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ABSTRACT 

 

EXAMINING AND MODELLING THE RELATIONSHIP BETWEEN LOCAL 

TOPOGRAPHIC VARIATION AND CROP YIELD POTENTIAL 

 

Riley Eyre                                                                      Advisor: Dr. Aaron Berg 

University of Guelph, 2020                                          Committee Member: John Lindsay 

 

Local topographic variation directly influences crop yields in unirrigated agricultural 

fields. Topography-driven surface processes affect soil moisture and nutrient distributions 

throughout a field, thereby introducing spatial heterogeneity in soil fertility where crops are grown. 

This research used traditional and secondary terrain attributes derived from fine-resolution 

topographic surface data to model estimated crop yield for a row crop field in southern Ontario. A 

moving-window Pearson’s correlation technique was used to assess individual influence between 

topographic attributes and crop yield. Influential variables were then selected as input variables 

for a geographic weighted regression (GWR) model where crop yields were estimated and 

compared to observed values. Slope and relative topographic position were consistently selected 

as effective explanatory variables for the predictive GWR models regardless of crop type. Yields 

were sufficiently predicted for each crop type, with calculated coefficient of determination values 

equaling R2 = 0.80 for corn, R2 = 0.73 for wheat and R2 = 0.71 for soybeans. The model performed 

better in areas of the field with greater variation, suggesting that this method works best in variable 

terrain. These results indicate that local topographic variation plays a significant role in crop yield 

and various topographic attributes should be included in crop yield estimation models. 
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1.0 Introduction 

1.1 Background 

Local topographic variation has significant influence on many surface processes, indirectly 

affecting the ability for crops to reach their full yield potential (Green et al., 2007; Green and 

Erskine, 2004; Heil et al., 2018; Jiang and Thelen, 2004; Zhou et al., 2018). The movement of soil 

water and the subsequent heterogeneous distribution of soil nutrients are generally controlled by 

topographic properties (Schmidt et al., 2007; Zhang et al., 2011), therefore making topography an 

observable indicator of crop yield potential within a field.  

Fully understanding the relationship between topography and crop yield could provide 

several positive impacts for agricultural industries. Considering topographic attributes in crop 

yield prediction models could increase their predictive accuracy, improving the rigidity of systems 

that contribute to food security and commodity markets (Iizumi et al., 2018; van der Velde et al., 

2019). Additionally, understanding inherent yield potential of farmland is essential to effectively 

plan urban expansion. Knowing which farmland has the greatest yield potential can guide potential 

urban expansion into rural areas, ensuring the highly productive cropland is not lost. This would 

also impact the valuation of farmland (Li, 2016). The ability to assess crop yield potential without 

the need to access high-resolution historical yield data can aid in assuring farms are valued 

appropriately. Finally, the topographically controlled crop yield variations throughout a field make 

ideal management zones within crop fields. As modern agriculture moves towards a more 

technologically dependent environment, where technology such as global positioning systems, 

real-time kinematic positioning and variable application rate equipment are being integrated into 
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many farm operations, there are new opportunities to reduce the negative environmental impacts 

associated with conventional agriculture (Schimmelpfennig, 2016). 

Topography can be represented by a collection of attributes derived from digital elevation 

models, generally referred to as topographic attributes or land-surface parameters (Moore et al., 

1991). These attributes can model specific terrain characteristics such as elevation, slope, or aspect. 

Often, more complex attributes are calculated to gain greater understanding of natural processes. 

For example, flow indices can be computed by considering upslope area to predict soil moisture 

within a watershed (Beven and Kirkby, 1979). Grid representation of a landscape, also known as 

raster format data, enables the computation of secondary attributes and surface processes (Clark et 

al., 2017). Through a combination of these primary and secondary topographic attributes and an 

understanding of topography-yield relationships, crop yield can be predicted with geospatial 

analysis techniques (Green et al., 2007). 

Localized correlation and regression techniques can utilize topographic attributes to 

explain spatial relationships in further detail. Using these approaches to measure the topography-

yield relationship can identify its spatially varying strength throughout a field (Matthews and 

Yang, 2012). Topographic attributes naturally describe different characteristics of a landscape, 

therefore including a variety of topographic attributes in these analyses can improve results when 

calculating correlations or regressions. As new topographic attributes are developed, it is important 

to test their explanatory power in established spatial relationships through a variety of methods. 

Improving the understanding of topography-yield relationship provides economic and 

environmental benefits. While there is an understanding that topography heavily influences crop 

yield, new studies should continue to explore the use of newly developed topographic attributes in 

explanatory models. Additionally, localized analysis techniques should be utilized to measure 
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these relationships as they can vary greatly within a field based on its topographic variation. Thus, 

this research will evaluate the viability of using several topographic attributes to predict crop yield 

in a field of southern Ontario. The analyses will include the use of a moving-window correlation 

technique and a geographically weighted regression to measure the relationships strength as it 

varies spatially throughout the field. The results presented in this thesis will demonstrate the 

effectiveness of using geographically weighted regression to predict crop yield and will improve 

the understanding of which topographic attributes are most effective in improving these 

predictions. 

 

1.2 Research Aim and Objectives 

This research aims to use geospatial analysis techniques and topographic surface data to quantify 

the crop yield variance explained by primary and secondary topographic attributes within a field 

near Guelph, Ontario, Canada. This thesis is arranged around three primary objectives: 

1. Highlight the economic and environmental benefits of understanding crop yield potential 

through a literature review that considers current agricultural factors and the role that 

topography plays on crop yield; 

2. Identify which topographic attributes are individually correlated with crop yield through 

the use of a moving-window Pearson correlation technique and global linear regression; 

3. Use the identified correlated attributes as explanatory variables in a GWR model to 

evaluate its ability to predict within-field crop yield variation. 
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1.3 Thesis Outline 

This thesis is composed of four chapters with the intent of achieving the research objectives 

outlined above. The thesis is structured as follows. Chapter 2 contains a literature review that 

discusses the environmental and economic impacts of modern crop farming and how improving 

the understanding of topography-yield relationships can be beneficial; Chapter 3 contains a 

manuscript that presents the research completed for these thesis, highlighting the context, methods, 

results and conclusions resulting from the research; Finally, the fourth chapter summarizes the 

findings from this thesis  and presents conclusions and suggestions for future research. 
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Chapter 2.0 Literature Review 

2.1 Introduction 

This chapter aims to summarize the relevant research literature on the current stresses 

facing agricultural crop producers and how modelling the relationship between local topographic 

variation and crop yield variability may be environmentally and economically beneficial. This 

chapter also reviews the significance of agricultural sustainability in achieving regional and global 

food security. The recent development and implementation of precision agriculture technologies 

is then discussed, along with the subsequent use of these tools in the new field of precision 

conservation. Next the relationship between surface processes and topographic variation are 

reviewed in the context of crop development. Finally, the advantages of using LiDAR-derived 

surface models for predicting crop yield and measuring farmland suitability are discussed in 

comparison to existing alternate methods. 

 

2.2 Intensifying Agricultural Industry 

2.2.1 Growing Population and Food Security 

Recent decades have seen increased pressure on agricultural systems. Among the factors causing 

this increase is a rapidly increasing global population, as there is expected to be more than 9 billion 

people on the Earth by 2050 (Radoglou-Grammatikis et al., 2020).  Berners-Lee et al. (2018) 

estimate that crop production will need to increase by 119% in order to maintain global food 

security if current dietary consumption continues unaltered. Of this growing population, there is a 

sharply declining percentage that are involved in agriculture. This loss of farmers is occurring in 

Canada as well. The number of farmers in Canada has been falling for decades, where now there 

are less than 200,000 farmers in the whole country (Statistics Canada, 2017). In addition to this, 
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the average age of farmers in Canada continues to rise to where the average farmer in Canada is 

now 55 years old (Statistics Canada, 2017). These trends are resulting in an older population 

having to produce more crops than ever before. 

Many countries that are seeing the greatest population growth are considered to be 

developing countries (Alirol et al., 2011).  This makes it difficult to achieve sustainable food 

security, as farmers in these regions may not be able to get the support they need from governments 

or agricultural industries. The remote locations of many of these regions also complicate the 

process of improving these agricultural systems. These countries are also typically dependent on 

affordable and locally grown food (Husak and Grace, 2016) and rely on agriculture to stimulate 

their domestic and local economy (Ramankutty et al., 2018). 

 The loss of arable farmland near urban areas is another concern that places increased 

pressure on farmers and food systems. Farmland is often targeted for urban development (Ferguson 

and Khan, 1992). As urban populations grow, cities continue to sprawl onto what is often suitable 

farmland (Du et al., 2013; Francis et al., 2012; Skog and Steinnes, 2016). In addition to the eventual 

loss of farmland, the investment potential of developing farmland into residential areas drives farm 

prices into territories that become unprofitable for farmers. As an alternative to purchasing 

unattainably priced farmland, farmers may turn to purchasing less expensive land that is not as 

productive and may require greater inputs to achieve profitable yields (Francis et al., 2012). This 

type of relationship can threaten food security, as farmers have to grow crops on fields that have 

lower yield potential. It also heightens the threat that agriculture poses to nearby ecosystems, as 

increased crop inputs raise the potential for ecological damage. 
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2.2.2 Influence of Climate Change on Crop Production 

 Anthropogenic climate change is rapidly altering natural meteorological cycles and 

regional weather standards. It is estimated that increasing concentrations of greenhouse gasses in 

the earth’s atmosphere will lead to warming temperatures and decreased rainfall at mid latitudes, 

where many large-scale farms are located (Dai et al., 2018; Easterling et al., 2012). Rapid 

atmospheric and oceanic warming can also lead to severe storms and flooding events that can have 

profound negative effects on food security (Easterling et al., 2012). These changes are already 

affecting the stability of crop production, as more volatile weather conditions cause crops to be 

susceptible to yield losses (Bhatta and Aggarwal, 2016; Karimi et al., 2018; Myers et al., 2017). 

To compile this issue, crops planted in areas that are less suitable for agriculture, generally planted 

in soils of lower quality, are even more vulnerable to these losses (Lal, 1997; Mandal et al., 2017; 

Vasu et al., 2016).  

