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ABSTRACT 

Organic agriculture addresses some of the shortcomings of industrialized conventional 
agriculture, but is prevented from more mainstream uptake by reduced yields. Organic 
agriculture relies on knowledge of intricate biological interactions in place of synthetic inputs 
used in other forms of agriculture, and in this way reflects an older way of practicing agriculture. 
Precision agriculture (PA) conversely is a technologically driven method of farming and 
combines guidance and data collection via remote sensing technologies to bring new efficiencies 
to farm operations. In this dissertation PA tools were used to explore the potential of improving 
organic production through site-specific management. By conducting on farm precision 
experiments (OFPE) with PA farmers can learn quickly about spatial variability across fields 
enabling well defined management templates. In organic systems this experimentation can be 
conducted with varied seeding rate inputs of both cover and cash crops. Here, we explored the 
relevancy of PA in organic settings, first broadly laying the philosophical foundation for the 
paradigm shift from production-oriented agriculture to precision agroecology. Secondly, a 
greenhouse experiment was used to develop the first-principle relationship between cover crop 
and cash crop seeding rates to maximize net return, establishing the basis for field experiments. 
Field scale experiments on five organic grain farms across the northern great plains deployed 
OFPE to optimize net returns, or suppress weeds, with varied seeding rates of cover and cash 
crops. Based on OFPE data, simulations across all sites found net returns could be improved on 
average by $45.82 ha-1 if economically optimum variable seeding rates were used. While seeding 
rates were found to have variable effects on weeds across fields, an optimized site-specific 
seeding strategy to balance net return and weed minimization improved net return and weed 
suppression compared to farmer-chosen seeding rates in every field tested. Overall, these results 
reveal the relevancy of precision agriculture to be deployed in organic systems to improve 
management for increased farmer net returns, and as a weed management method. In this way 
modern tools can be used to augment farmer knowledge about their local spaces to enable greater 
understanding and improved management of complex agroecosystems. 
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CHAPTER ONE 

PROLOGUE: AGROECOLOGICAL INTENSIFICATION 

Introduction 

Since its inception, agriculture has pursued a path of intensification for ever greater yields. 

This ethos of intensification began with the taming of wild grasses, escalated through the industrial 

revolution and then even further with the advent of chemicalized agriculture, and continues to this 

day with genetically modified crops designed for near-continuous agrochemical field treatments. 

Especially in the most recent steps, yield has been pursued to the detriment of biodiversity, soil 

sustainability, food quality, and human health (Holleman, 2018). This paradigm of agricultural 

intensification has been linked to human health crises and ecological disasters, leaving farmers, 

consumers, and scientists to begin forging a new mode of agriculture and food production known 

as agroecology (Anderson et al., 2019; Gemmill-Herren, 2020). This approach counters that yield 

is not the only goal of agriculture, but rather one among many ecosystem services that 

agroecosystems ought to provide to the land and its diverse inhabitants, from native plants and 

animals to humans. Due to the need for balancing the tradeoffs between production and 

sustainability, modern research has propelled a new term, agroecological intensification, to the 

forefront as a solution to many of agriculture’s ailments.  
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History of Agricultural Intensification 

 We can trace the path of agricultural intensification throughout history. The earliest 

agricultural systems, labeled “Ag1.0”, developed as hunter-gatherers gradually found food uses 

for grass seeds such as wheat, and progressively developed more control over their production. As 

they began to use the land to produce crops, soils on these lands quickly lost the power to produce 

seed yields, and so new plots of land were required. This form of agriculture created a group of 

people dependent on the calories of farmed food, even as the food provided them with less diverse 

and less nutritious diets than hunting and gathering had (Zabinski, 2020). Over thousands of years, 

agriculture developed slowly through trial and error by subsistence farmers. “Ag2.0” began with 

the advent of the chemical revolution in Europe, when agriculture took its first steady steps into 

the scientific realm. The German Chemist Justus Von Liebig (1803-1873) played a prominent role 

in this transition. He noted farmers could add nutrients to the soil, mostly nitrogen, to reinvigorate 

‘tired’ land and allow for greater yields. Von Liebig’s discoveries led to the desire for farmers to 

add nitrogen to their soil. In 1909 a method was discovered to isolate nitrogen from the air; the 

process, termed the Haber-Bosch process after its discoverers, accelerated input-intensive farming 

(Smith et al., 2020). Farmers could now pay for nitrogen to increase productivity. This was a major 

step in shifting agriculture from a subsistence farming method to an intensive commodity 

agricultural system driven by yields and profits. The next step in intensification, “Ag3.0”, came 

from developments collectively known as the Green Revolution and usually seen as taking off in 

the 1960s. The Green Revolution accelerated input agriculture with heavy doses of synthetic 

nitrogen and dwarf varieties of wheat which could handle the added fertility without falling under 

their own weight (i.e., lodging). Further breeding refinement allowed for the development of 
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uniform crops, the ability to use herbicides to control pests, and mechanization to process huge 

swaths of homogenous crops in these agroecosystems (Zabinski, 2020). The most recent pursuit 

of the intensification of agriculture, “Ag4.0”, harnesses new research in genetics and computation 

to affect change. Advances in molecular genetics have seen the development of genetically 

modified crops designed to sustain even higher chemical doses. Transgenic plants, or genetically 

modified organisms, have genes from other species spliced directly into their genome (Kumar et 

al., 2020). These practices have been used recently to produce crops such as the glyphosate-

resistant lines of commodity crops like corn and soybeans, which can survive glyphosate 

applications that kill nearly all other plants (Duke, 2018). Agriculture has shown a steady increase 

of intensification over its history.  

Recently intensification has been rebranded as sustainable intensification, but nevertheless 

still bears all the hallmarks of typical intensification defined by externalizing values other than 

yield production (Weiner, 2017). This intensification process has led to nutritionally deficient 

diets, loss of biodiversity, and land degradation across the globe (Barański et al., 2014; Díaz et al., 

2006; Holleman, 2018; Provenza et al., 2021). A competing paradigm has arisen that redirects 

agriculture’s focus to sustainability rather than pure production. This new paradigm and its 

encompassing practices are here referred to as agroecological intensification and include practices 

such as conservation agriculture, organic agriculture, and regenerative agriculture. While each of 

these practices has varying definitions, at their core, they all attempt to limit inputs and place value 

on long-term sustainability goals ahead of short-term yield goals. 
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Agroecology 

Counter to the traditional paradigm, agroecological intensification seeks to use local 

knowledge of history and variation within fields to work with nature, rather than against it, and 

incorporates biodiversity management to reduce external inputs and produce enhanced ecosystem 

services from the land (Altieri et al., 2015; Garbach et al., 2017) . This form of agricultural practice 

seeks input from traditional farmer knowledge, as well as new methodologies from agroecologists 

and other researchers. Agroecology lacks a precise definition and has alternatively been described 

as a science, a social movement, and a practice (Wezel et al., 2009). Scientifically, agroecologists 

collect ecological information from agricultural systems to understand how agroecosystems 

function. Socially, agroecology places the farmer and those on the land and their knowledge base 

at the center of agricultural understanding and production. In combination, scientists and farmers 

can work together to produce highly relevant spatially and temporally specific understandings of 

agroecosystems and resultant best management practices (Bullock et al., 2019).  

Miguel Altieri, who helped popularize agroecology in Latin America before promoting it 

in North America, criticizes the loss of farm knowledge through the growing size of farms and the 

diminishing role of traditional knowledge (Altieri, 1999). Altieri claims that peasant farmers 

already knew how to farm using ecological systems and had developed a deep understanding of 

how to accomplish this in every local environment. As a scientist, Altieri provides simple, 

straightforward messages for how farmers can begin using ecological knowledge in farm systems 

again. A summary of some of the most important methods includes increasing crop diversity, using 

legume-based rotations, re-integrating animals into the system, increasing plant biomass, keeping 

the soil covered as often as possible through plants or mulch, using inputs of compost and manure, 
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and introducing or conserving natural enemies of pests (Altieri et al., 2015; Rosset & Altieri, 

1997). A succinct description of best agroecological practices can be described as high biomass 

farming (Weiner, 2017). In this framework, long-term sustainability is paramount over short-term 

yield output and can be achieved primarily through improved soil health. In practice, this typically 

means increasing soil organic matter through increased incorporation of diversified plant biomass. 

This framework largely overlaps with Altieri’s message and promotes plant biomass as the grand 

agroecological solution; more biomass fuels a more diverse soil ecosystem, which in turn provides 

a more diverse and resilient ecosystem capable of contributing more ecosystem services. This form 

of thinking rejects the dominant paradigm of high-input agriculture and takes a long-term view on 

sustainability. 

The prime example of agroecology in practice is organic agriculture. Organic agriculture 

has slowly and steadily increased in acres of production and popularity around the world and in 

North America (Willer & Lernoud, 2019). Organic agriculture uses agroecological practices 

instead of high-input conventional agriculture. Organic farmers follow the principles laid out by 

Altieri, Weiner and others, and attempt to increase diversity and increase soil organic matter to 

make real, sustainable gains in production over the long haul rather than short-term bursts of high 

yields based on high inputs of synthetic nitrogen. This form of agriculture is healthier for the land, 

the community, and the farmer, and is a form of agroecological intensification. Diversity is higher 

on organic farms, pollution is decreased, and despite lower yields, profits are also up (Drugova et 

al., 2019; Durham & Mizik, 2021; Riedo et al., 2021; Seufert et al., 2012). However, it is possible 

for those outputs to be increased without destroying gains in other areas of sustainability, with 
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precision agriculture being one such tool that could increase outputs of organic agriculture without 

losing its ecological advantages (Duff et al., 2021). 

