI) environments during the growing season. Generally, having wet and moist 

conditions during the hot dry summer season can be beneficial to the crops as long as the 

excessive precipitation does not result in a natural disaster such as flooding which can be 

detrimental to the crops. 
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Chapter 5 

 

Conclusion and Future Work  

 

This thesis presents novel work in conducting LSA for maize production in Ontario for 

2018 and 2080 under RCP 4.5 scenario using two different approaches, namely GIS-based 

weighted overlay technique and a statistical learning approach. Both approaches provide 

valuable estimates in determining the suitability of cultivating maize in Ontario. However, it is 

important to acknowledge that the LSA conducted in Chapter 3 is highly subjective in nature 

compared to the LSA conducted in Chapter 4, since discretization occurred throughout the 

preliminary steps of the LSA. Regardless of which approach is selected, conducting LSA 

requires opinions and knowledge from experts as LSMs are very sensitive to any small changes 

during the preliminary steps of the analysis. Both approaches indicate that global warming will 

create more opportunities by 2080 for cultivating maize in Ontario, especially in the Northern 

parts of Ontario due to increasing growing season length, temperature, and precipitation under 

the moderate emission scenario. Based on the conventional approach, approximately 55% 

(approximately 546 000 km2) of the land in Ontario will be highly and moderately suitable for 

cultivating maize in 2080, while the statistical approach suggests approximately 19% 

(approximately 183 000 km2) of the land in Ontario will be highly and moderately suitable for 

cultivating maize in 2080. 

Compared to other land suitability studies acknowledged in this thesis, this thesis provides 

novelty work for the following summarized reasons: i) In Chapter 3, LSA was conducted based 
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on 16 factors related to soil, climate and topography with the implementation of the GIS-based 

weighted overlay technique, ii) In Chapter 4, LSA was conducted based on 8 quantitative factors, 

while implementing the modified GIS-based weighted overlay technique, followed by 

constructing regression-based RF models for the 2018 and 2080 under RCP 4.5 scenario to 

model the continuous LSI, 𝑆𝑧, (response variable) from a set of auxiliary variables (predictors), 

and iii) Identifying the most important auxiliary variables within the RF models and studying 

their contributions within the models by constructing single-variable PDPs so that they can be 

taken into account for future studies when conducting LSA for maize production in Ontario or 

across Canada. By measuring suitability on a continuous scale and using the continuous LSI as 

the response variable, this provides additional opportunities to implement other parametric 

statistical models that are spatiotemporal for future studies. Depending on the approach selected 

for LSA, and acknowledging their underlying limitations, various stakeholders and policy 

makers can use both these LSMs appropriately when making important decisions. The increased 

opportunities of cultivating maize in Ontario during 2080 under RCP 4.5 scenario will not only 

create more job opportunities within the agriculture sector, but Ontario will greatly contribute to 

reducing the food insecurity within the remote areas of Ontario and Canada since maize is an 

essential crop used for human consumption, animal feed and industrial use (KC et al., 2021). 

To further expand on this research of LSA of maize production in Ontario, different 

machine learning models can be implemented to see which model preforms better in predicting 

the LSI while identifying the most important auxiliary variables and seeing how the LSMs 

generated by each machine learning model differs. Although this study only focused on maize 

production within Ontario, using the trained RF models, LSMs can be generated for whole 
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Canada to identify the opportunities for maize cultivation for 2018 and 2080 under RCP 4.5 

scenario, provided the auxiliary datasets are available for whole Canada. To evaluate how well 

the RF models perform for the 2018 scenario across entire Canada, the LSMs can be compared 

with the Annual Canadian Crop Inventory Dataset of 2018 which will serve as empirical 

evidence (ground-truth). Lastly, using the same GIS-based LSA techniques presented in this 

thesis, the LSA can further be expanded for other crops such as soy, wheat, and potato as these 

crops are currently cultivated in mass abundance within Canada and will further be cultivated in 

mass abundance due to climate change as acknowledged by KC et al. (2021), followed by 

considering other RCP scenarios as well, namely 2.6 (low level of global emissions) and 8.5 

(high level of global emissions).
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APPENDIX A 

Table A.1. Summary of descriptive statistics of quantitative factors used for 2018 and 2080 land suitability 

assessment for maize production in Ontario using the conventional approach.    