In order to combat these changes, agricultural industries have been making adjustments to 

increase the resiliency of crops. Genetic modifications to seed, altered soil management programs 

and increased crop development monitoring are among the changes aimed to improve the 

likelihood of crops yielding to their full potential (Balmford et al., 2018; Brooks and Barfoot, 2017; 

Das et al., 2015; Roesch-McNally et al., 2018). These modifications to agricultural systems have 

been effective methods of increasing crop yield and stability, but continued development is 

expected to be needed to supply the growing global demand for food (Bailey-Serres et al., 2019). 

Ensuring that crops are planted in areas that are supportive of crop development is one approach 

to increase the overall quality of crop production. Previous literature has shown that farmland 

suitability is a critical component in sustainable crop production (Gaudin et al., 2013; Huang et 

al., 2008; Pu et al., 2018).  
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2.2.3 Tightening Economic Margins 

 Perhaps the greatest pressure on farmers is the increasingly tight financial margins that 

farms operate on. Costs related to agriculture continue to climb and farm profits have subsequently 

dwindled. The 2017 USDA Agricultural Census cites that costs of agricultural inputs have risen 

since 2012 and that income has fallen (USDA, 2017).  Farms are also vulnerable to many 

uncontrollable variables that cannot always be foreseen. Few industries are as dependent on 

suitable weather conditions as agriculture, especially in regions without artificially irrigated fields. 

Commodity prices are also heavily impacted by international trade and political changes, making 

it difficult for farmers to ensure long-term profitability. The massive debt associated with farming 

adds to its inherent financial pressure. Canadian farming debt has doubled since 2000, crossing 

$100 billion (CAD) in 2016 (Statistics Canada, 2017). The combination of these factors can make 

farmers wary of investing in agricultural technologies or management methods that have expensive 

upfront costs, even if they may make their farm more profitable over a longer period of time. 

Farmers may miss out on long term profitability as a result (Castle et al., 2015).  

There are several factors that influence a farmer’s likelihood to invest in new technologies 

that may improve the efficiency of their farm (Pierpaoli et al, 2013). Schimmelpfennig (2017) 

found that farmers with superior financial stability are more likely to adopt precision agriculture 

technologies that improve farm sustainability and profitability. Restricted financial freedom can 

even lead to reduced environmental sustainability of a farm and its surrounding area due to the 

continued soil degradation and pest resilience caused by traditional farming methods. Strategic 

crop rotations and conservation tilling introduce added initial costs to farmers, making it difficult 

for small farming operations to adopt these changes.  Encouraging financial security for farmers 
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would likely lead to a greater rate of adoption of ecologically minded practices and may also be 

financially beneficial as well. 

 

2.2.4 Existing Negative Environmental Effects of Agriculture 

2.2.4.1 Soil Degradation 

 One of the potential negative environmental impacts of traditional farming is soil 

degradation. Agricultural producers have an especially complicated relationship with soil quality, 

as they rely on soil being of good quality in order to grow crops; yet agricultural practices are 

widely considered one of the main causes of rapid soil degradation (Cassman, 1999). There are 

many aspects to soil quality, all of which can be classified into one of two categories: inherent or 

dynamic (MacEwan, 1997). Inherent soil properties are subject to very little change and are mostly 

unaffected by management practices. Climate, topography and parent material are all examples of 

inherent soil quality. Dynamic soil properties are greatly affected by land management practices 

and can change quite rapidly, making these characteristics ideal for determining the overall quality 

of the soil (MacEwan, 1997). 

The amount of organic material found in soil, referred to as soil organic matter (SOM), is 

a key element of soil functionality. It is made up of decaying plant and animal tissues, along with 

any remnants of microorganisms that live in the soil (Johnston et al., 2009). Most crops require 

sufficient SOM to be able to grow and produce an adequate yield, mostly due to their biological 

consumption of nutrients (Wei et al., 2014; Hu et al., 2018). High concentrations of SOM have 

been shown to increase fertility, promote nutrient cycling, and allow for greater water retention 

(Karlen et al., 1997). SOM also promotes the retention and exchange of nutrients necessary for 

plant development, including carbon, nitrogen and phosphorous. Most of these nutrients are 
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naturally occurring in soils but can be depleted through poor agricultural management (Bronick & 

Lal, 2005; de la Rosa et al., 2000). Intensive tillage, soil contamination from irrigation and 

pesticide use, and fertilizer application are all threats to the natural regulation of SOM 

(Franzluebbers et al., 2006; Martinez & Zinck, 2004). SOM is not only important for the nutrient 

supply chain for the growth of crops, but it is also crucial for the physical health of the soil 

(Schjonning et al., 2018). Low SOM has been shown to reduce the structural stability of soil, 

leading to further problems of root development and physical soil loss (Schjonning et al., 2018). 

The impact of these soil quality issues can be mitigated through the use of certain farming 

practices that redistribute SOM throughout the soil. Routine crop rotations are a widely practiced 

strategy by farmers in an attempt to rebalance SOM (Pimentel et al., 1995). Some crops will leach 

specific nutrients from the soil, while others will return that same nutrient (Karlen et al., 2006; 

Cassman, 1999). Maize crops, for example, can actually improve SOC because of the large amount 

of residue its root systems leave behind to decompose after it has been harvested. Natural organic 

fertilizers such as this are critical to maintaining a healthy soil and are much less wasteful than 

inorganic supplements often applied by farmers (Hu et al., 2018). Having a mix of dissimilar crops 

is a necessity to have a healthy and effective rotation. 

Physical soil health generally refers to the structure of a soil, including the size, shape and 

arrangements of both particles and pores in a soil (Bronick & Lal, 2005). How well soils can retain 

and transfer fluid and nutrients and are able to support the growth of root systems, are necessary 

functions that can be affected by soil structure (Lal, 1991). Physical deterioration of soil can have 

just as significant of effects on soil productivity as nutrient deficiency (Bronick & Lal, 2005). In 

silt-clay soils, the breakdown and dispersal of soil particles during rainfall can essentially seal off 

the top of the soil layer, making it difficult for seeds to push through the surface of the soil (Kemper 
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et al., 1988). This sealed layer may also reduce the amount of water infiltration into the root system 

of crops, aggregating the number of issues created by the dispersed and cohesive soil particles.       

Perhaps one of the largest concerns regarding physical soil quality is the actual loss of soil 

from a field (de la Rosa et al., 2000).  Soil erosion is an especially important process of soil 

degradation to manage properly because, unlike SOM, it is challenging to replenish once it has 

been lost. Having adequate topsoil is crucial for the establishment of crop root systems and nutrient 

storage, as well as to regulate fluxes of water throughout the soil (Abid & Lal, 2009). Both aeolian 

and hydrological processes can contribute to the loss of topsoil through erosion, but the effects of 

these processes may be amplified by management practices that have become standard in modern 

intensive agriculture (Giordano et al., 1991). Giodano et al. (1991) suggest that there are several 

agricultural practices that are especially concerning in regard to soil erosion, including: intensive 

harvesting, uncovered bare soil, soil compaction, frequent tillage, lack of physical field boundaries, 

and reduced rates of manure application. 

 

2.2.4.2 Nutrient Runoff and Leaching 

 Poor soil quality can lead to environmentally detrimental nutrient leaching within a field 

(Chamen et al., 2015). Compacted or impenetrable soil restricts water flow downward through the 

surface, causing an increase in overland flow (Bai et al., 2008). As soil quality degrades, it becomes 

more vulnerable to sediment transport through hydrological or aeolian processes (Stagnari et al., 

2016). Not only is this loss of soil detrimental to the agricultural productivity of the field (Massah 

and Azadegan, 2016), but it can also harm nearby natural environments (Stagnari et al., 2016; 

Stoate et al., 2001). Farmers often apply nutrients such as nitrogen and phosphorous to fields to 
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supplement the development of crops. As sediments are washed away from a field, any nutrients 

that are bound to the soil particles are carried along with them (Subbulakshmi et al., 2009). These 

nutrients often end up in nearby bodies of water such as rivers and lakes, where they cause an 

unsustainably rapid increase in available nutrients (Smith and Schindler., 2014; Subbulakshmi et 

al., 2009). Massive algal blooms can form as a result, often killing many of the living creatures 

that rely on the water for habitat and drinking water. This process is known as eutrophication and 

has intermittently devastated many freshwater resources, including Lake Erie of the Great Lakes 

(Berry et al., 2017; Watson et al., 2016). 

 While poor soil quality can exacerbate the problem of sediment and nutrient runoff, the 

over application of agricultural fertilizers is a key contributor as well (Subbulakshmi et al., 2009). 

Additionally, many surficial hydrologic processes are heavily influenced by local topographic 

variation, meaning that some areas of a field are inherently more likely to lose excess nutrients due 

to runoff (Price, 2011). This is to suggest that considering topography when applying fertilizers 

may reduce the risk of nearby water contamination while also potentially increasing a farm’s 

economic efficiency. 

 

2.2.4.3 Agricultural Soils and Climate Change 

Atmospheric carbon (CO2) has been shown to amplify the greenhouse effect, raising the 

global average temperature and creating a wide range of mostly unpredictable meteorological 

phenomena for much of the world’s population (Doran, 2002). While crop farmers are greatly 

affected by ongoing anthropogenic climate change, some agricultural practices are actually 

contributing to it. Soil plays an important and often overlooked role in the cycling of CO2, acting 
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as the world’s largest terrestrial storage of organic carbon (Batjes, 1992). Sequestering 

anthropogenically introduced carbon from the atmosphere, soil can mitigate the damage caused by 

having excess amounts of CO2 in the atmosphere (Bader et al., 2016). Traditional crop farming 

can restrict the ability of topsoil to act as a carbon reservoir. Frequent cultivation of soil disturbs 

its natural storage of carbon, releasing much of its captured CO2 into the atmosphere (Bader et al., 

2016). Conversely, alternative farming practices such as the addition of SOM to a soil or 

minimized tillage can actually encourage greater soil carbon storage (Johns et al., 2015; 

Schlesinger & Andrews, 2000).  