Precision Agriculture 

Precision agriculture is an unusual ally of agroecological intensification, as new 

technologies are typically associated with conventional high-input agriculture. Precision 

agriculture is typically considered the collection of tools that allow farmers to capture spatial and 

temporal data on their fields and deploy inputs through GIS technologies to manage their fields 

more efficiently (McBratney et al., 2005). Precision tools include GPS, satellites and drones, and 

equipment or on-farm sensors. The initial goal of precision agriculture was “farming by soil” 

(Robert, 1993), meaning that precision tools allowed large-scale farmers to apply inputs across 

their fields specific and relevant to the soil types present. In this initial vision, farmers could 

spatially sample their fields and develop sub-field zones within which they could apply nutrient 

additions as needed. This form of thinking re-imagines the dominant paradigm wherein farmers 

apply average rates of inputs across entire fields and even entire farms in an effort to reduce the 

complexity on the increasing scale of their operations. Ignoring the complexity of natural systems 

and overwhelming them with inputs are the hallmarks of intensified agriculture. Precision 

agriculture allows farmers to acknowledge and manage real field variability and subsequent 

complexity using technology. While social activist and essayist Wendel Berry decries the use of 

farm technology, claiming it reduces a farmer’s understanding of their fields, we can now see a 

future where technology can reintroduce a farmer to the nuances of their land (Filipiak, 2011; 

Pedersen & Lind, 2017).  
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As precision technologies rapidly developed over the last few decades, certain tools 

became commonplace, while others have seen very slow uptake by farmers (Lindblom et al., 

2017). The technology of autosteer, for example, which allows farmers to use GPS signals to 

automatically propel equipment in straight lines across fields, is used by most North American 

farmers (Schimmelpfennig & Lowenberg-DeBoer, 2020). However, variable rate technology, 

which allows farmers to apply specific input rates of seed, fertilizer, or chemical, across their 

fields, is used much less frequently. Farmers have yet to be shown the benefits of such technologies 

(McFadden et al., 2022). An increasingly popular methodology which seeks to demonstrate the 

power of variable rate technology is called on-farm precision experimentation (OFPE) (Lacoste et 

al., 2022). In this methodology, farmers and researchers work together to find optimized levels of 

inputs across a field that goes beyond Robert’s initial vision of “farming by soil” (Cook et al., 

2018; Kyveryga, 2019). Using OFPE, random rates of an input applied across a field form a whole 

field experiment, from which crop response data are used from the combine harvester or other 

sensors to provide information on how the varied rates performed in different areas of the field. 

This data is then modeled to create optimized input maps which treat the entire field as having 

varied zones across which disparate inputs can be placed (Bullock et al., 2019). Using precision 

agriculture and on-farm experimentation, farmers can now work with natural systems and their 

natural variability on large scales. 

Agroecological Intensification 

 Apprehension to the intensification of agriculture has led to myriad demands for more 

sustainability in agriculture. In some ways, this means utilizing tools we already have and 

redeploying them toward new objectives. For example, genetically engineered crops could 
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improve nutrition and be designed to thrive in various environments rather than simply attempting 

to create plants that thrive in highly unnatural, chemicalized, and monoculture environments 

(Kumar et al., 2020). In many ways, agroecology rejects modern conventional agriculture and 

returns to an organic viewpoint, a perspective that pre-dates the green revolution, when farming 

worked with nature. In any case, consumers, and governments, are asking more from farmers and 

are expecting a pivot towards agricultural practices that take environmental concerns seriously 

(Eyhorn et al., 2019). This dissertation envisions this change coming in the form of agroecological 

intensification, through the combined use of traditional farmer knowledge, new applied ecological 

understandings, and the harnessing of precision agricultural tools and big data to empower 

individual farmers. 

Precision agriculture is an effective tool to increase both yield and ecosystem services in 

the pursuit of agroecological intensification (Garbach et al., 2017). It now offers a chance for 

organic farmers to take advantage of new technologies to increase the level of sustainability of 

their farms. Technological advances in the realm of satellite imagery, mapping applications, 

variable rate technology, and open-source software can be used to build on traditional knowledge 

by integrating data to improve soil health, reduce weed pressure, increase biodiversity, increase 

yields, and maximize net returns across every acre of their farm (Weersink et al., 2018). To 

accomplish this, we seek to determine the validity of using varied seeding rates of both nitrogen-

fixing green manure cover crops, and following season cash crops, to maximize farmer net return, 

and increase the use of natural biomass in farm systems. By using freely available web and 

machine-based data and open-source software already in various stages of development, organic 
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farmers can be enabled to harness the power of precision agriculture to grow food more sustainably 

(Hegedus et al., 2023).  

Within this dissertation, I explore the use of precision agriculture in organic grain systems 

across the Northern Great Plains. In chapter two, in tandem with my lab members, we explore the 

potential of precision agriculture to be deployed at the different scales of agroecology, from fields 

and input substitution to broader networks of farmers and the globe. In chapters three and four, I 

look at the ability of green manure cover crops to be deployed using variable seeding rates through 

greenhouse and field-scale experiments, respectively. Chapter five turns to the problem of weeds 

in organic farming and the possibility of using multi-objective optimization to minimize weeds 

through variable seeding rates while still focusing on the farmer's overall yield and net returns. 

Finally, the prologue will touch on the requirements for these techniques to become widely adopted 

by farmers. 

Throughout these chapters, an effort is made to explore the realistic economic value of 

precision agriculture in its current form, where the greatest uses lie, and where farmers should 

consider investing or not. Since adopting the precision agriculture techniques that are most 

effective is key, attempting to quantify their economic use is made, as well as providing clear 

paths for their deployment by farmers. This work is a small step in the direction of shifting the 

default position of agricultural intensification away from straight industrialization toward a more 

holistic, thoughtful management of the globe’s productive food spaces.  

By reframing intensification with a focus on ecosystem services through an agroecological 

lens, we can find ways to work with nature to produce adequate yields while producing more 

nourishing food and sustaining the other necessary functions of land (Provenza et al., 2021). 
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Precision agriculture tools have enormous potential to combine local farmer knowledge with 

untapped data resources to enable agroecological intensification. The paradigm of intensified 

agricultural systems has led to many ecological disasters, and it is now vital that farmers, the 

research community, and policymakers move to find a new paradigm of agricultural practice. 

Through the use of modern precision agriculture technology, there is now an opportunity to 

reincorporate agroecology as the core tenet of farm systems.  
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Abstract 

In response to global calls for sustainable food production, we identify two diverging 

paradigms to address the future of agriculture. We explore the possibility of uniting these two 

seemingly diverging paradigms of production oriented and ecologically oriented agriculture in 

the form of precision agroecology. Merging precision agriculture technology and agroecological 

principles offers a unique array of solutions driven by data collection, experimentation, and 

decision support tools. We show how the synthesis of precision technology and agroecological 

principles results in a new agriculture that can be transformative by: 1. Reducing inputs with 

optimized prescriptions, 2. Substituting sustainable inputs by using site-specific variable rate 

technology, 3. Incorporating beneficial biodiversity into agroecosystems with precision 

conservation technology, 4. Reconnecting producers and consumers through value-based food 

chains and 5. Building a just and equitable global food system informed by data driven food 

policy. As a result, precision agroecology provides a unique opportunity to synthesize traditional 

knowledge and novel technology to transform food systems. In doing so, precision agroecology 

can offer solutions to agriculture’s biggest challenges in achieving sustainability in a major state 

of global change. 

Introduction 

Agriculture is both a major cause and potential solution for current environmental issues. 

Modern industrial agriculture has increased yields over time, but this has come at a staggering 

cost to the environment. Despite modern industrial agriculture contributing to environmental 

issues like nitrogen pollution, soil degradation and habitat destruction, enhanced information 
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availability and analysis offered by the industry has the opportunity to solve, rather than 

perpetuate problems in agricultural sustainability. The future of agriculture should promote 

productive, economically viable, socially just, and environmentally sound agri-food systems 

(Council, 2010). We have known for decades that sustainable intensification of agricultural 

production is required to feed and nourish the world’s growing population, and there are many 

avenues being pursued in this endeavor such as changes in land use management, closing organic 

yield gaps, and shifting diets (Bardgett & Gibson, 2017; Foley et al., 2011. From these pursuits 

we have identified two dominant paradigms that offer differing solutions to the problems of 

modern agriculture (Figure 2.1). The production oriented paradigm imagines solutions based on 

productivity, technology and optimized input management. When pushed to its furthest extreme, 

the fear of “big data”, “agribusiness” and “robot agriculture” deters many stakeholders and 

practitioners from engaging in such industrialized agriculture solutions (Daum, 2021). 

Alternatively, the countermovement of ecologically oriented agriculture endorses a more holistic 

style of ecologically based agriculture that focuses on long term sustainability, ecological 

solutions and conservation practices (Rosset & Altieri, 2017; Anderson et al., 2019). Critics of 

the latter suggest these movements are fleeting, unproductive, and lack scientific evidence 

(Bellwood-Howard & Ripoll, 2020; Tom, 2020). Despite diverging paradigms, we make the case 

that global calls for the transformation of food systems will require both applications of 

technology and agroecological transformation to create productive and sustainable agri-food 

systems. Below we describe precision agroecology as the use of modern technological farm 

instrumentation and tools collectively called “Precision Agriculture” (PA) to accomplish the 

goals of agroecology. 
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Figure 2.1. Depiction of the timeline of agriculture from subsistence agriculture to the present 
diverging paradigm of production oriented and ecologically oriented agriculture.  

 

Precision agriculture is often categorized within the production oriented paradigm. 

Typically, PA is considered the collection of instruments that allow farmers to capture 

spatiotemporal data on their fields and apply it to management decisions that improve efficiency 

and quality, and thus sustainability of agriculture (International Society for Precision 

Agriculture, 2021). Rich data sets are being generated by farms every day and most farm 

machinery today collects, or at least interacts, with data in one or many ways (Meola, 2021). The 

amount of farm information such as weather, topography, and vegetation indices available from 

machines, drones, weather stations and satellite based remote sensing data is continuously 

increasing (Carolan, 2017) and driving the adoption of big data analytics in agriculture (Coble et 

al., 2018; Griffin & Lowenberg-DeBoer, 2005; Basso et al., 2021). Field specific data collection 

has been used to inform sub-field-scale management within fields by reducing generalizations 
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made across spatial scales (Van Es & Woodard, 2017; Lawrence, et al., 2015; Maxwell & 

Luschei, 2005; Gebbers & Adamchuk, 2010; Luschei et al., 2001). Greater exploitation of the 

data returned from daily precision farming operations can drastically increase resource use 

efficiency and produce crops in a manner that not only reduces the environmental impacts but 

increases the ecological and economic resilience of agroecosystems (Bucci et al., 2018). 

However, those who pushback against PA lament the loss of stakeholder knowledge, data 

ownership, and values of small-scale farming. Many fear that PA will further distance producers 

from their land by substituting technology for local knowledge (Altieri & Nicholls, 2020). Others 

fear that it will prolong “productivist” values without regard for crop quality and encourage 

“ecological dystopias” (Daum, 2021). In this sense, PA would only perpetuate the externalized 

costs of modern industrial agriculture on ecosystem and human health. As a consequence, PA 

may represent the industrial endpoint that not only encourages increased farm size but substitutes 

fully automated agriculture for human knowledge and land connection. 

On the opposite side of the solutions spectrum, agroecology refers to a scientific 

discipline, an applied management practice, and a social movement (Wezel et al., 2009). The 

scientific discipline of agroecology is the study of the application of ecological concepts and 

principles to agroecosystems. Stemming from indigenous roots, agroecology goes beyond simply 

using ecological concepts to increase production and reduce environmental impacts, but uniquely 

adapts principles to communities based on the co-creation and sharing of knowledge, culture and 

food traditions, diversity, resilience and responsible governance (FAO, 2016; Nyéléni, 2015; 

Altieri, 1999). Agroecology looks beyond the farm level to the broader regional, national, and 

global levels of the food system to affect sustainable change. Agroecology also focuses on local 
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knowledge, ensuring that farmers stay connected to their land and their management despite the 

arrival of technology and broad-based prescriptions (Filipiak, 2011; Shava et al., 2010). Critics 

of agroecology point to economic realities and projected global food demand to belittle 

agroecology as nothing more than a local counterculture movement that is not capable of large-

scale food production (Connor, 2018). However, we propose the merger of these two movements 

by using PA technology to manage farms through specific application of agroecological 

principles. 