 Min Q1 Median Q3 Max IQR Mean SD CV 

Soil Variables  

  

         

Gravel Content 

(%) 

 

1 2 4 22 22 20 10.48 8.91 85.02 

Organic Carbon 

(%) 

 

0.70 1.15 1.17 2.02 35.27 0.87 2.91 6.39 219.59 

 

pH 

 

4.30 5.10 5.30 6.60 7.50 1.50 5.70 0.84 14.74 

CEC (cmolc/kg) 

 

5 11 12 12 80 1 17.05 15.54 91.14 

Base Saturation 

(%) 
 

17 47 62 79 100 32 58.62 23.23 39.63 

Calcium 

Carbonate (%) 

 

0 0 0 0 3.9 0 0.001 0.074 7400 

Gypsum (%) 

 

0 0 0 0 0 0 0 0 - 

Sodicity (%) 

 

0 0 2 2 5 2 1.33 1.01 75.94 

Salinity (dS/m) 

 
0.10 0.10 0.10 0.10 0.10 0 0.10 0 0 

Climate 

Variables 

2018  

 

         

Mean Daily 

Temp (℃) 

 

 

10.44 12.77 13.65 14.84 17.77 2.07 13.76 1.57 11.41 

Total 
Precipitation  

(mm) 

 

248.10 334.10 388.50 441.50 767.1 107.40 391.88 79.21 20.21 

Growing Season 

Length (days)  

 

114 146 157 168 244 22 157.97 20.53 13.00 

Climate 

Variables 

2080  

         

          

Mean Daily 

Temp (℃) 

 

12.18 14.57 15.12 15.76 17.80 1.19 15.06 1.04 6.91 

Total  

Precipitation  

(mm) 

 

314.60 417.00 489.20 568.10 834.90 151.10 500.96 96.68 19.30 

Growing Season 

Length (days) 
 

161 184 193 209 286 25 199.89 24.38 12.20 
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Table A.1. Cont. 

Topographic 

Variables 

 

         

Slope (%) 

 

0 0.14 0.41 0.98 20.70 0.85 0.80 1.15 143.75 

Elevation (M) -2 145 253 355 604 209.00 248.52 126.74 51.00 

Mean Daily 

Temp (℃) 

 

12.18 14.57 15.12 15.76 17.80 1.19 15.06 1.04 6.91 

Total  

Precipitation  

(mm) 
 

314.60 417.00 489.20 568.10 834.90 151.10 500.96 96.68 19.30 

Note: Min – Minimum, Q1 – Lower Quantile, Max- Maximum, Q3 – Upper Quantile, IQR – Interquartile Range, SD – Standard Deviation, CV - 

Coefficient of variation    

 

 

Figure A.1. Observed frequencies of soil textures found in Ontario.     
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Figure A.2. Observed frequencies of soil drainage classes in Ontario. 
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APPENDIX B 

Table B.1. Descriptive statistics of quantitative factors used for calculating 2018 and 2080 land suitability index for 

maize production in Ontario.   