 

2.3 Precision Agriculture and Conservation 

2.3.1 Development of Precision Agriculture 

An increasing number of crop farming operations are beginning to embrace the 

implementation of precision agriculture technologies (Schimmelpfennig, 2017). The precision 

agriculture movement is heavily based on the concept of increasing farm efficiency, ideally 

maximizing farm outputs while minimizing inputs (Finger et al., 2019). A large part of this concept 

relies on identifying and quantifying the variables that contribute to crop yield (Liaghat and 

Balasundram, 2010). In some cases, inputs such as seed and fertilizer can be reduced to save money 

without a significant decrease in crop yield, effectively increasing profitability. Conversely, inputs 

can be increased in regions where a yield-limiting factor could be supplemented to further improve 

harvested crop yield.  

While the idea of focusing on farm profitability, rather than revenue, has been around for 

some time, the introduction of many modern technologies has enabled it to gain traction at a larger 

scale (Finger et al., 2019). GPS and Real-Time Kinematic (RTK) technologies now allow tractors 
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to drive themselves with centimetre-precision. Not only does this reduce the number of passes 

required to cover a field, mitigating the damages done to soil through soil compaction and saving 

fuel costs (Schimmelpfennig and Ebel, 2011), but it also allows for real-time adjustments to be 

made throughout the field. Variable rate seeding can allow farmers to alter the amount of seeds 

planted into the ground, while variable rate sprayers can target areas in the field that need 

additional application. Both of these technologies rely on GPS and RTK, and they can both save 

farmers money through the reduction of inputs.  

The use of aerial-based remote sensing platforms to monitor the development of crops has 

continued to grow in recent years (Alsalam et al., 2017; Radoglou-Grammatikis et al., 2020). 

Improved battery life and user-friendly software of unmanned aerial vehicles (UAV) has made 

them popular among farmers and agricultural professionals. The ability to scout large fields adds 

to the value provided by UAVs, as farmers can scout hundreds of hectares in minutes (Radoglou-

Grammatikis et al., 2020). Ongoing research into crop responses under multispectral and 

hyperspectral sensors is improving the analysis capabilities of these platforms. Vegetative indices 

such as the normalized difference vegetation index (NDVI) are becoming an essential part of 

agricultural remote sensing. The combination of these indices and the agronomic knowledge of 

crop development can provide information regarding nutrient deficiencies in a crop before it is 

harvested. This creates an opportunity for farmers to be proactive in their management, potentially 

boosting harvested yield and subsequent revenue. 

 Another factor in the growing popularity of precision agriculture is the ability to collect 

and store massive amounts of data. There are many different types of data that farmers can utilize 

to improve the efficiency of their farms. Crop yield data is at the heart of precision agriculture, as 

management decisions are generally based partially on historic yield performance. Distinct within-
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field management zones can be delineated based on historical yield values and variable rate 

technology can allow for them to be managed uniquely. 

 

2.3.2 Using Precision Agriculture to Promote Conservation 

 Although the primary motivation behind precision agriculture technology is to maximize 

farm profitability, it can also be especially helpful in promoting and enabling environmental 

conservation (Capmourteres et al., 2018). Farming has inherent negative impacts on immediate 

and surrounding natural ecosystems. Precision agriculture technologies can enable the reduction 

of these impacts while still benefiting farmers’ bottom line. This approach to mitigating the effects 

of farms on the environment has been coined “precision conservation” (Berry et al., 2005). Specific 

farming practices that have been enabled by precision agriculture technology can mitigate or even 

eliminate many of the previously discussed environmental concerns associated with crop farming. 

A discussion on these practices will explain how they work, why they have reduced environmental 

risk, and how they can be economically beneficial to farmers. 

 

2.3.2.1 Conservation Tillage 

 Traditional agricultural tillage practices involve cultivating entire fields with a variety of 

tractor-pulled implements that cut into the topsoil. This process agitates the soil to make it easier 

to plant seeds into the ground and for crops to establish roots. Recent years have seen a diversion 

from these traditional methods, toward methods grouped within the broadly termed conservation 

tillage (Busari et al., 2015). There are several types of conservation tillage, but two have gained 

significant traction in recent years. “No till”, or “zero till”, is the practice of planting directly into 

soil without tilling it first. This method can greatly reduce the amount of soil loss and nutrient 
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pollution (Claasson, 2012; Duiker and Myers, 2005). “Minimal tillage” is another group of tillage 

techniques that are ecologically beneficial when compared to conventional tillage. These 

approaches rely on reducing the amount of tilled land, either through fewer passes through a field 

with tillage equipment or with the utilization of GPS and RTK technologies. Using these 

technologies makes it possible to till thin strips of land where crops are then planted, known as 

“strip tilling”. This results in approximately half of the land surface being undisturbed, while still 

allowing farmers to plant seeds into tilled ground when required (Celik et al., 2013). While 

minimal tillage techniques are not as effective at preserving the natural properties of the soil, it can 

be more effective in fields that suffer from soil compaction (Busari et al., 2015; Licht and Al-

Kaisi, 2005). Each of these methods carries the goal of minimal soil disturbance to maintain natural 

physical and chemical properties of the soil, while providing a fertile soil for crop growth (Busari 

et al., 2015; Celik et al., 2013; Temesgen et al., 2007). 

 While these techniques may be primarily implemented by farmers to help the long-term 

profitability of their operations, there are significant ecological and environmental benefits as well. 

The reduced topsoil disturbance allows for efficient storage of carbon dioxide, while also 

promoting healthier physical soil properties that reduce the environmental risk associated with 

nutrient runoff (Baker and Laflen, 1983; Busari, 2005; Uri, 1999). Limiting the amount of passes 

that tractors have to make in a field also mitigates concerns of over-compacting the soil (Nawaz et 

al., 2013). This has major benefits to regulating near-surface hydrological processes and also 

promotes the success of microorganisms that rely on the soil for habitat (Schnurr-Putz et al. 2006).  
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2.3.2.2 The Use of Management Zones 

Many of the environmental problems associated with agriculture are at least partially due 

to individual fields being managed as a single zone. When farmers manage a field as a whole, 

meaning application rates of seed and fertilizers are universal throughout the field, there is 

potential to over-apply products to many regions within the field (Farid et al., 2016). Since the 

conditions of a field are often heterogeneous, a whole-field management approach can be wasteful 

for farmers and detrimental for the surrounding environment (Guastaferro et al., 2010). To combat 

these inefficiencies within a field, distinct management zones can be created by farmers and 

agricultural professionals to improve the quality of the farm. Field characteristics such as soil type, 

topography and edge effects can be used to delineate management zones (Cambouris et al., 2006; 

Farid et al., 2016). Farming with management zones can decrease costs, reduce the need for 

environmentally harmful chemical inputs, and increase the profitability of a farm.  

 

2.3.2.3 Variable Rate Technology 

 Precision agriculture technologies have greatly aided in the implementation of distinct 

management zones. Once distinct management zones are established within a field, variable rate 

technology can allow farmers to change the volume of applied products throughout the field based 

on historical yield values and observed crop quality (Finger et al., 2019). This enables greater 

application rates in regions that require more seed or spray and reduced rates in areas where it is 

not needed (Hedley, 2013). This approach helps decrease input costs for farmers, increasing the 

profitability of a crop (Liu et al., 2006). In addition to the economic benefit introduced by this 

technology, there are notable environmental benefits as well.  
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 Much of the environmental benefit associated with variable rate technology is the reduced 

product applied to agricultural fields (Bullock et al., 2009). Products such as fertilizers, pesticides 

and herbicides can all be detrimental to surrounding environments and are traditionally blanketed 

onto fields at a continuous rate. Chemical inputs that are used on farmland to control pest and weed 

populations are inherently bad for the natural environment due to their composition. Fertilizers are 

often rich in nutrients such as phosphorous and nitrogen, causing algal blooms and eutrophication 

in nearby bodies of water (Kleinman et al., 2011; Watson et al., 2016).  Excess application of these 

products can end up in the natural environment and cause ecological damage at the micro and 

macro levels. By reducing the application of these products and being more deliberate in their 

application, farmers can still receive the benefits they provide without posing a significant threat 

to the natural environment (Scavia et al., 2014). 

 

2.3.2.4 Managed Natural Habitats and Set Aside Lands 

Taking the idea of zone-specific management further, research has shown that farmland 

productivity should be considered when determining potential land uses (Bren d’Armour et al., 

2017; Lichtenberg and Ding, 2008). This idea can be applied within agriculture to assign land uses 

that suit land appropriately and protect ecosystem services. For example, unprofitable land can be 

converted to other land uses, such as native flower beds or perennial hay grasses, to benefit nearby 

crops through increased pollination (Capmourteres et al., 2018). This is beneficial for farmers, who 

can eliminate the financial and resource waste of farming unprofitable ground, while also 

benefiting the local environment through limited soil degradation and reduced nutrient input. This 

approach sides more with the argument of “land-sparing”, rather than “land-sharing”, when 

discussing how to promote conservation in agricultural regions (Kremen, 2015). It differs from 
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traditional land-sharing approaches in the way that it ensures that set-aside lands are beneficial to 

farmers while also providing natural ecosystem services (Capmourteres et al., 2018).  

To additionally benefit the surrounding environment, natural buffer zones can be 

established between fields and open water to restrict the ability of excess nutrients to infiltrate 

water sources (Kleinman et al., 2011; Kuglerová et al., 2014). These zones are especially important 

on sloping terrains that lead to drainage routes within a landscape (Gu et al., 2017).  

 

2.4 Relationship Between Topography and Crop Yield 

Topographic variation is a main driver of many surface processes. The physical gradients 

between geographic positions on a landscape create soil fertility heterogeneity due to flow-driven 

movement of soil water and nutrients. These variations can be modelled with the use of digital 

elevation models and a conceptual understanding of the processes that promote soil fertility. 

Increased soil fertility is highly correlated to improved crop yields, and subsequent farm 

profitability. Therefore, a full understanding of how local topographic variation influences crop 

yield may enable effective implementation of management zones to earn the associated 

environmental and economic benefits. 