We propose that PA and agroecology are compatible, rather than divergent strategies for 

creating sustainable agri-food systems. Although these two disciplines stem from seemingly 

incompatible backgrounds, they promote a sustainable agriculture that is profitable, equitable, 

minimizes environmental degradation and efficiently achieves these goals. Key to their 

integration is the idea that agroecosystems are complex and vary considerably over space and 

time. Application of agroecology has historically lacked adoption because it could only offer 

general principles (e.g. crop diversification) due to a lack of local field scale data that could 

account for the variability that results from reduced inputs and complex biological interactions. 

PA offers the local information required to make field-specific agroecological 

recommendations.  PA is commonly misperceived as belonging solely to the “big tech” 

agribusiness world, but in reality, it has roots in stakeholder-driven science and practice (Cook et 

al., 2018; MacMillan & Benton, 2014). Precision agriculture technology and data are essential to 

create on-farm experimentation (OFE) and adaptive management (Maxwell and Hegedus, 2022). 

OFE aims to formalize the research of farmers on their own fields (Cook et al., 2018). Advances 

in technology, particularly in PA, have opened the door for farmers to formalize, detail, digitally 
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record, and analyze their experiments in ways not possible before the agricultural data revolution 

(Bullock, 2019). Most farmers in industrialized nations have access to equipment that records 

inputs and harvest information; yet farmers and industry have not grasped the potential to use 

this data to manage fields in a site-specific manner. In addition to the massive stream of on-farm 

data from PA instruments and technology, there are large repositories of open-source satellite 

imagery that can be used to update management recommendations through adaptive management 

and apply on-farm experimentation. On-farm experimentation (OFE) is a collaborative form of 

science that synthesizes farmer’s tacit knowledge and data to manage, improve, and even 

redesign agri-food systems (Cook et al., 2018; Kyveryga, 2019). These on-farm trials place 

agriculture in an ecological context that is site, history, and time specific.  

At first glance, PA is an unusual ally of agroecology, as new technologies are most 

typically associated with conventional high input agriculture. However, the initial goal of PA 

was “farming by soil” (Robert, 1993). This means that precision tools allowed large scale 

farmers to apply inputs across their fields specific and relevant to the soil types that were present. 

In this initial vision, farmers could spatially sample their fields and develop sub-field zones 

within which they could apply nutrient additions as needed. This form of thinking re-imagines 

the dominant paradigm wherein farmers apply average rates of inputs across entire fields and 

even entire farms in an effort to reduce the complexity of their operations. Using high input rates 

to overwhelm complex and variable natural systems is a hallmark of intensified agriculture. On 

the other hand, PA allows farmers to work with real field complexity using technology (Garbach 

et al., 2017). While Wendell Berry decried the use of farm technology, claiming it reduced a 

farmer’s understanding of their fields (Filipiak, 2011), we can now see a future where technology 
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can reintroduce a farmer to the complexity of the ecological interactions on their land (Pedersen 

& Lind, 2017). 

Furthermore, PA has the potential to substitute data for synthetic inputs. Technologies of 

PA, including aerial maps and combine-mounted yield monitors, are used by producers and 

researchers alike to gain detailed site-specific (and free) data about agri-food systems. We argue 

that rather than distancing producers from their land, PA can reacquaint farmers with large fields 

and give them more extensive knowledge about the variation within their system (Mcfadden et 

al., 2021). This approach can help not only to improve farm management, but to mitigate 

environmental externalities by providing detailed quantitative analyses at the field and farm 

scale. For example, PA can reorient agricultural values away from pure production and facilitate 

“nutrition-sensitive agriculture” that prioritizes food quality by incentivizing producers and 

markets to manage and price crops for their quality rather than quantity (Nicholson et al., 2021). 

Incentivizing producers to grow food for nutrient content and best management practices rather 

than net-return alone would align modern agriculture with the values of agroecology. 

Although agroecology is commonly referred to as “a science, a movement and a practice” 

(Wezel et al., 2009; Tomich et al., 2011), the quantitative side of the discipline is often 

overlooked, and it should in fact be recognized as a mechanism to bring objective science to 

management, thus relieving the inefficiency of the trial-and-error approach. More commonly 

understood as a social movement, agroecology indeed emerged as a potential solution to the 

crisis of industrial agriculture in tandem with the environmental movement. Agroecological 

farming practices of the 1980s were well aligned with social movements of the 1990s that called 

for radical transformation of agriculture (Levins, 1990). The goal was to remedy the social, 
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economic and environmental externalities of agro-industry with an alternative agriculture 

movement (Rosset & Altieri, 1997). Today, agroecology is a transdisciplinary concept that 

encompasses ecological, social and economic dimensions of food systems (Francis et al., 2003). 

From a scientific perspective, agroecology draws from ecological principles and applies them to 

manage agricultural systems (Ewing et al., 2021; DiTommaso et al., 2016). This includes 

concepts of evolutionary fitness, competition dynamics, and plant population modeling not 

commonly considered by traditional agronomists or producers (Weiner, 2017; Gliessman & 

Engles, 2015; Vandermeer, 2011; Vandermeer et al., 1998; Altieri, 1995). Agroecology also 

values an ecological systems approach that considers production impacts at multiple spatial 

scales.  

We propose that PA and agroecology are an unlikely, yet necessary pair for creating 

sustainable agricultural solutions. Precision agroecology is grounded in an ecological framework 

but employs the benefits of modern technology and data-intensive management from PA to 

monitor beyond the plot scale (Marchant, 2019). The fusion of PA and agroecology offers 

transformative agri-food systems solutions that were not previously possible. Therefore, we 

explore the potential of precision agroecology as the future of agriculture. 

Five Tiers of Precision Agroecology 

Uniting these two disciplines as precision agroecology offers a unique array of 

agroecological solutions driven by data collection, experimentation, and decision support tools. 

Stephen Gliessman, in his textbook on Agroecology, criticized yield maximization as the main 

goal of industrial agriculture and instead prioritized healthy ecosystem function as the foundation 

of food production (Gliessman & Engles, 2015). Meeting current food requirements and 
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protecting soil and water for future agricultural demand are vital (Foley et al., 2011), however, 

sustainable agriculture also requires reducing inequalities in food systems from the local to 

global scale. Sustainable agriculture requires collaboration and cohesion at all levels of food 

systems, from producers, processors, distributors, retailers, consumers, and the political entities 

that operate at each scale. We refer to Gliessman’s (2016) proposed five levels of transformation 

as a framework to convert conventional industrial food systems to agroecological systems using 

precision technology. Precision agroecology facilitates the first four levels through (1) increasing 

agrochemical efficiency, (2) substituting more sustainable inputs, (3) maximizing ecosystem 

services, and (4) reestablishing consumer-producer connections. The fifth level moves beyond 

the control of PA and calls for (5) creating a just and equitable global food system (Gliessman, 

2016). Within each agroecological tier, we show how precision agriculture (PA) technology can 

be used to execute agroecological concepts and enhance agri-food system sustainability (Table 

2.1). Throughout the text, we provide examples of how components of both PA and agroecology 

can be merged into precision agroecology practices at each tier of sustainable transformation. 

While this paper provides case studies of tiers one through four, we propose potential solutions 

for merging PA technology and agroecology in regard to tier 5 in the discussion section.   
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Table 2.1. Precision Agroecology Framework 
Tiers of Agroecological 
Transformation Precision Agriculture Component Agroecology Component 

Tier 1: Reduce Inputs 

 
 
Create optimized prescriptions for 
site-specific nitrogen 
fertilizer/manure/cover crop 
application 

 
Reduce environmentally 
damaging inputs and 
externalities 

 

Tier 2: Substitute Sustainable Inputs  
Use Variable Rate Technology to 
optimize cash crop, cover crop, and 
animal manure application rates  

Replace environmentally 
damaging input rates with 
renewable, sustainable, site-
specific ones  

Tier 3: Redesign Agricultural 
Systems to Incorporate Biodiversity  

 
Use yield maps and remote sensing 
to monitor beneficial ecosystem 
services from non-crop habitat  

Increase biodiversity to increase 
ecosystem resilience and 
ecosystem services  

 
Tier 4: Reconnect Producers and 
Consumers 
 

 
Optimize values-based supply 
chains via production and 
transportation data 
 

 
 
Form alternative food networks 
that are based on direct 
relationships 
 

Tier 5: Create a Just and Equitable 
Global Food System 

 
 
Utilize the data stream associated 
with PA to inform policy at all 
levels of agricultural and food 
systems 

Account for the environmental 
and societal relationships 
surrounding agriculture and 
food systems 

 

Tier One: Reduce Inputs 

The first agroecological tier calls for increasing efficiencies of applied agrochemical 

inputs used in modern conventional agriculture to maximize crop production. Elliot and Cole 

(1989) recognized that tradeoffs between maximization of production and minimization of 

pollution were inevitable and called for the shift towards optimization of profits and 
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sustainability in agricultural production. Gliessman’s (2015) first step moves conventional 

modern agriculture away from inefficient practices such as uniform applications of fertilizer and 

pesticides towards site-specific approaches that optimize production and increase economic and 

environmental sustainability of agricultural communities.  

Site-specific management is an application of PA that can increase efficiency and address 

the issues surrounding excess agrochemical input rates. Precision agriculture accomplishes this 

by reducing input rates in areas where the crop response does not result in increased net-returns. 

A common input for which site-specific management is utilized is nitrogen fertilizer. Divesting 

resources from low profit potential areas into high profit potential areas has two major results: in 

most cases reduction of total nitrogen applied over a field and fewer expenditures by producers 

for fertilizer (Khosla et al., 2008; Koch et al., 2004). Site-specific nitrogen management varies 

greatly in the methods used to develop prescriptions and the scale at which management units are 

applied (Link et al., 2008; Huggins, 2010; Farid et al., 2016; Khosla et al., 2008; Koch et al., 

2004; Moshia et al., 2014). Site-specific fertilizer applications have been investigated in diverse 

crop systems throughout the US (Bronson et al., 2006; Guillard, 2018; Stevens, 2017; Flowers et 

al., 2004; Biermacher et al., 2009) and profit maximizing site-specific nitrogen management has 

been shown to increase net-returns in the wheat-belt from Oklahoma to Montana (Biermacher et 

al., 2009; Lawrence et al., 2015). Reducing nitrogen fertilizer contributes to the sustainability of 

the natural resource-base that agriculture relies on and improves farmer net-returns by increasing 

the efficiency of fertilizer applications. This puts more money in the pocket of producers and 

thereby the broader rural community.  
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Site-specific management of inputs is best optimized through OFE applied to crop 

production, to intentionally understand crop responses to variable rate application management. 