 Min Q1 Median Q3 Max IQR Mean SD CV 

Soil 

Variables 

from ISRIC 

         

Gravel 
Content (%) 

0 7 10 13 44 6 10.4 4.88 46.92 

Organic 

Carbon 

(%) 

0 4.8 7.4 19.9 52.7 15.1 13.16 11.42 86.79 

pH 3.6 4.6 4.8 5.0 7.3 0.4 4.9 0.54 11.02 

CEC 

(cmolc/kg) 

5 21 35 67 136 46 44.77 28.57 63.82 

Depth (cm) 0 172 200 200 200 28 181.33 31.26 17.23 

Climate 

Variables 

2018  

         

Mean Daily 

Temp (℃) 

10.44 12.77 13.65 14.84 17.77 2.07 13.76 1.57 11.41 

Total 

Precipitation  

(mm) 

248.10 334.10 388.50 441.50 767.1 107.40 391.88 79.21 20.21 

Growing 

Season 

Length 
(days) 

114 146 157 168 244 22 157.97 20.53 13.00 

Climate 

Variables 

2080  

         

Mean Daily 

Temp (℃) 

12.18 14.57 15.12 15.76 17.80 1.19 15.06 1.04 6.91 

Total 

Precipitation  
(mm) 

314.60 417.00 489.20 568.10 834.90 151.10 500.96 96.68 19.30 

Growing 

Season 
Length 

(days) 

161 184 193 209 286 25 199.89 24.38 12.20 

Note: Min – Minimum, Q1 – Lower Quantile, Max- Maximum, Q3 – Upper Quantile, IQR – Interquartile Range, SD – Standard Deviation, CV - 

Coefficient of variation    
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Table B.2. Descriptive statistics of important identified auxiliary variables that have greatest contributions within the 

random forest models of the 2018 and 2080 scenarios in predicting land suitability index. 

 Min Q1 Median Q3 Max IQR Mean SD CV 

Base 
Saturation 

(%) 

17 47 62 79 100 32 58.62 23.23 39.63 

Sodicity (%) 0 0 2 2 5 2 1.33 1.01 75.94 

Available 

Soil water 
capacity until 

wilting point 

(%) 

14 22 25 36 57 14 28.89 9.18 31.78 

Percentage 

Sand (%) 
20 46 52 56 70 10 50.90 7.05 13.85 

Percentage 

Silt (%) 
17 28 30 32 55 4 30.41 3.90 12.82 

Percentage 

Clay (%) 
5 14 18 23 43 9 18.63 5.56 29.84 

Elevation 
(m) 

-2 145 253 355 604 209.00 248.52 126.74 51.00 

Multi-

Resolution of 

Valley 
Bottom 

Flatness 

Index 
 

0.004 9.99 10.34 10.50 10.68 0.50 10.17 0.84 8.23 

Multi-

Resolution 

Ridge Top 

Flatness 

Index 
 

0.004 8.54 9.75 10.34 10.47 1.81 9.24 1.48 16.02 

Topographic 

Wetness 
Index 

 

11.72 14.21 14.98 15.60 17.36 1.39 14.92 0.92 6.17 

Climate 
Moisture 

Index for 

2018 
 

-4.89 -1.70 -0.36 0.40 2.29 2.10 -0.63 1.29 204.76 

Normalized 

Difference 
Vegetative 

Index for 

2018 
 

-0.11 0.29 0.37 0.46 0.92 0.17 0.35 0.16 45.71 

Calcium 

Carbonate 
(%) 

 

0 0 0 0 3.9 0 0.001 0.074 7400 
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Table B.2. Cont. 

Climate 

Moisture 
Index for 

2080 

-4.77 -2.62 -1.48 -0.82 0.73 1.44 -1.60 0.93 58.13 

Note: Min – Minimum, Q1 – Lower Quantile, Max- Maximum, Q3 – Upper Quantile, IQR – Interquartile Range, SD – Standard Deviation, CV - 

Coefficient of variation. CV for NDVI and CMI was calculated using the absolute mean value so that CV would not be represented as a negative 

(also known as relative standard deviation).      

 

Figure B.1. 2018 land suitability map for maize production in Ontario consisting of calculated suitability index 

values using modified GIS-based weighted overlay technique with a spatial resolution of 60 arc seconds. 

 

 

Figure B.2. 2080 land suitability map for maize production in Ontario consisting of calculated suitability index 

values using modified GIS-based weighted overlay technique with a spatial resolution of 60 arc seconds. 

  