 

2.4.1 Soil Moisture Availability 

 Water availability is crucial for the development of crops (Abid and Lal, 2009). This is 

especially true in semi-arid regions where many agricultural crops are grown. On non-irrigated 

farmland, the absence of soil water can be detrimental to the development of crops and can lead to 

reduced harvested yields. Healthy topsoil is capable of retaining significant amounts of water that 

can be accessed by growing crops. When soil quality is reduced, either by nutrient shortages or 
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physical soil degradation, its ability to hold water is also reduced. In addition to these factors, the 

naturally sloping terrains control the gravitational flow of soil water (Lanni et al., 2011). Soil water 

concentrations are generally greater in low-lying areas of a field as a result, while locally elevated 

regions can be depleted of water compared to the rest of a field.      

Soil water accounts for less than one percent of freshwater found on Earth (Shiklomanov, 

1993). Soil water is described as any water that is found above the water table. Despite its relative 

scarcity, it has a strong impact on both natural and anthropogenic processes. Soil water strongly 

influences interactions within the water cycle, including water storage, precipitation, evaporation 

and infiltration (Chahine, 1992). These interactions affect natural environments and hydrological 

processes, which then have societal and economic impacts. For example, there is a definitive 

connection between soil water availability and crop yield (Abid and Lal, 2009). Crop yield is 

important to farmers because of its economic value and important to society because crops are 

used to feed a growing global population. The ability of soil to retain water is also important in the 

prevention and management of flood events (Siderius et al., 2016). Understanding of how soils 

and flowing water will interact with each other has enabled resource and emergency planners to 

mitigate flood-induced financial and societal burdens (Ferguson and Khan, 1992; Pimental et al., 

1995). Urban planners also benefit from understanding how soil water moves across or through a 

surface. Knowing where water will flow during a rainfall or melt event can be critical in the 

development or refurbishing of infrastructure (Wheater and Evans, 2009). 

The broad concern with soil water movement has created an entire scientific discipline 

interested in understanding soil water transport processes. Soil water distribution can be 

complicated, as there are many different processes affecting its movement (Bachmair and Weiler, 

2012; Lanni et al., 2011). Identifying soil water distribution is made especially difficult due to the 
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spatial variability both vertically and horizontally within a surface (Dobriyal et al., 2012). Various 

gradients in a landscape control the flow of surface and near-surface water. These gradients 

effectively regulate the processes that distribute soil water across or through a surface (Grabs et 

al., 2009). Researchers attempt to understand these gradients and their interaction with soil water 

in an effort to replicate soil water flow and identify spatial soil moisture patterns in a landscape.  

Topographic variability is one of the main controls on surface and near-surface flow and is 

subsequently one of the most studied flow-inducing gradients (Lanni et al., 2011; Moeslund et al., 

2013; Wolock et al., 1990). Leveraging the potential energy provided by gravity and vertical 

displacement, topographic variability influences hydrological processes such as overland flow and 

throughflow, therefore affecting the distribution of soil water (Moeslund et al., 2013). This is easily 

observed in regions with high topographic variability, as water tends to pool in lower-lying areas 

while elevated areas are subject to drier conditions. Unfortunately, topographic flow is more 

complicated than simply assuming that all soil water flows downhill. Soil properties are also 

affected by topography, which then further affect the flow of water (Laudon et al., 2007). Factors 

such as soil type, quality, porosity, vegetation, and organic matter affect the hydraulic conductivity 

of a soil, and therefore affect soil water flow (Bachmair and Weiler, 2012; Laudon et al., 2007). 

Identifying the spatial distribution of these soil characteristics, especially over topographically 

variable terrain, is important to truly understand soil water flow (Ali et al., 2014). 

 

2.4.2 Surface Nutrient Distribution    

 Healthy soils are required in order to be suitable for sustainable agricultural crop 

production (Hu et al., 2018; Odlare et al., 2014; de Paul Obade and Lal, 2016). Agricultural crops 
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expectedly produce better yields when the soil in which they are planted is enriched with essential 

nutrients (Mueller et al., 2012). The concentration of these nutrients generally varies spatially 

throughout a field. Research has shown that nutrient distribution is closely related to the movement 

and collection of soil water, as sediment-bound nutrients are carried throughout the field by 

flowing surface water (Dupas et al., 2015). Schwanghart and Jarmer (2011) also found that there 

is a measurable relationship between SOC and topography in regions of rapidly changing terrain. 

Higher levels of SOC in the soil promote beneficial physical characteristics of the soil (Bronick 

and Lal, 2005; Lal, 1991), enabling essential soil functions that improve the fertility of the soil.  

Due to this relationship, and the strong spatial commonality between topographic variation and 

soil water presence, topographic features can be used as indicators for soil nutrient concentrations. 

 

2.5 Modelling Topographic Processes  

2.5.1 Modelling Soil Water and Nutrient Distribution 

Conceptual understanding of topographic controls on surface water processes has allowed 

researchers to develop models that replicate and predict soil water distribution (Beven and Kirkby, 

1979; Grabs et al., 2009; Walter et al., 2002). These models are mathematical equations that are 

typically applied to individual cells within a grid raster, where a computer simulates the flow of 

water based on its given values. Each model is built differently, and some models produce more 

accurate results than others. Variables included, computational algorithms for flow dynamics, and 

raster resolution are all factors that affect the overall ability of a model (Ali et al., 2014). Models 

are evaluated on their accuracy of results and practicality of use. They are seen as a positive 

alternative to collecting and evaluating many physical soil moisture samples. Digital Elevation 

Models (DEM) enable the replication of surface topography within a computer model (Drover et 
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al., 2015). DEMs vary in resolution, potentially affecting the results provided by a model to which 

it is applied (Sorensen and Seibert, 2007).    

Although there is no limit to the variations of models that can be built, they can be sorted 

into several different categories: steady-state, dynamic, remote sensing, and indicator models. 

Each of these types of models has advantages and disadvantages, making it difficult to determine 

which model is best. Despite this, there is one topographic moisture model that is used more 

commonly than all other models: The Topographic Wetness Index (TWI). Beven and Kirkby 

(1979) originally created TWI as a component of a physically based hydrological model named 

TOPMODEL. TOPMODEL, derived from Topographic Model, uses physical topography and 

surficial hydrologic fluxes to estimate the location of saturated areas where there is potential for 

overland flow (Beven and Kirkby, 1979; Siebert et al., 1997). 

 The model was ground-breaking in representing topographical hydrologic processes, 

allowing researchers to study soil moisture in ungauged study sites. TWI has inspired the creation 

of thousands of different flow models, all with a unique way of representing the flow of surface 

water. Surface flow models allow researchers to understand and estimate a variety of processes 

that are related to soil moisture. Applications of these surface flow models range from their use in 

understanding large-scale hydrological processes (Hastings and Kampf, 2014; Lanni et al., 2011; 

Öztürk et al., 2013) to estimating biodiversity in varying environments (Besnard et al., 2013; Song 

and Cao, 2017). The importance of soil water and nutrient availability in the development of crops 

also allows these flow models to be used to predict crop yield potential.  
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2.5.2 Topographic Indices and Terrain Parameters 

Topography can be represented and measured in many different ways. Although in its 

simplest form it is the elevation variation of the earth’s surface, topography can be broken down 

into measurable attributes that may reveal relationships between landscapes and related processes 

(Wilson and Gallant, 2000). Topographic attributes, sometimes referred to as derivatives or land-

surface parameters, can be classified as either primary or secondary. Common primary derivatives 

include surface characteristics such as elevation, slope, aspect and curvature. All of these variables 

can be extracted from a digital surface model without the need for additional calculations. 

Conversely, secondary topographic derivatives are created by performing calculations on the data 

within a digital surface model. Secondary derivatives can be more complex than primary 

topographic derivatives but can often be used to represent processes more accurately (Wilson and 

Gallant, 2000). 

Although primary derivatives are essential to understanding surface related processes, the 

further development and creation of secondary derivatives is allowing for improved modelling and 

understanding (Olaya, 2009). These derivatives often combine multiple primary topographic 

attributes to generate a new interpretation of a surface. Multi-scale derivatives have also been 

created, where each point within a DEM is considered at multiple scales (Newman et al., 2018). 

This multi-scale approach can drastically improve the results when trying to understand processes 

that are reliant on neighbouring influences. Ultimately, the consideration of primary and secondary 

derivatives is the ideal approach for modelling surface relationships. 

Surface characteristics that dictate crop yield potential, such as surface moisture and 

available nutrients, often follow the spatial distribution represented by these topographic attributes. 

Therefore, including a variety of these attributes when assessing the relationships between 
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topography and yield should be essential (Green et al., 2007). Green et al. (2007) showed that 

slope, elevation and wetness index have significant explanatory control on crop yield with the use 

of neural network and multiple linear regression models. Heil et al. (2018) also experimented with 

the use of topographic parameters to predict grain yields, notably concluding that catchment area, 

valley depth, plan curvature, profile curvature and convergence are significant predictors of crop 

yields. Varying results between studies highlight the necessity to include a variety of topographic 

parameters as model inputs when predicting crop yield based on local topography. Attribute raster 

spatial resolution may also impact the viability of specific topographic attributes (Ghandihari et 

al., 2019; Moeslund et al., 2013). 

 

2.6 Conclusion 

 There has likely never been as much pressure on crop farmers to produce large volumes of 

food while maintaining environmental sustainability as there is currently. The growing public 

spotlight on the negative environmental effects of traditional farming, paired with the difficulty of 

achieving food security for a rapidly growing population, has made it essential that farms operate 

efficiently and sustainably. To add to the increased pressure on farmers, personal and corporate 

debt load continues to climb as farmers try to combat narrow operating margins. While these 

factors each contribute to stresses added directly to farmers, there are ongoing developments that 

aim to relieve these pressures. 

Agricultural technology continues to rapidly progress with the precision agriculture 

movement. The development and implementation of agriculture-specific technology is allowing 

farmers to manage their operations better than ever before.  Technology such as GPS, RTK, self-

propelled farm equipment, remote sensing platforms, and variable rate implements have been 
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refined to benefit farms’ profitability. Through reduced inputs and their associated costs, farmers 

are making greater returns on their investments. Not only does this increase farms’ financial 

sustainability, but it also makes farmers more likely to invest in other beneficial technology.  