Site-specific management and OFE both require harnessing the stream of data gathered on-farms 

and from remotely sensed data sources to power analyses and augment decision making. The 

automatic collection of data from farm machines is becoming easier through cloud software such 

as “MyJohnDeere” and from satellite image repositories such as Google Earth Engine (Gorelick 

et al., 2017). The spatiotemporal availability of remotely sensed data allows for enrichment of 

any on-farm dataset by, for example, providing information from remotely sensed weather 

estimates or topographical variables at the sub-field scale locations of harvest data points. 

Statistical and machine learning approaches can be used to characterize the response of the crop, 

in terms of production (yield) or quality (e.g. grain protein content), to variable nitrogen (N) 

fertilizer inputs and other environmental covariates. These models can then be used to simulate 

outcomes of various complex management approaches where farmers are provided with an array 

of management options that they can choose from, while ultimately leaving decision making in 

the hands of the farmer. 

 Current decision support systems have mainly been developed with models focused on 

profit maximization and have shown promise not only to increase farmer net-returns but to 

minimize the amounts of chemical inputs within fields. Future work will be development of 

models optimized on maximizing profits and minimizing pollution, driven by OFE. Using our 

precision agroecological approach, site-specific optimization of competing goals can apply an 

agroecological lens to harness the power of PA and address issues of economic and 

environmental sustainability. Increasing chemical efficiency serves as the initial steppingstone 
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for the transformation of industrial agriculture towards an agroecological framework but must 

not be an endpoint where agroecology is conformed to current agricultural practices (Nyéléni, 

2015). Early conceptualization of agroecology envisioned the substitution of industrial synthetic 

inputs with information about ecological interactions. We now have the data availability to 

realize that substitution. 

 Tier Two: Substitute Sustainable Inputs 

The second agroecological tier calls for substituting organic inputs, or knowledge, for 

industrial synthetic inputs. Organic agricultural systems have been attempting this at scale for 

decades at least, and PA can be an important tool in efficiently shifting towards more sustainable 

inputs (Tully & McAskill, 2020). As noted in tier one, synthetic nitrogen is one of the most 

ecologically damaging industrial agricultural inputs, alongside pesticides. Broadly, organic 

agriculture removes chemical inputs from the agroecological environment by substituting 

synthetic inputs with animal manure, cover crops, and local knowledge (Carr et al., 2019; 

Osterholz et al., 2020) This practice of substitution produces healthier food and reduces nonpoint 

agricultural pollution (Barański et al., 2014). Animal manure is rich in nitrogen but is 

unavailable in many locations in North America. Cover crops, which include nitrogen fixing 

plants such as peas and hairy vetch, provide nitrogen where animal manure access is limited. 

Additionally, these crops can reduce weed pressure through competition and varied termination 

methods (Carr et al., 2020). Organic farmers, faced with diverse challenges, rely on local 

knowledge to apply inputs with greater precision and timing than conventional farmers. The 

emphasis on understanding local conditions is greater in organic systems as they do not rely on 

pesticide options to manage pest outbreaks or synthetic fertilizers to correct low soil fertility. 
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This notion of farming with local knowledge is something all farmers do, but organic farmers in 

particular tend to be systems thinkers who seek out new information to aid whole-farm planning 

and decision making (Church et al., 2020). Thus, they are well suited to add precision 

agricultural data management to their tool kit.  

The primary drawback of organic agriculture is reduced yield outputs due to nitrogen 

deficiencies and weed pressures. However, PA and OFE can help close this yield gap (Seufert & 

Ramankutty, 2017). Organic farmers can use OFE to rapidly understand the patterns of spatial 

and temporal variation across their fields and thus manage them more efficiently. Seeding rates 

of cash crops and cover crops impact crop quality, yield, and competitive ability (Miller et al., 

2011; Ma et al., 2018; Alba et al., 2020; Pes et al., 2022). Subsequently, organic OFE 

methodology focuses on applying experimental randomized seeding rates across entire fields to 

find optimum site-specific seeding rates. This methodology is applied to both green manure 

nitrogen fixing cover crops, and cash crops like wheat or hemp, in order to minimize weed 

pressure, optimize yields, and maximize farmer net-return. Beyond the yield maps and other 

topographic variables mentioned in tier one, weed survey maps can also be incorporated into 

models to reveal best management practices. Early results from organic OFE research have 

revealed new spatially varied optimum seeding rates which outcompete farmer chosen uniformly 

applied whole field seeding rates. The farmer can choose to site-specifically optimize seeding 

rates to maximize profits and minimize nitrogen losses and the knowledge gained through OFE 

complements the farmer’s historic of a field. Through OFE, an organic farmer can speed the 

process of understanding their land and the impact organic inputs have on outcomes such as 

yield and weeds. Increased local knowledge helps an organic farmer manage their land without 
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the use of synthetic inputs, thereby enabling PA tools to enable sustainable transition from 

ecologically damaging inputs to organic ones.  

Tier Three: Incorporate Diversity  

  The third tier of agroecological transformation entails redesigning agri-food systems to 

incorporate more diversity in ecosystem structure and facilitate ecological function (Gliessman, 

2016). Simplified agricultural systems are criticized as “ecological sacrifice zones” that disrupt 

ecosystems (Garbach et al., 2017). In contrast, diverse agroecosystems that conserve natural 

ecosystem structure have more complex ecosystem function. As a consequence, they provide 

many more ecosystem services that benefit producers in agricultural landscapes. Beneficial 

ecosystem services associated with biodiversity include pollination, pest predation, and weed 

seed predation (Capmourteres et al., 2018; Isaacs et al., 2009; Losey & Vaughan, 2006; Tilman 

et al., 2002; Landis, 2017), though tradeoffs may include increased pest habitat, increased weed 

density, and yield reduction (Gurr et al., 2003). In theory, agroecological principles such as 

diverse crop rotations, high biomass cropping systems and soil fertility building are key to 

maximizing ecosystem services in agri-food systems (Weiner, 2017). Plant diversity plays an 

important role in ecosystems and agroecosystems alike by enhancing ecosystem structure and 

function. Associated ecosystem services of higher plant diversity include enhanced nutrient 

cycling, soil quality, and habitat for beneficial insects (Garbach et al., 2014; Power, 2010; Isaacs 

et al., 2009). In turn, these ecosystem services may provide agronomic benefits such as lower 

input costs, higher nutritional content in crops, and maintained or increased crop yields 

(Tscharntke et al., 2005, Benayas & Bullock, 2012; Zuo & Zhang, 2008). However, ecosystem 

services are notoriously difficult to quantify and monitor in ecological systems, making them 
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extremely difficult for producers to manage (Tscharntke et al., 2005; Kremen, 2005). We 

propose that site-specific, quantitative data from PA technology can be used as an on-farm 

conservation tool to optimize ecosystem services and manage tradeoffs in agricultural systems 

(Duru et al., 2015). 

Precision conservation is facilitated by PA and can aid a transformation towards diverse 

agroecosystems (Basso, 2021; Swinton et al., 2007). Precision conservation accounts for spatial 

and temporal variability by using a suite of spatial variables to manage natural and agricultural 

systems (Berry, 2003). In agricultural settings, precision conservation uses profit mapping 

technology to identify low-producing areas to create non-crop habitat in agricultural landscapes 

(Capmourteres et al., 2018). While most on-farm conservation efforts have focused on planned 

biodiversity, habitat management, and remnant habitats such as buffer zones and roadside 

margins, a broader category of ecological refugia can function as in-field precision conservation 

areas. Ecological refugia are uncropped patches in fields that serve as patch habitat to harbor 

biodiversity, beneficial insects and provide ecosystem services for producers (Fiedler et al., 

2008; Cousins, 2006; Power, 2010). Ecological refugia may be naturally occurring areas of 

terrain that are too difficult to cultivate or low-producing areas that are intentionally treated for 

restoration. In practice, ecological refugia can range from uncultivated riparian areas and rocky 

patches to intentionally planted patches of cover crops or pollinator strips. 

Quantifying the economic and ecological effects of refugia is essential to producer 

adoption of this potential conservation practice in agricultural systems. Refugia must show an 

economic benefit in terms of crop production and ecological benefit in terms of biodiversity. 

Profit maps are an effective farm management tool that can be easily generated by PA 
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technology. Annual profit maps can be used to monitor the effects of ecological refugia on crop 

production by quantifying crop yield and protein content as a function of distance from refugia. 

Producers may see the effects of beneficial ecosystem services via higher crop yields or nutrient 

content near the refugia compared to other locations in the field. Furthermore, precision 

conservation can save farmer’s time and money by taking low-yielding areas out of production. 

Ideally, this would increase their return on investment while increasing patch habitat and 

ecosystem services across the agricultural landscape (Tscharntke et al., 2005). At present, 

biodiversity surveys are typically required to quantify plant, insect and small mammal diversity 

surrounding the refugia, as remotely sensed data lacks the level of detail required for species-

specific identification. However, recent developments in entomological lidar have made it 

possible to remotely monitor insect population and activity using sensors to assess insect 

wingbeat frequency, color and wing to body ratio (Brydegaard & Jansson, 2019). In addition, 

near-infrared spectroscopy can now accurately identify sagebrush up to the species (75-96%) and 

subspecies (99%) level, with vast implications for remotely monitoring vegetation at larger 

spatial and temporal scales (Robb, et al. 2021).  

Precision agroecology can merge PA data and agroecological principles to enhance the 

diversity of ecosystem structure and function in production systems. Agroecological concepts of 

biodiversity, ecosystem stability and ecosystem function can be monitored with precision 

technology and improved through agroecological management. Thus, PA’s burgeoning 

technology and field automated data collection can augment efforts to assess if ecological refugia 

support biodiversity, enhance ecosystem services, or increase food production and quality. In this 

way, precision agroecology will reduce barriers to adoption and provide the tools needed for 
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producers to participate in agri-environment schemes that offer payments to incorporate 

biodiversity into farmscapes (Tscharntke et al., 2012).  

Tier Four: Reestablish the Consumer-Producer Relationship  

Gliessman’s (2016) charge for tier four of food system transformation suggests 

reestablishing a more direct connection between those who grow our food and those who 

consume it. This goal is exemplified by growing demand for local food, both in terms of 

consumer interest and entrepreneurial activity. Local food sales were estimated at $4.8 billion in 

2008 and $6.1 billion in 2012 (Low & Vogel, 2011; Low et al., 2015), with subsequent iterations 

of these reports likely to show continued growth. To answer the charge, producer-consumer 

relationships must be restored by strengthening local/regional food systems (LRFSs) and 

fostering “food citizenship” on a large scale. 