In addition to the increased food security provided by more efficient farms, implementing 

precision agriculture equipment has the potential to reduce a farm’s environmental impact. This 

practice, referred to as precision conservation, is gaining momentum with farmers and 

conservation groups such as government agencies. Thanks to precision agriculture technology, 

farmers now know with certainty what areas within a field may yield poorly compared to the rest 

of the field. This provides the opportunity to create management zones within a field and treat 

them accordingly. Through reduced and strategic input application, environmental degradation 

caused by crop farming can be minimized. 

In-field management zones are generally created with historical crop yield maps, but there 

are situations where this is not possible. In these cases, observable features of the field that 

influence crop yield can be used to estimate management zones. Local topographic variation has 

shown to have significant control over the movement of soil water and nutrients, both of which 

are directly correlated to crop yield. Therefore, topographic derivatives may be used as an indicator 

of crop yield potential where there is an absence of historical crop yield data. Through 

computational modelling, the spatial distribution of surface characteristics, such as nutrient and 

water availability, can be accurately estimated. These estimates can be used to sufficiently predict 

crop yield. These results enable the utilization of precision agriculture technology to manage fields 

with distinct management zones, improving profitability and environmental sustainability. 
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Chapter 3.0: Demonstrating the Use of Topographic Attributes and Local Correlation and 

Regression Geospatial Analysis Techniques to Predict Crop Yield Potential in a Field of 

Southern Ontario 

 

ABSTRACT 

Recent developments in agricultural technology have enabled the increasing 

implementation of precision agriculture. The main goals commonly associated with precision 

agriculture are to increase farm profits and to minimize the negative impact that farming has on 

the environment. One aspect of precision agriculture is classifying in-field regions based on input 

requirements so that fields can be treated heterogeneously. As a result of this zonal management, 

farmers can increase crop yields and reduce input costs associated with growing crops. Local 

topographic variation controls many surface hydrological processes that are related to crop yield 

potential. With the use of publicly available LiDAR elevation data and seven years of crop yield 

data, this research evaluated the use of traditional and secondary topographic derivates to identify 

areas of restricted crop yield potential in a field located in Ontario, Canada. The effectiveness of 

each topographic derivative was independently tested using a moving-window correlation 

technique. Correlated derivatives were selected as explanatory variables for geographically 

weighted regression models. This study demonstrates that topographic derivatives may be used to 

predict in-field crop yield variation and that the non-stationarity of topographic variables must be 

considered in regression models. It also highlights the need to improve the spatial coverage of 

high-resolution remotely sensed surface data in agricultural regions. 
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3.1 Introduction 

2.3 billion tons of cereal crops are produced annually around the world (Tilman et al., 

2011). This massive volume of production is required in order to keep up with the demand of 

feeding a swelling global population expected to add more than two billion people within the next 

50 years (Godfray et al., 2010). This increasing demand for food security has led to an 

intensification of agricultural practices in many regions of the world in an attempt to generate the 

greatest amount of harvested crop per acre (Tilman et al., 2011). In addition to feeding a growing 

population, recent public focus on the negative environmental and ecological impacts of the 

agriculture industry have fostered great pressure on agricultural producers to maximize the yield 

output of their cropland while minimizing their environmental impact.  

Often regarded as a short-sighted strategy, farmers attain these high yields through a 

combination of continuous cropping and regular treatments of chemical inputs that have become 

standard in modern crop production (Sharma et al., 2005). This rigorous method of farming is 

likely not sustainable over long periods of time, as soil quality begins to deteriorate under almost-

constant growing conditions and repeated cultivation (Franzluebbers et al., 2006). Farmers are 

essentially trading future yield, and therefore profit, for the short-term benefit of immediate 

increased yield. Furthermore, much of the farmland that is currently used to grow crops may be 

more suitable for other land uses such as ecological protection zones or for the use of atmospheric 

carbon sequestration and storage. 

Recent years have seen rapid development and implementation of technology that enables 

and promotes precision agriculture. These technologies aim to improve the efficiency of farming 

operations, allowing producers to achieve greater yields at reduced costs. This enables farmers to 

heterogeneously manage the space of a field to reduce input costs such as seed and fertilizer within 
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regions of the field where there may be inherently lower yield potential. Conversely, it also allows 

farmers to focus their resources on regions of the field where the crop may not be reaching its 

natural yield potential. In addition to increasing the efficiency and profitability of farms, precision 

agricultural technologies can have environmental and ecological benefits due to the reduced 

application of nutrient-rich chemicals that often have detrimental effects on surrounding 

environments. 

Precision agriculture technologies have also become useful in precision conservation, 

where cropland that is identified as having low yield potential is investigated for land uses that 

provide essential ecosystem services. Capmourteres et al. (2018) explored the use of yield-derived 

farm profitability maps to evaluate regions within three fields of southern Ontario to identify 

potential “set-aside” lands where alternate land uses would be both economically and ecologically 

beneficial. The study focused on classifying zones within fields that have naturally low yield 

potential that may be more suited to uses that would improve ecosystem services such as improved 

soil health, increased pollination rates and weed suppression. The study concluded that all three 

fields contained regions of low or negative profitability, indicating that within-field regions where 

alternate management zones exist may be common in agricultural fields.   

Most precision agriculture technologies are dependent on collected crop yield information 

in order to be effective. Unfortunately, not all farmers are able to collect this data due to the initial 

cost or because of the technological knowledge required to extract and examine the data. This is 

especially true in developing regions where the use of yield-monitoring technology is rare. Data 

protection and privacy rights can also make it difficult to access annual yield data (Ellixson and 

Griffin, 2016; Ferris, 2017). In these cases, it would be beneficial to use proxies for crop yield that 

can be determined without the need for yield-monitoring technology.  
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Topographic attributes have been shown to have significant influence on crop yield due to 

the surficial hydrological processes related to local topographic variation (Chi et al., 2009; Green 

et al., 2007; Jiang and Thelen, 2004; Kumhalova et al., 2011). Soil water, nutrients such as nitrogen 

and phosphorous, and organic matter are all essential in the development of agricultural crops and 

much of their spatial distribution can be explained with the use of topographic variables (Heil et 

al., 2018; Hu et al., 2018; Karlen et al., 1997; Wei et al., 2016). Therefore, using topographic 

attributes may be a viable method for measuring within-field crop yield variability to identify low-

yielding regions of cropland where ecologically beneficial land uses may be more suitable. This 

would allow for field assessment without the need for crop yield data and may potentially increase 

the amount of lands set aside for ecological or environmental benefits. This approach may also 

provide supplemental insight into crop yield potential in fields that have sparsely collected crop 

yield data. 

Ongoing developments in aerial-based LiDAR platforms and GPS technologies have also 

made it efficient and reasonably inexpensive to collect highly accurate surficial data for large areas 

(Kasper et al., 2003; McKinion et al., 2010; Whitehead et al., 2013). This has created a surge of 

digital elevation models (DEM) in agricultural regions, where governments, research groups and 

private entities have collected precise elevation data. In addition to the recent developments made 

in surface data collection technology and expanded DEM coverage, the methods used to evaluate 

land surfaces are continually developed as well. Topographic attributes have been developed from 

surface data that can be used to measure different characteristics about a landscape. These 

attributes can be used to explain the distribution of surface water and nutrients, therefore indicating 

areas of increased crop yield potential.  
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One of the benefits of these expanding datasets is the opportunity to assess topography-

controlled yield potential of farms where yield data does not exist or is inaccessible. This 

opportunity will continue to grow as the geographic coverage of DEMs expands and may 

contribute to the ability to assess yield potential in remote locations or in developing regions. The 

use of these techniques may be economically beneficial to agricultural practitioners, while 

providing information to encourage the implementation of ecosystem service-providing land uses. 

This study demonstrates how topographic attributes created from fine-resolution LiDAR surface 

data can be used to evaluate in-field crop yield variation and assess relative yield potential. This 

was accomplished through two main objectives: 1) Assess which topographic attributes are most 

effective for explaining crop yield variance and for which crop types and topographic features are 

they most effective; and 2) Use a geographically weighted regression technique to determine how 

accurately topographic derivates can explain in-field crop yield variation and to identify local areas 

of topographically restricted yield potential that may be better suited for other land uses. 

 

3.2 Methods 

3.2.1 Study Area 

 This research was conducted in southern Ontario, Canada, near the town of Fergus. 

Southern Ontario has regions of highly active agricultural activity, including more than 1.2 million 

hectares of annually harvested crop land (Statistics Canada, 2016). The most commonly grown 

crops in this region include corn, soybeans, and winter wheat (Statistics Canada, 2016). These 

crops are generally grown in regular crop rotations to promote the sustainability of nutrients and 

structure of the soil. Cover crops are also sometimes employed by farmers to protect fields from 

soil erosion and to supplement the organic matter of the field. 
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The study field is approximately 26 hectares in area and the soil is typical of the 

surrounding region, classified as Hillsburgh fine sandy loam (OMAFRA, 2012). The site 

topography can be described as having irregular, lightly sloping terrains. An elevated ridge runs 

on a 40° orientation over the length of the field. The elevation of the field ranges from 397 m to 

410 m above sea level (Figure 3.1). Slopes in the field range from 0° to 9°. There are several 

depressions throughout the field, as well as several small hills within the boundary of the field. 

There are a variety of land-uses bordering the study site, with one side bordering a roadway and 

the other sides bordering forested land and other agricultural fields. A seasonal creek runs along 

the north-west side of the field, with the topography sloping toward it. 

 

  

The field is owned and managed by a local farmer. Agricultural decisions are managed 

similarly to other farms in the surrounding area. Crops are subject to nutrient application as needed 

Figure 3.1: Elevation (m) above sea level of the study site. 



 33 

and are visually monitored by farm operators and their agronomy team throughout the growing 

season. All crops are planted in no-till conditions when possible. Reduced tillage limits soil 

compaction and topsoil loss from erosion (Franzluebbers et al., 2006; Pimentel et al., 1995, Tilman 

et al., 2011). Soy and wheat crops are planted with an air seed drill and corn is planted with a 

modern corn planter.  

 

3.2.2 Crop Yield Data 

Crop yield data for this research was collected from the farmers that own and manage the 

study site’s farming operation. The yield data used in this study included crops of soybeans (2011, 

2013, 2015, 2017), corn (2014, 2018) and winter wheat (2016). A commercial crop yield monitor, 

mounted to a traditional combine harvester, was used to measure yield. The device measures the 

amount of flowing grain passed through the elevator of the combine during harvest and then tags 

each measurement with real-time GPS coordinates. A point containing a yield measurement is 

created every second, generating a dense network of points that cover the field. The data are 

collected and formatted as point shapefiles that can be viewed and manipulated in a geographic 

information system (GIS). This allows farmers, agricultural professionals and researchers to 

evaluate the spatial variance of crop yield post-harvest.  

Following the suggested procedure outlined by Kharel et al. (2019), the crop yield data 

were thoroughly cleaned to account for any misread values from the yield monitor. Commercial 

yield monitors are prone to recording data when there is no crop being harvested, usually due to 

overlapping previously harvested rows, initially suggesting that there is a low yielding crop in 

specific areas of the field. Therefore, straight-line sequences of points that showed near-zero yield 

were removed from the dataset. Additionally, all points along the periphery of the dataset were 
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removed to account for the head of the harvesting equipment potentially not being filled end-to-

end during harvesting. This event is minimal through the interior of the field, but field edges are 

prone to being harvested without a full swath. When the combine begins harvesting each length of 

the field, there is also potential for the yield monitor to begin recording before flowing grain is 

measured. This results in the initial points of a row appearing to yield poorly. In these cases, points 

were removed from the dataset. 

To analyze the crop yield points with the derived topographic attributes, the output yield 

shapefiles were interpolated to generate continuous raster surfaces for the entire field. Raster 

surfaces were created using a two-dimensional minimum curvature spline technique. This method 

was chosen because the mathematical equation used to generate values minimizes inflated 

curvature between points and ensures point data values are left intact within the raster surface 

(Meng et al., 2013). Spline-generated raster surfaces are also typically smoother than raster 

surfaces produced by other interpolation techniques, which aids in visual interpretation of the 

results (Hutchinson and Gessler, 1994).  

Following the procedure of Lauzon et al. (2005), the newly created yield maps were 

normalized between 0 and 1 to allow for evenly weighted comparison between different crops 

(Equation 1). This removes much of the inter-annual variance and the natural differences in crop 

yields. An average of all yield rasters was also calculated to allow for spatial analyses on multiple 

years of crop yields. Averages for each crop were also calculated. Including multiple years of 

normalized yield data was done to further minimize the effects that environmental anomalies or 

agricultural management decisions may have had on resulting crop yields (Lauzon et al., 2005; 

McKinion et al., 2009; Varvel, 2000). It must be noted that although there are benefits to this 

approach, it naturally excludes the ability to measure inter-annual factors on crop yield such as 
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meteorological differences between years.  Since there was only one year of wheat data available, 

the single layer represents wheat for the study. 

 

 

3.2.3. Topographic Data 

3.2.3.1 LiDAR Digital Elevation Model 

While it has been discussed that topography can partially control crop yield and soil 

nutrient distributions, scaling of topographic data can also greatly influence the accuracy of DEMs 

and subsequent hydrologic surface models (Green and Erskine, 2004; Lindsay et al., 2019; Zeleke 

and Si, 2004). Therefore, fine-resolution topographic data is required to accurately analyze the 

relationships between local topographic variation and crop yield. A DEM was created for the study 

site with the use of publicly available LiDAR data collected by the Ontario Ministry of Food and 

Rural Affairs (OMAFRA) and Ministry of Natural Resources and Forestry (MNRF). The data was 

collected using a Leica geosystems ADS100 sensor from an airborne platform (2377 m AMT) in 

the during 2017 and 2018. The data produces a horizontal and vertical accuracy of approximately 

50 cm (MNRF, 2019). 

 

3.2.3.2 Topographic Attributes 

Raster layers were created for each of the tested topographic derivatives. Topographic 

derivatives were selected based on pertinent theoretical and applied literature (Al-Gaadi et al., 

2018; Kravachenko and Bullock, 2000; Maestrini and Basso, 2018; McKinion et al, 2010; Wilson 

and Gallant, 2000). A crop’s dependence on soil water to produce a substantial yield makes these 

layers appropriate indices for yield forecasting. Flow-driven nutrient movement may also indicate 

(1) 
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areas of higher yield potential (Schmidt et al., 2007; Van der Molen et al., 1998). Each layer was 

calculated using the DEM of the field and surrounding area in order to minimize potential 

unnatural edge-effects of the field boundary. Derivative raster layers were then clipped to match 

the extent of the field. The created topographic derivatives can be split into two subgroups: primary 

and secondary. Primary derivatives are those calculated directly from the DEM, while secondary 

derivatives rely on a combination of primary surface derivatives or developed indices to model 

topographic characteristics (Moore et al., 1991).  

This study included both primary and secondary variables in order to compare their ability 

to predict crop yields. All included variables are briefly described, along with the source of tools 

used to calculate each layer (Table 3.1). Including a wide range of topographic derivatives can 

provide insight into which variables should be included in future models. It may also reveal how 

each attribute performs across different landscape characteristics. This is critical for model 

transferability, as it may encourage the proper selection of variables to be chosen to fit the area of 

focus. It also allows for the topographic attributes to compensate for each other if there are distinct 

features within a field that influence crop yield variability. 
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3.2.4 Global and Local Isolated Attribute Correlation  

Topographic derivatives were individually used to explain crop yield variance to identify 

which attributes may be most useful in a multi-input regression. Linear regressions were performed 

between each potential variable and average crop yield to assess their global relationship. Linear 

regressions were computed using R statistical analysis software. A moving-window technique was 

used to calculate the Pearson correlation coefficient to observe local influence of the topographic 

Table 3.1: Topographic attributes included in regression analysis, with description and source. 



 38 

attributes to explain yield variance. The correlation was calculated using the Image Correlation 

Neighbourhood Analysis tool located in WhiteboxTools Geospatial Analyst Toolbox (Gudim, 

2019). 

The Pearson correlation coefficient, generally denoted as r, is a commonly used measure 

of linear correlation between two variables (Puth et al., 2014). It is calculated by dividing the 

covariance of the input variables by the product of their standard deviations (Equation 2). 

Pearson’s r ranges between -1 and 1. A positive value indicates positive correlation, while a 

negative value indicates a negative correlation. As the coefficient approaches +/- 1, the correlation 

between the two variables is considered stronger, whether positive or negative (Puth et al., 2015). 

A correlation coefficient near zero indicates that the relationship between the two variables is weak 

or non-existent.  

 
 

The tool collects cell values from each raster layer within a user-specified moving window 

and then performs Pearson’s correlation analysis on the selected values to calculate a single 

coefficient for each cell. This technique allows for spatial influence from localized neighbouring 

cells that would otherwise be neglected from the analysis if the correlation were calculated in a 

global listed or point method (Robertson et al., 2013; Tsutsumida et al., 2019). Accurately 

representing the spatial variation of these relationships across the field is essential to understand 

how each topographic attribute correlates to crop yield. A 30 m window was used for this study, 

as it was deemed an appropriate size to capture neighbouring influence without diluting the 

correlation results by including geographically unrelated values. 

3.2.5 Geographically Weighted Regression 

(2) 
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Geographically weighted regression (GWR) was used to evaluate the spatial relationship 

between tested topographic derivatives and crop yield. GWR has been shown to improve model 

accuracy, outperforming standard OLS methods, when input variables are considered 

nonstationary (Cressie, 1993; Matthews and Yang, 2012; Robertson et al., 2013; Tu and Xia, 

2008). This method creates many linear regression models while incorporating geographic location 

into its analysis, enabling the model to assign location-based weight to attributes and compensate 

for variable non-stationarity (Matthews and Yang, 2012). The regression operates by surveying 

and considering data from neighbouring locations that can influence each individual output value. 

This allows the created model to consider local area in its analysis, similar to the moving-window 

technique used to test for individual correlation. Data neighbourhoods are determined based on the 

Akaike Information Criterion (AIC), which measures estimated information loss through 

modelling. This allows the bandwidth of the data collection to vary based on the spatial 

relationships of similar areas within the field, ensuring appropriate data point selection for each 

regression.  

Unlike standard ordinary least squares regression techniques, GWR allows model 

coefficients to vary across the target area. This can improve the overall predictive ability of the 

model in cases where input attributes include a wide range of spatially varying values (Foody, 

2003; Mennis, 2006; Tu and Xia, 2008). It also provides opportunities to observe where in the 

field each variable is contributing most to the output of the model. GWR models are naturally 

sensitive to collinearity between variables at global and local scales (Matthews and Yang, 2012). 

As a result, input variables that score high collinearity are removed from the model before the 

GWR is computed.  
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The GWR models were constructed based on the isolated variable testing results, jointly 

chosen for their proven explained variance and for the lack of collinearity between input variables. 

The models were used to predict normalized yield values for the field that were then compared to 

the actual yield values. Predictions were made for the average of the corn, soy and wheat layers, 

as well as for the average of all of crops within the time period. Individual training datasets were 

created for each crop type. The most recent year of each crop type was removed from the dataset 

and the training data were created from the rest of the crop years. These data were inspected to 

ensure they were not anomalous compared to the rest of the data. The removed years of each crop 

were used as observed yield values to assess the accuracy of the GWR yield predictions. Training 

data for each crop type would ideally be composed of solely the predicted crop type, but all 

available crops within the study period were used to maximize the sample population of the 

training data. 

 

3.3 Results 

3.3.1 Assessment of Isolated Topographic Derivatives 

The ability to individually explain crop yield varied greatly among the topographic 

derivatives. Linear regression between each attribute and average yield produced coefficient of 

determination values ranging from 2.27x10-3 to 0.323 (Table 3.2). Slope (R2 = 0.323), relative 

topographic position (R2 = 0.266), topographic wetness index (R2 = 0.240), average flow path 

length (R2 = 0.207) and downslope index (R2 = 0.184) produced global coefficient of 

determination values that indicate potential explanatory value when applied in a GWR. Circular 

variance of aspect (R2 = 0.0752) and FD8 upslope area (R2 = 0.0784) explained minimal global 

crop yield variance, while other tested attributes explained effectively no variance. All coefficients 
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of determination for the influential variables were considered statistically significant (p < .05). It 

should be noted that, aside from slope, secondary topographic derivatives were generally identified 

as having more explanatory power than primary derivatives. 