In contrast to traditional agricultural supply chains, an LRFS is better described as a 

values-based supply chain that aims to enhance producer profitability by paying price premiums 

for the environmental and social values implicit in their products (Feenstra et al., 2011). 

Therefore, values-based supply chains require a high level of transparency and information 

sharing at each stage of the supply chain (Feenstra et al., 2011). In this regard, values-based 

supply chains foster a food system that compensates producers for food quality, rewards best 

management practices, and relies on open accessible data flows to relay information to 

consumers. Fortunately, PA technology generates ample data that is free and site-specific to 

producers, that could be made readily available for consumers. This data holds the potential to 

transform value-based supply chains by offering evidence of producer practices and food 

nutritive quality that consumers are willing to pay for when made explicit. For instance, 
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consumers have been found to be both “quality-focused” and “price-sensitive” in their 

willingness to pay when provided with traceable codes relaying information on food safety and 

quality (Xu et al., 2019). By scaling up transparent data flow and traceable food choices, 

evaluations of consumer purchasing behavior can illuminate consumer’s attitudes towards food 

nutrition and quality (Doub et al., 2015). Accordingly, PA data flow can be scaled up to increase 

traceability, for example by using QR codes as labels to convey detailed information on 

production practices. Alternatively, data flow can be scaled down, for example many producers 

now use the Square App to interact with consumers face to face in small, local markets. In this 

sense, at scales both large and small, data-intensive labeling and software applications are 

reconnecting producers and consumers.  

      In contrast to conventional food systems, characterized by large-scale production, vertical 

integration and rigid controls of inputs and environmental variables, LRFSs are more embedded 

in the ecology and social structures of their location. The participating businesses and consumers 

more explicitly recognize human values and seek positive social and environmental benefits 

throughout the system. As a result, LRFSs restore a sense of food citizenship among consumers. 

A food citizen is a resident-participant in a food system who possesses subsequent rights, duties 

and responsibilities therein (Wilkins, 2005). To foster food citizenship, the information and 

values flowing through a food system and its embedded values-based supply chains must be 

accessible to all stakeholders from producer to consumer. One aspect of restoring food 

citizenship is restoring confidence in credence goods in terms of quality assurance for the 

consumer and profitability for the producer (Holland, 2016). Because information in the food 

supply chain is imperfect, both producers and consumers take a risk on credence goods due to 
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customer uncertainty surrounding appropriate price values and producer uncertainty concerning 

tradeoffs between certification costs and price premiums (Caswell & Mojduska, 1996). One 

approach to build trust is to rely on regulation via third-party certification that justifies the cost of 

both producer compliance and consumer buy-in (McCluskey, 2000). This type of third-party 

regulation necessitates a food system with a values-based supply chain, reliable data flow and an 

effective labeling scheme for credence goods. 

While LRFSs are expanding and replicating organically, they can be fragile systems, and 

little is known about their behavior at the systems level. Through a precision agroecological lens, 

a theoretical framework for LRFSs can be developed. Evaluation can then lead to initial design, 

modification, or significant reorganization in order to promote replication and durability. 

Precision tools accounting for variables of the social and organizational realms in which LRFSs 

exist may include spatial and temporal system models. Precursor diagrammatic models of food 

systems can identify important aspects of structure and relationships throughout the system 

(Stave & Kopainsky, 2015). Parameterizing models with economic, production, environmental, 

and social data, and simulating LRFSs, can lead to identifying the variables that influence 

successes and failures. Such an approach would bring a level of data-driven precision to building 

and managing LRFSs. Diagrammatic models and outputs from computational models can also be 

used as outreach tools to educate all LRFS stakeholders on system components and the flow of 

goods, services and information throughout. As a result, precision agroecology has the potential 

to restore producer consumer relationships by strengthening LRFSs, reestablishing trust in 

credence goods and fostering a sense of food citizenship. 

 



    
 

37 

Discussion 

  The convergence of agroecological principles and precision technology we suggest is an 

unusual but necessary trajectory for future farming solutions. Typically, PA falls within the 

production oriented paradigm of agricultural solutions, while agroecology falls within the 

ecologically oriented paradigm. Though PA is often perceived as perpetuating the 

industrialization of agribusiness (Altieri & Nicholls, 2020; Laforge, 2021) we have shown how it 

can be incorporated into decision support systems parameterized with OFE to ultimately inform 

stakeholder-driven practices. In the same manner, agroecology has been commonly 

underestimated as a counterculture, low-yielding, farming movement (Connor, 2018; Tal, 2018); 

but we have shown how it is also a site-specific, quantitative science that pairs well with the 

management tools offered by precision technology. The merger of precision technology and 

agroecological principles results in a new agriculture that can be transformative by reducing 

inputs, substituting synthetic with sustainable inputs, incorporating more biodiversity into the 

system, and reconnecting producers and consumers. 

Precision agroecology provides a unique opportunity to synthesize traditional knowledge 

and novel technology to transform food systems. In doing so, precision agroecology can offer 

solutions to agriculture’s biggest challenges in achieving sustainability. These include 

environmental issues of pollution, biodiversity loss, and climate change, as well as broader 

societal issues of rural depopulation and corporate consolidation of the agricultural sector. 

Within the agroecological framework laid out earlier, tiers one, two and three tackle the prime 

environmental issues head on. As noted in both tiers one and two, reducing harmful agricultural 

inputs and substituting chemical inputs with more natural inputs, such as green manure cover 
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crops in place of synthetic nitrogen, will reduce pollution. Synthetic nitrogen is a source of point 

and nonpoint pollution with cascading effects detrimental to ecological systems (Jones et al., 

2019; Freemark & Boutin, 1995; Relyea, 2005; Egan & Mortensen, 2012; Rollin et al., 2016), 

and is a massive source of greenhouse gas emissions in both its production and field application 

(Sun et al., 2012; Foley et al., 2011; Vitousek et al., 1997). Tier one can be applied to nitrogen 

fertilizer as a first step towards increasing efficiency gains on conventionally managed fields of 

farmers that are not willing to rapidly shift to substitution of inputs. Substituting nitrogen 

fertilizer use through well measured cover crop management, as described in tier two, pushes 

conventional agriculture further towards sustainability and represents the next step in shifting 

modern industrial agriculture to a more sustainable future. While not shown here, the concepts of 

precision agroecology can also reduce and replace other chemical inputs, such as pesticide 

applications, across the farmscape (Liebman et al., 2013). The third tier example shows how 

farmscapes can be managed with precision agroecology for precision conservation of important 

species and prevention of biodiversity loss, while maintaining or improving agricultural output. 

These types of precision conservation efforts can contribute to the land sharing strategy in 

sustainable agriculture by providing patch habitat and ecosystem services throughout the 

agricultural matrix (Duru et al., 2015). In addition to reducing greenhouse gas emissions and 

reducing nonpoint source pollution, precision agroecology promotes the adaptive management 

techniques necessary to constantly adjust to the realities of a changing climate. As farmers 

practice OFE by collecting and implementing their data, algorithms can be used to update best 

management practices. Farmers respond to greater weather uncertainty with increased purchase 

of crop insurance, an input to minimize risk of crop failure. However, PA data and subsequent 



    
 

39 

localized crop response models can be used to quantify the risk and minimize impractical 

insurance costs. Furthermore, recommended variable rates of seed, fertilizer, and chemical inputs 

would be constantly revised based on recent climate and weather patterns. In this way, managing 

fields in a spatially and temporally explicit manner with precision agroecology can increase 

agroecosystem resiliency by confronting the realities of increasing variability and uncertainty in 

management outcomes which will undoubtedly increase due to climate change (Tomich et al., 

2011).  

By transforming food systems with agroecological solutions, precision agroecology can 

contribute to solving broader societal issues as well. Corporate control and rising corporate 

profits in the farm sector have shrunk farmer profit margins and prevented small farmers from 

accessing the land, capital, and the technical assistance they need to succeed (Carlisle et al., 

2019). Precision agroecology hopes to reverse this trend through farmer empowerment. Precision 

agroecology promotes decision support systems for farmers to manage their own data and 

implement their own farm management plans. By prioritizing stakeholder engagement and 

empowerment, precision agroecology can avoid becoming yet another tool used by corporations 

to control farmers the way agrochemical inputs and genetically modified seeds have become 

(Wolfert et al., 2017). Because precision agroecology aims to be a free technological adaptation 

for farmers who possess certain minimum PA technologies (which many already do) 

(Schimmelpfennig & Lowenberg-Deboer, 2020), its implementation will increase their net-

returns and improve their economic resiliency. As shown by tier four, by increasing farmer 

prosperity, precision agroecology can bolster producer-consumer relationships and LRFSs. 
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Ideally, the use of precision agroecology would also promote farmer-to-farmer networks 

centered on knowledge exchange surrounding this novel technology (Ingram & Maye, 2020). 

            Despite the best intentions of researchers and practitioners of agroecology, a fear exists 

that agroecology movements are being commandeered and commodified by powerful 

corporations (Laforge, 2021; FAO, 2016; Nyéléni, 2015; Levidow et al., 2014). In order to 

prevent the co-optation of agroecological transformation by the production oriented paradigm, 

cautionary calls have been made to direct transition towards types of innovation that foster 

participatory processes (Uphoff, 2013; Berthet et al., 2015) and safeguard the collective 

knowledge, rights and agency of producers (Pimbert, 2017; Anderson & Maughan, 2021). The 

very issues that make PA adoption in support of agroecology challenging also provide an avenue 

for corporations to move in and dominate the movements. Corporations have the ability to 

simplify PA processes, automate them and sell the technology to farmers, thus creating a cost 

barrier to producer adoption. The intellectual property contained in the algorithms, even when 

developed with academic institutions, should be owned by farmer cooperatives where research 

and development of the algorithms was cooperatively developed. Incentives need to be created 

for public institutions to develop precision agroecology algorithms and decision support that 

does not lead to intellectual property for sale to the highest industrial bidders. With this approach 

to precision agroecology, corporate power will be reduced, and farm efficiency gains can be 

passed on directly to the farmer, increasing their overall field-specific knowledge and ultimate 

economic and environmental sustainability. 

Other barriers to adoption of sustainable agriculture include educational barriers, risk 

barriers, and demographic barriers (Rodriguez et al., 2008). For precision agroecology, these 
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barriers refer to practices which are difficult to learn and employ (PA technology and new 

agroecology practices), increased risk due to uncertainty about returns on investment (time and 

money), and resistance to change from an older, more traditional demographic of farmers. 

Farmers in North America tend to be old; the average farmer in the United states is 58 years old 

with 92% of farmers in the United States over 35, and 34% over 65 (USDA NASS, 2017). 