 

The predictive ability of topographic derivatives appears to differ between crop types. The 

only crop that slope (R2 = 0.225) did not explain the greatest amount of variance was for corn, 

where relative topographic position explained a greater amount of variance (R2 = 0.251). 

Downslope index explains greater variance for corn (R2 = 0.194) than it does for soybeans (R2 = 
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0.105) and wheat (R2 = 0.115), while wetness index explains greater variance for wheat (R2 = 

0.231) and soybeans (R2 = 0.202) than it does corn (R2 = 0.167). All other indices were consistent 

in their explanatory power between crops. 

 Localized correlations were calculated to identify feature-specific relationships within the 

field that may be masked by whole field correlation or regression techniques. The localized 

correlation analysis provided similar general results to the global regression analysis, suggesting 

that slope, wetness index, relative topographic position and average upslope flow path length have 

the greatest correlation with crop yield among tested derivatives. The spatial distribution of the 

Pearson r values was visually inspected to observe the performance of each derivative on features 

within the field (Figure 3.2). Although there is significant range in the correlation values across 

the field, much of the field is correlated with similar trends. Areas of the field that are 

topographically unlike the rest of the field, such as homogenous low-lying areas, appear to contrast 

the general explanatory pattern expressed by the correlation values. There were mostly 

insignificant differences of correlation distributions between crop types, therefore the following 

descriptions are for the correlations calculated on the raster layer that included an average of all 

crop years. 
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Slope (Figure 3.2b) and wetness index (Figure 3.2c) have similar spatial distributions of 

correlation values with crop yield, albeit in opposite directions. This similarity should be expected, 

as wetness index is partially derived from slope. Correlation between crop yield and average 

upslope flow path length (Figure 3.2d) also follows similar spatial trends as slope, but experiences 

Figure 3.2: Correlation coefficients between study period average crop yield and a) relative topographic 

position; b) slope; c) Wetness Index; d) upslope flow path length; e) Downslope Index; f) CVA.  
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slightly reduced correlation values. These three derivatives perform better in regions of greater 

topographic variation and perform relatively poorly along the flat, low-lying area along the 

northwest side of the field. This could be due to a threshold relationship between soil moisture and 

crop yield, where it no longer benefits crop yield to add more moisture after it has become 

adequately saturated (Muscik et al., 1994; Thompson et al., 2007). 

Relative topographic position correlates with yield almost uniformly throughout the field, 

although to a milder extent than many areas of slope and wetness index. While it does perform 

best on the largest topographic feature in the field, its performance appears to be the least affected 

by topographic variation. The difference in its correlation spatial distribution from the other 

derivatives suggests it can likely provide substantial explanatory power in a multi-input GWR 

without introducing detrimental collinearity. Relative topographic position also appears to be a 

much better alternative to raw elevation for predicting crop yield, as done in several other studies 

(Jiang and Thelen, 2004; Kumhalova et al., 2008; Zhou et al., 2018). The in-field region where 

relative topographic position is the least correlated to yield, the southern corner of the field, is also 

poorly correlated to other indices. This suggests that poor correlation in this area is due to 

externally influenced yield anomalies rather than topographically controlled variance. These 

external factors may be due to the proximity to the roadway, especially compacted soil, or 

manually modified drainage within that region of the field. 

The remaining tested topographic derivatives fail to form any consistent spatial patterns 

with crop yield, although CVA and the downslope index have small regions where there is 

noticeable correlation. This limits their potential as independent predictors of crop yield, but these 

indices may still have utility in multi-input GWR models if they can improve predictions of areas 

within the field where the more correlated values fail to explain observed variance. 
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3.3.2 Geographic Weighted Regression: Crop Yield Predictions 

 GWR models were created for each crop and for the average yield layer. The models 

successfully predicted yield variation within the field, particularly when identifying areas of low 

yield. The spatial distribution of local coefficient of determination values demonstrates where the 

models explain the greatest amount of yield variance within the field (Figure 3.3). It is evident that 

the local regressions are more effective in topographically variable regions within the field, while 

the homogenous areas of the field achieved lower R2 values. It is also evident that the distribution 

of the coefficient of determination values do not vary greatly between crop types.  Global 

coefficient of determination values for the corn (R2 = 0.80), wheat (R2 = 0.73), soy (R2 = 0.71) and 

the average of all crops (R2 = 0.75) indicate that the model can explain yield variation of all crop 

types effectively at the whole field scale. Global coefficient of determination values are based on 

a whole field regression using the results of the local regressions to allow for a whole-field 

assessment of the model while including local influence at each local regression point throughout 

the field. The residuals for all constructed models follow a normal distribution centred around zero, 

indicating that the models are adequately specified. In addition to visually inspecting the plotted 

R2 values, residuals for each crop layer were spatially plotted to reveal potential model prediction 

tendencies related to topographic characteristics (Figure 3.4). 
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Figure 3.3: Spatially plotted R2 values for a) average of all crops; b) corn; c) winter wheat; d) soybeans. 
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Figure 3.4a: Spatially plotted predicted crop yield residuals and included explanatory variables for a) 

average of all crops; b) corn. 
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 Figure 3.4b: Spatially plotted predicted crop yield residuals and included explanatory variables for c) 

winter wheat; d) soybeans. 
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For predicting crop yield, each GWR model was optimized using a different combination 

of topographic indices (Table 3.3). Although the wetness index was determined to be individually 

correlated with yield variance, it was not included in the any of the constructed models because of 

its high local and global collinearity with slope and relative topographic position.  Relative 

topographic position and slope were included in each of the created models and were consistently 

heavily relied on for each model. The GWR model created to predict corn yield also included 

circular variance of aspect as an explanatory variable, which boosted prediction accuracy in 

regions where relative topographic position and slope explained low yield variance. Wheat yield 

predictions included both circular variance of aspect and downslope index as input variables, 

despite not being identified as effective bivariate predictors. Downslope index was sparsely used 

by the model, but it improved its predictive capacity slightly. Both models created to predict 

soybean yield and for the average crop yield included slope, relative topographic position and 

average upslope flow path length. Soybeans were the only crop where it was beneficial to include 

flow path length in the model and its effectiveness in the average crop yield model may have been 

due to the prevalence of soybean crops within the seven-year period.  
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 The highest yielding areas of the field were generally well identified by the GWR models. 

Perhaps more importantly for improved conservation efforts on farmland (e.g. Capmourteres, 

2018), the lowest yielding areas of the field (< 10%) were correctly classified for all crop types 

included in the study (Figure 3.5). The lowest ten percent of each predicted raster layer results in 

approximately 2 Ha (5 ac) of the field. As expected, these regions are typically located on the local 

high ground of the field. These regions within fields may be unable to produce sufficient yield to 

offset the cost of growing the crop and therefore may be ideal candidates for alternate land uses. 

Identifying these regions is important for improving a farm’s overall profitability while also 

limiting its negative environmental impact. Of the identified low-yielding regions, areas near the 

perimeter of the farm would be most suitable for alternative land uses as interior regions may be 

difficult to manage separately from the rest of the field.  
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Figure 3.5: Normalized observed crop yield data for a) study period average; b) corn; c) winter wheat; 

d) soybeans. Black outline polygons indicate GWR predicted lowest 10 percent of crop yield.  
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3.4. Discussion  

The results from this study indicate that using specific topographic derivates to explain in-

field crop yield variation is a valid approach for corn, wheat and soybeans on a topographically 

variable loam farm. The topographic derivatives identified as being the most important in 

explaining crop yield variance were consistent with other literature (Green et al., 2007; Kaspar et 

al., 2003; Kumhalova et al., 2011). Relative topographic position, slope, upslope flow path length, 

circular variance of aspect and the downslope index were the key contributing attributes in 

predicting crop yield variance. Topographic wetness index also showed potential as a useful model 

parameter, but it could not be used in this case because of its high collinearity with other variables. 

Relative topographic position and slope were essential in estimating yield variance for each crop, 

while circular variance of aspect, average upslope flow path length, and the downslope index were 

also used to estimate individual crop types. The use of secondary derivatives was crucial for the 

performance of the GWR models. This result emphasizes the importance of their consideration 

when evaluating surface-related processes and indicates that their continued development may 

improve future crop yield predictions. Using a GWR approach with these topographic attributes 

explained nearly 75% of the yield variance over the seven-year study period and successfully 

identified the bottom-yielding 10% of the study site for each crop type. 

 

3.4.1 Effect of Seasonal Precipitation on Topography-Yield Relationship 

 It is likely that the amount of precipitation within a growing season influences the ability 

of topographic derivatives to explain crop yield variance. Kumhalova et al. (2011) have shown 

that specific variables such as flow accumulation models are more effective as crop yield predictors 

in relatively dry years. This is due to the fact that when there is a surplus of soil water available 
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for crop development, the limiting factor on crop yield is likely another factor that is not 

topographically driven. This study briefly investigated the effects of seasonal precipitation on 

topography’s relationship with crop yield, but the evaluation was limited because the date each 

crop was planted is unknown. Crop flowering is generally regarded as the most essential 

development stage for maximizing harvested yield, but this stage only lasts between four and six 

weeks (Casteel, 2011; OMAFRA, 2017). Without access to dates that each crop was planted, it 

becomes difficult to interpret the effect that precipitation has on the topography-yield relationship. 

 

3.4.2 Using Topography to Assess Farmland Yield Potential and Subsequent Value 

Capmourteres et al. (2018) demonstrated that there can be financial and ecological benefits 

from converting low-yielding regions within a field into alternate land uses. To be able to identify 

these areas without having to use crop yield data would be beneficial to farmers, conservationists 

and governing agencies. It creates an opportunity to evaluate farms owned by smaller operations 

that may not collect their own crop yield data (Paustian and Theuvsen, 2016; Schimmelpfennig, 

2016). Maximizing efficiency is crucial for small farm operations, so being able to provide insight 

into which areas of the field have topographically limited yield potential may greatly improve their 

net productivity (Mottaleb and Mohanty, 2014; Schilling et al., 2014). Severely yield-limited 

regions within the field may be best suited as an alternate land use, while regions within the field 

may simply require altered management throughout the growing season. 