Across all farmer demographics, farmers are less likely to experiment with new practices or 

technology with increasing economic and climatic uncertainty (Lawrence et al., 2015). However, 

this resistance also provides an opportunity whereby generational shifts will inevitably occur, 

and younger farmers, being both more comfortable having grown up in the smartphone era and 

more willing to try new things, are considerably more likely to adopt new technologies 

(McFadden et al., 2021). Because of this, precision agroecology remains in a precarious position 

where uptake is low but must be readied for adoption when generational shifts inevitably occur.  

Both PA and agroecology have steep learning curves which make them difficult to 

employ. Precision agriculture typically requires technological expertise, with devices and large 

data sets requiring understanding of GPS, GIS, and data management. Agroecology typically 

requires complex systems thinking involving plants, integrated weed and pest management, and 

practices such as longer rotations and cover crops. Combining these movements into precision 

agroecology thus inherits high barriers to adoption in terms of required new learning. In 

particular, the algorithms designed to wrangle large data sets and provide new management 

answers are sometimes black boxes even to data scientists, and farmers should not be expected to 

master advanced statistics. However, through effective communication and well developed and 

automated but interactive decision support systems, the process of precision agroecology can 



    
 

42 

eventually be made both user-friendly and empowering for the farmer with clearly presented 

findings. Analysis of the data and algorithms need to be open-source and designed to be 

interactive with the farmer to gain insights into the complex ecological processes that can result 

in non-intuitive outcomes of management actions. In this way precision agroecology can 

augment farmer knowledge, rather than replace it, and thereby become a trusted and powerful 

tool by farmers who adopt it (McCown, 2001; Baars, 2011; Lindblom et al., 2017). We therefore 

highlight the importance of designing an approachable interface between data collection and 

decision-makers, further facilitated by designing applications based on free, open-source data 

and interactive analysis. 

Research Gaps and Future Research Directions  

To breach the current research gap, farmers need decision support systems to distill the 

information and data gathered from farms and OFE to inform management. Development of 

these systems is of utmost importance for the adoption of precision agroecology (McBratney et 

al., 2005). While PA technology makes it easy to obtain large quantities of site-specific data for 

producers, decision support tools are necessary to implement data driven management (Weersink 

et al., 2018). Start-ups and corporations have been developing decision support systems, such as 

Adapt-N, FieldNETAdvisorTM, FarmBot, Climate Corporation, FaunaPhotonics and Field to 

Market to relay PA data to user-friendly formats with the intent to guide sustainable management 

(Kamilaris et al., 2017; Saiz-Rubio & Rovira-Más, 2020). In response to Ingram & Mayes (2020) 

recent call for co-created digital technologies that prioritize a user-centric approach, our lab is 

working to create adaptive management tools that incorporate both big data and producer 

knowledge through simulation and structured decision making, such as through the ‘OFPE’ R 
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package (https://github.com/paulhegedus/OFPE.git) and the On-Farm Experimentation 

Prescription Generator (http://trialdesign.difm-cig.org/home). These tools aim to empower 

farmers to control and use their own or open-source data, sidestepping corporate middlemen, and 

thereby retaining decision making processes on-farms. 

However, one limitation of this study is that while results and recommendations from 

OFE are inherently “black box” and enigmatic, they must also be practical and applied on farms 

to retain their value. The conundrum of OFE is that big data requires advanced analysis to assess 

a multitude of complex on-farm interactions and yet must remain transparent, inclusive of farmer 

knowledge and easy to apply. However, a vast research gap currently surrounds stakeholder 

attitudes towards the adoption of precision agroecology due to uncertainty about data 

availability, usability and security. This uncertainty underlies the main limitation of this study, 

which is the lack of trust between the technology industry and farmer stakeholders. This barrier 

to trust will undoubtedly limit the adoption of the very precision technologies that OFE relies on. 

Due to the fact that PA is at the crux of an intellectual property battle, this study was limited in 

its ability to showcase a number of suppressed, small-scale efforts to develop open-source 

decision support tools and likely overlooked a number of current attempts to do so. Future 

research and development of user-friendly PA technology is paramount to creating a more 

equitable and sustainable food system. 

      Moving forward, precision agroecology can address tier 5 of agroecology by creating a 

just and equitable global food system. To transform the global food system, policy surrounding 

agriculture needs to be data driven (King et al., 2019). Policy makers should have access to the 

stream of data from PA to create incentives and regulations that account for the environmental 
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and social relationships surrounding agriculture and food systems. Specifically, precision 

agroecology lends itself to shifting the focus of agricultural systems to food and environmental 

quality rather than quantity of food production. Utilizing precision agroecology can provide a 

unique opportunity to improve agriculture’s impact on human health, an aspect of the social 

relationships surrounding food systems. Rather than externalizing environmental and human 

health costs like the industrialized agricultural sector, precision agroecology can price in 

negative externalities by providing data, derived from PA technology, to support policy that 

properly pays for food quality. Future research and policy should prioritize crop quality over 

quantity and incentivize producers and markets to manage and price crops for their quality in 

terms of nutrient content. In addition, reframing agriculture with a focus on environmental 

quality would incentivize best management practices such as reimbursing producers for 

optimizing ecosystem services. By prioritizing both food and environmental quality, precision 

agroecology can restore the values of nature and nutrition over production and profit to rebalance 

agri-food systems in a sustainable and resilient manner.   

 Conclusion 

Precision agroecology offers solutions to the problems faced by modern industrial 

agriculture by utilizing the technologies of industrial agriculture to inform agroecological 

decisions. Agriculture is one of the largest global markets and change is unlikely to occur 

quickly. Adapting agroecological philosophies in policy and farmer decisions will require 

concerted and coordinated efforts at all scales for which the tiers of agroecology span. Precision 

agroecology shifts the paradigm of agricultural systems towards a more sustainable future by 

harnessing the technologies and data rapidly developed and generated from industrial 



    
 

45 

management practices like PA. Precision agroecology serves as a compromise between the 

divergent factions of agriculture and bridges the gap between seemingly opposite ideologies 

through the use of data and analytics. Precision agroecology increases efficiencies of farms, and 

with further OFE and policy incentives can lead to data-informed substitution of inputs, 

conservation of uncropped areas to maximize ecological benefits, and reestablishment of direct 

relationships between producers and consumers. The data gathered from precision 

agroecological management thus provides a resource for informing policy decisions at all scales 

to offer transformative agri-food systems solutions that were not possible previously. Therefore, 

we propose precision agroecology as an effective and necessary trajectory towards future farm 

sustainability. As agriculture develops in the age of climate awareness and technological 

advancement, precision agroecology offers an opportunity to transition agriculture towards 

agroecological principles. 
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Abstract 

A first step in enabling precision agriculture in organic grain operations is to manipulate nitrogen 

fixing green manure cover crop seeding rates and vary subsequent cash crop seeding rates to find 

optimum seeding rates that maximize net returns for farmers. As an initial step, a greenhouse 

experiment was conducted where rhizobially-inoculated field pea was planted at varied densities 

(0-140 plants m-2), terminated and allowed to decompose, and then Khorasan wheat (Kamut) was 

planted at varied densities (100-380 plants m-2) for harvest. Pea plant density of 102 pea plants 

m-2 was found to maximize pea biomass, and 66 pea plants m-2 maximized subsequent wheat 

yield. To maximize net return, given a range of economic scenarios from the last ten years, 

optimized pea densities ranged from 40 to 56 pea plants m-2, and optimized wheat densities were 

found to be 100 plants m-2. The rates chosen to maximize net return outcompeted other strategies 

including zero pea, farmer chosen rates, and literature suggested seeding rates in every economic 

year tested. These results provide first-principle evidence that variable seeding rates of green 

manure crops followed by a cereal crop can affect yields and maximize net returns for organic 

farmers, and thereby should be tested in in field conditions next, to determine local optima. 

 
Keywords: Organic, Seed Rates, Kamut, Green Manure, Cover Crop, Precision Agriculture 

Introduction 

The primary goals of organic agriculture are twofold: sustain nutritious food production 

and maintain or improve environmental quality. While the primary drawback of organic 

production is lower yields (Seufert et al., 2012; Tal, 2018), yield can be increased without 

environmental damage through agroecological intensification (Garbach et al., 2017; Hunter et 
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al., 2017). Agroecological intensification can harness new methodologies like those provided by 

precision agriculture to augment farmer land knowledge to achieve their goals (Duff et al., 2021; 

Hegedus et al., 2023; Hegedus & Maxwell, 2022); precision agriculture is defined by the 

International Society of Precision Agriculture as a management strategy which seeks to 

characterize spatial and temporal variability in agroecosystems to increase their sustainability 

(International Society of Precision Agriculture, 2021). In organic agriculture, inputs can be 

optimized to reduce waste while improving yields, soil health, and farmers’ net return (Miller et 

al., 2008; Stainsby & Entz, 2022). In this way organic agriculture, which uses cover crops and 

manure as input resources, can achieve resilient yields, quality products, and high net returns 

while maximizing ecosystem services in an agricultural setting (Eyhorn et al., 2019).   

One of the main limiting factors in Northern Great Plains (NGP) agriculture is nitrogen, 

and many organic farmers use green manure cover crops in rotation with cash crops to replace 

synthetic nitrogen (Morari et al., 2018; Thiessen Martens et al., 2019). Green manure crops fix 

atmospheric nitrogen via symbiotic rhizobacteria, provide nitrogen for fertility, increase soil 

organic matter, reduce erosion, and reduce weed and pest pressures (Altieri et al., 2015; Carr et 

al., 2020; Melander et al., 2020). Therefore, the management of these crops is crucial to 

improving crop quality and quantity in organic systems. Increasing the seeding rate of green 

manures increases biomass as well as nitrogen fixation asymptotically following the ecological 

law of constant final yield (Lawley & Shirtliffe, 2004; McCauley & Miller, 2011; Usukh, 2010; 

Weiner & Freckleton, 2010); increasing seeding rate also suppresses weed growth, and likely 

increases water consumption (Gan et al., 2007; Tully & McAskill, 2020). Agronomists have used 

plot-based research to prescribe a broad range of applicable seeding rates for green manures 
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across the NGP, though optimum rates may perform better when developed through site-specific 

experimentation (Baird et al., 2009; Johnston et al., 2002; Spies, 2008). Though green manures 

have many benefits, little is known about how to site-specifically manage them for optimal use in 

organic rotations (Cherr et al., 2006). Factors including temperature and moisture influence the 

quantity of nitrogen fixed in the soil as well as the quantity and timing of nitrogen released by 

decaying plant material to the following cash crop (Miller et al., 2011; Mooleki et al., 2016). 

Increasing densities of crops improves their yield up to a threshold; in weedy areas increasing 

crop densities improves their ability to compete with weeds, again up to a threshold (Maxwell & 

O’Donovan, 2007). While most crop seeding rates have been developed by researchers for 

conventional crops under conventional conditions for maximizing yield production (Bastos et al., 

2020), the seeding rates required to maximize nitrogen fixation in green manure cover crops 

under organic conditions have been largely overlooked and understudied.  

This study sought to verify the relationship between a green manure plant density and the 

net return on the following season’s cash crop. By determining this relationship, farmers can 

similarly have a starting point for determining ideal rates of both cover and cash crops for their 

individual operations using site-specific field experimentation to obtain the seeding rates that 

perform best in any particular field. Relationships between green manure and cover crop seeding 

rates were explored in a preliminary greenhouse study using the NGP organic grain crops field 

pea (Pisum sativum) and Khorasan wheat, (Triticum turgidum ssp. turanicum), trademarked 

‘Kamut’ for organic production (Quinn, 1999). We predicted that an optimum pea seed rate and 

Kamut seed rate could be found to maximize Kamut production or net return. We specifically 

hypothesized that increased pea seeding rates would lead to increased pea biomass, increased 
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plant available nitrogen after pea decomposition, increased Kamut yield, and increased Kamut 

net return up to an optimum seeding rate. Similarly, for Kamut we hypothesized that increased 

Kamut seeding rates would lead to increased yield and net returns up to a specific seeding rate. 

In actual field conditions both seeding rate optima are expected to have significant variation over 

time and sites, relating to not just changing soil conditions and weed flora, but also varied 

climate conditions (Pollnac et al., 2008). Accordingly, the results sought here are merely a 

beginning in finding site specific optimum seed rates on farmers’ fields. Since this was only a 

greenhouse study, we cannot quantify the spatial and temporal biological variability with 

confidence, but we can suggest the economic variability based on recent historic costs and prices 

received to demonstrate probability-based outcomes. Here we demonstrate the method to identify 

optimized seeding rates of successive crops; the optimum seeding rates were those with the 

highest probability of maximizing economic net return of the Kamut when following the pea 

green manure crop. Considering variability in recent historic prices received for organic Kamut 

as well as cost of Kamut and pea seed allowed for quantifying the probability of maximized net 

return over the range of seeding rates. 

Materials and Methods 

Greenhouse 

The goal of the preliminary greenhouse experiment was to determine starting points of 

optimum green manure and cash crop seeding rates to explore various seed optimization 

strategies with a focus on maximizing farmer net return. The plants were grown in the Plant 

Growth Center at Montana State University in Bozeman, MT. Wood boxes measuring 50 by 50 

cm and 25 cm deep were lined with plastic and filled with sterilized soil mixed with 50% sand to 
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emulate the sandy, low nitrogen conditions typical of agricultural settings in north central 

Montana – a hotspot of organic production in the Northern Great Plains (NGP) (Padbury et al., 

2002). The green manure tested was Arvika green pea, a common NGP spring-planted variety, 

and the cash crop tested was Kamut, an organic wheat grown in the NGP (Stallknecht et al., 

1996).  

In order to find seeding rates that would be applicable to rainfed systems in the NGP, 

seeding rates encompassed a range well below and above typical farmer chosen rates and 

included pea rates at 0, 28, 52, and 136 seeds m-2 (0, 42, 78, 204 kg ha-1) and Kamut rates at 100, 

200, 300, and 400 seeds m-2 (80, 160, 240, 320 kg ha-1). We conducted the following analyses 

using plant densities in the replicate boxes rather than seeding rates, as seeding rates in the field 

will vary according to the crop’s thousand kernel weight and germination rate. By reporting in 

densities, those wishing to replicate our findings can find the appropriate rates based on their 

own seed masses and germination rates. The seeds we used had germination levels of 95% and 

92% respectively for pea and Kamut, and thousand kernel weights of 148.4g and 72.5g for pea 

and Kamut respectively; results reported below are in viable seeds m-2. Farmers in north central 

Montana attempt Kamut densities of 170 plants m-2, and in Saskatchewan, which also belongs to 

the NGP and has similar conditions to north central Montana, 210 to 250 plants m-2 are 

recommended (Government of Saskatchewan, 2011).  

Pea plants were grown for approximately eight weeks at optimal light and temperature 

growth conditions (Figure 3.1). The pea plants were terminated at first flowering stage, when 

roughly half the plants were flowering, which is the recommended termination stage to maximize 

nitrogen production and minimize water loss in arid conditions (McCauley et al., 2012). Pea 
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plants were mixed into the soil and allowed to decompose over six weeks; the soil was kept 

moist and occasionally stirred. Kamut seed was then planted into the boxes, at the rates 

mentioned above, across each pea rate to create a full factorial design (4x4). Kamut was grown 

until maturity, which took approximately twelve weeks, then harvested. Soil samples were 

collected four times over the course of the experiment in order to track nitrate gain and loss in 

the soil. Samples of approximately 200g were taken from every box at pea planting, pea 

termination, Kamut planting, and following Kamut harvest. Soil samples were dried at 40 oC for 

24 h, then sent away for analysis. The soil samples were analyzed by a commercial lab (Agvise 

Laboratories, Northwood, ND) to assess for nitrate concentration using a standard colorimetric 

KCl extraction, cadmium reduction method (Gelderman & Beegle, 2015). To non-destructively 

ascertain biomass of pea plants, peas of each non-zero density were grown in three separate 

boxes and assessed for both biomass and plant volume; these data were then used to establish a 

regression relationship between biomass and volume. The total estimated cylindrical volume of 

plants per box was estimated from height and width measurements of each individual plant 

following protocol set out in Bussler et al (1995). 

 

 
Figure 3.1. Pea plants grown at varied densities (0 not shown) from 7, to 13, to 34 plants per box. 
Kamut was factorially varied across the same boxes to assess pea and Kamut seeding rate impact 
on Kamut yield after pea termination and decomposition. 
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Economics  

Economic data, all reported in USD, were collected from various sources to demonstrate 

an economic model of net return based on seeding rates over a ten-year period from 2013-2022 

(Table 3.1 and Figure 3.1). Although organic farm costs are typically more variable than 

conventional farm costs, the organic costs of wheat production were similar enough to Kamut to 

use for economic analyses (USDA ERS - Commodity Costs and Returns, 2022). Certain costs, 

classified by the USDA as operating costs, and here referred to as fixed costs, were removed 

from the fixed cost estimate as none of the farmers providing economic data paid for these; these 

removed costs included rent, irrigation, chemicals (herbicides and pesticides), and fertilizers 

(commercial fertilizer or manure); remaining fixed costs included: custom services, fuel, lube, 

electricity, repairs, straw bailing, interest on operating inputs, labor, capital recovery of 

machinery and equipment, taxes and insurance, and general overhead. While we attempted to 

emulate net returns broadly characteristic of NGP organic farming, the primary goal was to 

compare net returns of various seeding strategies based on greenhouse experimental results. The 

historic price received for Kamut was established based on personal communication with Bob 

Quinn (2022), the original producer and distributer of Kamut as an organic crop in the NGP. 

Since many organic farmers save their own seeds, Kamut seed price was estimated to be the 

same as Kamut price received that year plus a $0.055 kg-1 charge for seed cleaning. Pea seed 

costs were based on USDA data, and since pea green manures are planted the year prior to the 

harvested cash crop, pea costs were based on the year prior to the year Kamut would be 

harvested and sold (USDA ERS - Commodity Costs and Returns, 2022).  

Yield was estimated at various pea and Kamut rates based on the results of the 

greenhouse experiment summarized in equation 1:  



    
 

68 

𝐾𝑌 = 𝐵𝑘! ∗ 𝐾 +	𝐵𝑝! ∗ 𝑃 +	𝐵𝑝" ∗ 𝑃". (1) 

Where KY is Kamut grain yield (kg ha-1), K is Kamut density (plants m-2), P is pea density 

(plants m-2) and Bki and Bpi are fit regression parameters (Table 3.2). We then used this yield to 

estimate net return by subtracting seed and fixed costs (Table 3.1) from the gross income for the 

Kamut crop (equation 2):  

𝑁𝑅#$ = 𝐾𝑌 ∗	𝑃𝑅𝐾#$ − /𝐾 ∗ 𝐾𝐶#$ + 	𝑃 ∗ 𝑃𝐶#$%! + 𝐹𝐶#$2. (2) 

Where NRyr is the calculated net return for the given year of economic variables, PRKyr is price 

received for Kamut (USD kg-1) in the selected year, KCyr is Kamut seed cost (USD kg-1) in the 

current selected year, PCyr is the cost of pea seed (USD kg-1), and FCyr are the year’s fixed costs. 

The weight of pea seed is based on the number of seeds required to produce each plant density 

and thus relates to seeding rate. In order to display net return over time (Figure 3.2), a typical 

yield of 1200 kg ha-1 was used to estimate gross income, (Government of Saskatchewan, 2012), 

and typical seed rates of 75 kg ha-1 of pea, and 100 kg ha-1 of Kamut were used to estimate costs. 

Using the economic data found in Table 3.1 we established optimum plant densities of both pea 

and Kamut for every year from 2013 to 2022; these optima were compared to other seeding rate 

strategies including planting no pea, using farmer selected rates, and using recommended rates 

found in the literature. The use of recent historical data was used to examine our results 

considering recent economic variability, allowing us to calculate the percent of time one method 

outcompeted another over the ten years examined. 

 

 

 



    
 

69 

Table 3.1. Economic values used in modeling including seed prices of pea and Kamut, other 
fixed costs, and price received over ten years. 

Year Pea seed  
cost ($ kg-1) 

Kamut seed  
cost ($ kg-1) 

Fixed costs  
($ ha-1) 

Price received  
($ kg-1) 

2013 0.71 0.79 397.17 0.74 
2014 0.71 0.86 405.71 0.81 
2015 0.72 0.90 399.53 0.85 
2016 0.68 0.72 388.18 0.66 
2017 0.59 1.14 423.65 1.08 
2018 0.65 0.94 431.02 0.88 
2019 0.64 0.75 446.06 0.70 
2020 0.63 0.79 441.46 0.73 
2021 0.63 0.80 459.68 0.75 
2022 0.63 0.82 527.00 0.77 

 

 
Figure 3.2. Organic economics from 2013 – 2022 showing fixed costs, net return, and costs of 
Kamut and pea seed. Net return was simulated based on a typical yield of 1200 kg ha-1 (USDA 
ERS - Commodity Costs and Returns, 2023). 

 
Statistics and simulations 

Data were analyzed with regression analysis in R (R Core Team, 2022). To identify 

highly influential points in the regression, Cook’s distance was calculated; no values in any of 

the models tested had a Cook’s distance greater than 0.5, and no further action was taken to 
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remove outlying points. The first three nitrate sample groups, having met the assumptions of 

homogeneity of variance, were compared with an ANOVA; since data were not normally 

distributed a pairwise Wilcoxon test was used to determine which pairs of groups were 

statistically different (Figure 3.3). Soil samples were taken pre-plant, following pea 

incorporation, at Kamut planting, and finally at Kamut harvest. Post Kamut harvest soil nitrate 

levels were omitted from analysis since levels fell to nearly zero with very little variance and did 

not lend themselves to comparison with the other sample points (mean = 1.6 kg ha-1, sd = 0.9). 