This concept builds on the rapidly growing idea of heterogeneous farm management, where 

fields are designated into specific management zones based on their general needs and yield 

potential (Bullock et al., 2019; Buttafuaco et al., 2017; Lauzon et al., 2005, Mzuku et al., 2005). 
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The results of this research show that topography can be used to create easily observable 

management zones and that their usage may be readily communicated to farmers. This improved 

communication has the potential to make distinct farm management zones become more widely 

adopted by farmers. This may be especially true of farmers that are hesitant to invest in precision 

agriculture technology or do not have the required technological education or experience to operate 

these systems (Mittal and Mehar, 2016; Schemmelpfennig and Ebel, 2016). 

Modeling the relative crop yield variability of nearby fields may also improve the 

assessment of farmland valuation. The market price of farmland can vary greatly through time and 

location and is often based on the current agricultural economy and recent nearby farm transactions 

(Li, 2016; Wang, 2018). The largest factor in farmland valuation has traditionally been the 

available acreage of workable ground. The heterogeneity of yield potential within a field is often 

overlooked as each hectare within the field is essentially considered equal. The ability to quickly 

and remotely assess the spatial variance of crop yield potential through the use of topographic 

variables may improve the accuracy of its valuation. This also may quell the ongoing issue of 

farmland loss to urban sprawl. Farmland is particularly susceptible to acreage loss to growing 

urban areas due to their similar suitability standards (Ferguson, 1992). Understanding the impact 

that topography has on crop yield may guide urban development away from sprawling on to highly 

productive farmland and instead redirect development to areas of reduced crop yield potential. 

Considerations must be made for how these results may translate to other farms and 

landscapes. The farm in this study is managed by farmers that have access to modern agricultural 

equipment and accurate agronomic information. When common yield limiting factors such as poor 

soil quality and human error are reduced, it places greater importance on surface water and nutrient 

availability. Therefore, well-managed farms may see a stronger relationship between topography 
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and crop yield. The relationship would also likely be weaker on farms with less topographic 

variation. The most utilized derivatives in this research were relative topographic position and 

slope. With fewer sloping terrains and more flat regions, there would naturally be less topographic 

control of surface water movement. This would likely decrease the explanatory power of these 

variables. Accounting for systematic drainage and using different topographic derivatives may be 

useful in trying to predict crop yield with topographic variables in these types of fields (Wang et 

al., 2018). Another approach to address this potential issue in less topographically variable fields 

may be to identify and utilize multiscale derivatives that consider the topography at several 

different scales (Newman et al., 2018). 

This research shows mild differences in predictive ability between crop types, but these 

differences may be greater in regions where entirely different crops are grown. Corn, soybeans 

and winter wheat can generally be grown in the same region because of their similar soil and 

temperature requirements. In areas where the topography and soil type does not permit the 

successful growth of these crops, and other crop types are grown instead, there may be large 

differences in the ability of topographic derivatives to predict yield variation within a field. This 

highlights the need to individually test potential input variables for a multi-input GWR model, as 

generally applicability can be identified through these methods. For this study, the moving-

window correlation tool was used to identify the utility of individual variables along with standard 

OLS linear regression. The GWR performs substantially better than these approaches, but they are 

helpful in identifying optimal input variables. 
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3.5 Conclusion 

 There is an established relationship between topography and crop yield. Surface processes 

that are driven by topographic variation can lead to differences in crop yield potential within a 

field. Improving the understanding of this relationship has economic and environmental benefits, 

especially as agriculture continually incorporates an increasing amount of modern technology into 

its standard practices through the precision agriculture movement. This research utilized geospatial 

analysis tools to model in-field crop yield variation with primary and secondary topographic 

attributes as predictive variables. Slope, relative topographic position, Wetness Index and upslope 

flow path length were identified by the moving-window bivariate Pearson correlation tool as being 

the most explanatory of crop yield. Combinations of these topographic attributes, as well as 

circular variance of aspect and Downslope Index, were used as input variables for geographically 

weighted regression models to predict crop yield. In-field crop yield variation was successfully 

predicted for corn (R2 = 0.80), soybeans (R2 = 0.71) and winter wheat (R2 = 0.73) in an unirrigated 

field in southern Ontario. These results indicate that including topographic attributes in other crop 

yield prediction models will likely improve results. Accurate predictions ensure food security, 

economic certainty and can enable farmers to make management decisions that mitigate some of 

the negative environmental impacts caused by conventional agriculture. 
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Chapter 4.0 Thesis Summary and Conclusions 

 Topographic variation of agricultural fields significantly influences crop yield, ultimately 

impacting its productivity (Green et al., 2007; Green and Erskine, 2004; Heil et al., 2018; Zhou et 

al., 2018). Understanding the relationships between topographic attributes and crop yield is 

essential to improve the efficiency of agricultural production, ensuring global and regional food 

security while providing economic and ecological benefits. As farms operate on increasingly tight 

financial margins, while farming with greater debt load than ever before (Statistics Canada, 2017), 

it is crucial that management decisions improve the profitability of the farm. While increased 

profits can be generated by increased revenue, there is also a growing focus on decreasing costs 

associated with crop farming to improve profitability (Massey et al., 2008; Schilling et al., 2014). 

Reduced inputs and targeting suitable farmland can improve a farm’s efficiency and subsequent 

profitability. Additionally, these practices tend to lead to environmental and ecological benefits. 

Less applied fertilizers and pesticides reduces the risk of water and soil contamination that may 

have negative impacts on nearby ecosystems (Busari et al., 2015; Kleinman et al., 2011).  

 Precision agriculture technology is allowing these profit-driven decisions to be 

implemented at a greater scale than in previous decades (Massey et al., 2008). Farms are adopting 

technologies such as GPS, RTK, crop yield monitors, variable rate applicators and conservation 

tillage systems that all can be used to increase farm profits while reducing potentially negative 

environmental impacts (Schimmelpfennig, 2016). This concept of precision conservation has been 

gaining momentum in recent years. Capmourteres et al., (2018) demonstrated how crop yield data 

can be used to delineate set-aside zones within a field that could be converted to managed natural 

areas that boost ecosystem services for the local region. If adopted, approaches like this can have 

agricultural benefits such as weed suppression and increased pollination of crops. Managing crop 
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fields as a heterogeneous body, rather than a whole-field average, is enabled by precision 

conservation technologies. Alternatively to completely changing the land use as suggested by 

Capmourteres et al., (2018), farmers can also adjust seeding and spraying rates within the field 

based on the crop yield potential or crop health. This can improve profitability through reduced 

input costs of sub-field regions with low crop yield potential.  

Identifying these in-field management zones is typically done through analysis of historical 

yield data (Buttafuoco et al., 2017). In areas of insufficient available yield data, understanding the 

dynamics of topographic variation and crop yield can be used to create management zones. Many 

surface processes are controlled by local topographic variation and have direct effects on crop 

yield potential. Therefore, management zones can be created without the need for detailed crop 

yield data. Spatial analysis tools can provide insight into which regions of the field are most likely 

to be most profitable for farmers: resulting in reduced inputs and risk for environmental 

degradation (Green et al., 2007). This research evaluated the feasibility of this concept through 

achieving three main objectives. The first objective was to highlight the economic and 

environmental benefits of understanding the relationship between local topographic variation and 

crop yield through a literature review. The second objective aimed to identify topographic 

attributes that are strongly correlated to crop yield with the use of a moving-window Pearson 

correlation technique and global linear regression. The third and final objective was to use GWR 

models to see if topographic attributes can be used to accurately predict crop yields and be used 

for the creation of in-field management zones. 

Under the second objective, various topographic attributes were tested for spatial 

correlation with seven years of crop yield data for a farm in southern Ontario. Topographic 

attributes were derived from a fine-resolution DEM. Linear regression between individual 
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topographic attributes and crop yield data revealed which attributes explain crop yield the greatest 

over the whole field. Of the tested attributes, slope (R2 = 0.313), relative topographic position (R2 

= 0.266), Wetness Index (R2 = 0.240), upslope flow path length (R2 = 0.207), and Downslope 

Index (R2 = 0.184) explained the greatest amount of crop yield variance. Individual attributes were 

also tested using the moving-window correlation technique to observe how they performed in 

distinct regions within the field. Variables identified as having whole-field explanatory power over 

crop yield consistently have greater correlation in regions of the field with more variable terrain. 

Low-lying areas without much topographic variation are correlated poorly with the crop yield data. 

GWR models for each crop type, as well as the average of all crops, were created to address 

the third thesis objective. This method proved effective at predicting crop yield potential within 

the field, accurately modelling corn (R2 = 0.80), winter wheat (R2 =0.73), soybeans (R2 = 0.71) 

and the average of all crop types (R2 = 0.75). Similar to the moving-window correlation tests, the 

GWR models provided more accurate results in regions of the field with varying terrain. The 

models performed exceptionally well when identifying the lowest 10% of the crop yield, 

suggesting significant potential for future precision conservation uses. Input variables for GWR 

models varied between crop type, but slope and relative topographic position were selected for all 

four of the constructed models. Downslope Index, upslope flow path length and circular variance 

of aspect were also included in some GWR models. Although these topographic attributes explain 

less crop yield variance independently, they may improve regression results in localized areas 

within the field because of their difference in spatial relationship with crop yield compared to slope 

and relative topographic position.  

These results strongly suggest that crop yield predictions should consider local topography 

when possible, especially as fine-resolution topographic data continues to be more accessible 
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through new aerial-based sensor technologies. It can also be concluded that the ongoing 

development and testing of topographic attributes should be continued to potentially identify 

stronger relationships between crop yield and topographic variation. Relative topographic position 

proved to be more predictive than its elevation, which has been included in past studies 

investigating the relationship between topography and crop yield, highlighting the need for 

continued development of topographic derivatives. This thesis ultimately concludes that 

topographic attributes can be used to predict in-field crop yield variation with the use of localized 

regression and correlation techniques. These results should be considered for future similar 

research. Future research may also benefit from a more extensive investigation into the effects of 

precipitation throughout the growing season. Although this study was unable to investigate its 

effect, precipitation amounts and timing almost certainly impact the strength of the relationship 

between topography and crop yield. Testing these methods in different environments and soil types 

may also reveal more information about the topography-crop yield relationships and may make 

these results more transferable to other regions.  
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