Generalized linear models (GLM) were applied to select parameters for inclusion in the models 

using AIC-selection criteria. Models with the lowest AIC value, based on standardized input 

variables, were chosen from a range of models, from simplest models of intercept only, to 

models with a quadratic response and an interaction term. Input variables were standardized to 

avoid estimation biases. GLMs were used to determine the existence of a relationship between 

pea plant density and the amount of nitrogen fixed (model 1), between pea plant density and pea 

biomass produced (model 2), and between both pea and Kamut plant densities and Kamut yield 

(model 3, Table 3.2). Assumptions of normality and homogeneity of variance were determined 

using Shapiro-Wilk’s test and Bartlett’s test respectively. Relationships between dependent and 

independent values were found to be non-linear, and a quadratic relationship was assessed for 

each. The yield of Kamut as a response to pea seed rate and Kamut seed rate was the final linear 

regression model we analyzed (model 3).   

Four simulated management scenarios were compared to demonstrate how the models 

could be used to identify maximized net return for a farmer in a similar method to Hegedus et al. 

(2023). The net return response to pea and following year Kamut seeding rates regression models 
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(Eqn. 1 & Eqn. 2) were used to simulate net return outcomes given all possible pea and 

following year Kamut seeding rates across a range of possible economic variables experienced in 

previous years. Management scenarios were compared including planting no pea, using farmer 

reported seeding rates for pea and Kamut, or using literature-recommended seeding rates for 

each crop (Cherr et al., 2006; Mooleki et al., 2015); these seeding rates were input into the above 

model to compare economic returns. We then determined the probability using Monte Carlo 

sampling of distributions that one seeding rate combination approach would outperform (produce 

a higher net return) than each of the others from the distributions of model outcomes over the last 

ten years for each management approach, as seen elsewhere (Hegedus et al., 2022; Hegedus & 

Maxwell, 2022). We did not simply use the previous year’s economic data, because we were 

demonstrating a more conservative approach for comparing seeding rate strategies by 

maximizing variation using recent economic variables. The four management scenarios were 

compared under the economic conditions of each of the 10 years of interest (Table 3.3). The 

optimized densities, yield, and net return listed in Table 3.3 show the results from the most 

recent year of analysis, 2022. 

Results 

Soil nitrogen and plant biomass 

 Linear and multiple linear regression models were used to assess the relationships of pea 

biomass, soil nitrogen, Kamut yield and Kamut net return to plant density of pea and Kamut 

(Table 3.2). The primary objective was to determine whether varied pea densities affected the 

following crop’s yield success. The hypothesis was that crop yield would increase due to the 

increased nitrogen that more pea plants provided, and that yield would only be limited by intra-
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plant competition that occurred at higher densities. Therefore, soil samples were taken at 

multiple stages of the experiment to determine the possible process by which soil nitrogen 

availability may have acted as a mechanism of pea seeding rate’s effect on final Kamut yield. 

When the peas were terminated at first flower stage, the presence of root nodules indicated that 

nitrogen was being fixed. When peas were planted the soil had a mean soil nitrate of 9.23 kg ha-1 

(Figure 3.3). When the peas were terminated eight weeks later, soil nitrate levels had declined 

slightly to a mean of 7.30 kg ha-1, indicating that soil nitrogen was possibly taken up by the pea 

plants. Crucially, after the pea biomass was allowed to decompose for six weeks, a significant 

amount of nitrogen was found to have been added to the soil, with the nitrate level having risen 

to 27.91 kg ha-1 following green manure decomposition (p-value = 0.004). Finally, at Kamut 

harvest, soil nitrogen levels fell to 1.57 kg ha-1 as the cereal crop consumed nearly all the plant 

available nitrogen in the soil and converted it into plant biomass and harvestable Kamut seed. 

These results suggested that green manure plants were feeding the soil system with plant 

available nitrogen that benefitted cash crop production. 
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Figure 3.3. Soil nitrogen levels at each experimental point. Soil samples were taken when the 
peas were planted (0 weeks), when the peas were terminated (8 weeks), and when the Kamut was 
planted (14 weeks). Box and whiskers with different letters represent significantly different 
means (Wilcoxon rank sums test, 𝛼 < 0.05).  
 

Though plant biomass is often correlated with plant nitrogen content (Biederbeck et al., 

1996; Unkovich et al., 2008), we did not find evidence of a relationship between pea plant 

density and soil nitrate (p = 0.326 (Figure 3.4). Soil nitrate change (from pea seeding to Kamut 

seeding) was tracked in each individual box to assess the effect of pea seeding rate on soil plant 

available nitrogen. We failed to reject the null hypothesis of no nitrogen rate response (p-value = 

0.326), thus, our hypothesis that nitrogen rates would rise then fall, following an increase in plant 

densities did not hold (Table 3.2, model 1). High variation in the zero rates may have prevented 

realization of this potential relationship (Figure 3.4). The visual appearance of a slight negative 

relationship reveals intra-plant competition at the highest rate, as these rates are well above 

recommended. Furthermore, to assess the effects of pea plant density we also measured pea 

biomass at termination of the pea plants within each replicate box. We found strong evidence to 

reject our null hypothesis that seeding rate had no effect on pea biomass (p-value = 0.001) (Table 

3.2, model 2). As pea plant density increased, pea biomass increased up to an asymptote; 
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interpolating from this relationship, the maximum pea biomass was reached at a density of 102 

plants m-2 (Figure 3.5).  

 
Table 3.2. Results of four regression analyses for biomass nitrate yield and net return in response 
to seeding densities.  

Model 
Variables 

t p 𝜷 F df p R2 Adj. R2 

Model 1: Change in nitrate ~ pea density + pea density2  
Overall    1.23 2, 13 0.32 0.16 0.03 
Intercept 2.48 0.03 17.04      
Pea density 1.35 0.20 0.40      
Pea density2 -1.5 0.16 -0.003      
Model 2: Pea biomass ~ pea density + pea density2  
Overall    15.07 2, 12 < 0.01 0.72 0.67 
Intercept -1.35 < 0.01 -41.75      
Pea density 3.04 0.01 3.2      
Pea density2 -2.48 0.03 -0.01      
Model 3: Kamut yield ~ pea density + pea density2 + Kamut density  
Overall    3.41 3, 12 0.05 0.46 0.33 
Intercept 11.87 < 0.01 803.78      
Pea density 1.74 0.11 3.31      
Pea density2 -1.89 0.08 -0.02      
Kamut density 2.23 0.05 0.52      
Model 4: Kamut net return ~ pea density + pea density2 + Kamut density  
Overall    10.27 3, 12 < 0.01 0.72 0.67 
Intercept -3.7 < 0.01 -87.12      
Pea density 0.57 0.58 0.38      
Pea density2 -1.89 0.08 -0.01      
Kamut density -1.45 0.17 -0.12      
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Figure 3.4. Change in soil nitrate, between pea planting and Kamut planting, as a function of pea 
population density where each point represents the results of one replicate box. No relationship 
was detected (p-value = 0.326). 
 

 
Figure 3.5. Pea biomass in grams per square meter as a function of pea plant density per square 
meter, where each point represents the results of one greenhouse box of varying plant density. 
Curved non-dashed line shows the curved relationship as found in Table 3.2; the upper and lower 
lines represent the 95% confidence interval. 
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Yield and net return 

In the next stage of the experiment, we explored how final Kamut yield would be affected 

by both pea and Kamut plant densities according to multiple linear regression (Table 3.2, model 

3). Yield had a quadratic relationship with pea density, reaching a maximum yield at a pea 

density of 66 plants m-2 (p-value = 0.070) (Figure 3.6a). Yield had a positive relationship with 

Kamut density, and since there was not strong evidence of a quadratic relationship, the optimized 

Kamut seeding rate for maximum yield was the maximum tested plant density of Kamut: 380 

plants m-2 (p-value = 0.101) (Figure 3.6a). This yield model was then used to predict optimum 

rates for net return given a range of recent economic conditions (Equation 2). The pea plant 

density to net return relationship (model 4) is very similar to that found for yield (model 3), 

however the optimum pea density for maximized net return is always below the density for 

maximum yield predicted by the yield curve no matter which year is used for the economic 

conditions (Figure 3.6b). Since net return predictions vary year to year based on the economic 

conditions, the net return figure and model shown above are set to the most recent economic 

year, 2022. Given the cost of Kamut seed, the linear relationship of Kamut to net return is a 

negative relationship (p-value = 0.100). From the net return equation, we predicted the lowest 

tested Kamut plant density (100 plants m-2) needed to maximize net return (Figure 3.6b). 
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(a)               (b) 
Figure 3.6. 3D plot of a) Kamut yield as a function of pea and Kamut density (F = (3, 11) 3.266, 
p-value = 0.0630); b) Kamut net return as a function of pea and Kamut density (F = (3, 11) 
5.822, p-value = 0.0123). Grey planes represent 95% confidence intervals, red points represent 
maximum yield and net return respectively.  
 

Using these models, we compared four different seeding rate management strategies for 

the probability that they would produce higher net returns than the other strategies, given ten 

years of economic variability (Table 3.3). The optimized density of pea for maximized net return 

in the most recent year (2022) was found to be 47 plants m-2, but ranged from as low as 40 plants 

m-2 in the relatively poor economic conditions of year 2016, and as high as 56 plants m-2 in some 

of the stronger economic years: 2017 and 2018. Since the Kamut plant density to yield (and net 

return) relationship is linear, every year has the same predicted economic optimum density of 

100 plants m-2. By definition the maximum net return strategy had a higher net return than the 

other strategies in all ten years tested (Table 3.3). Notably, the zero rate of peas is not predicted 

to be the worst strategy under all economic conditions. The strategy outcompetes the literature 

recommended rates 40% of the time, and the farmer chosen rates 10% of the time; the farmer 

selected rates outperformed the literature selected rates 100% of the time. These trends may be 
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replicable for spatially variable field locations where each specific field space will be 

optimizable for both green manure and cash crop plant densities. This was an important step in 

validating the proof of concept for future field trials with varied pea and cereal crop seeding 

rates.  

 
Table 3.3. Comparison of four seeding rate management strategies for pea (PSR) followed by 
Kamut wheat (KSR) including the probability that the seeding rate strategy will produce a higher 
Kamut grain yield or associated net return than the other strategies given 10 years of historic 
economics generating a range of net returns. 
Seeding Rate  
Strategy 

aPSR  
(plants 
m-2) 

aKSR  
(plants 
m-2) 

aYield  
(kg ha-

1) 

aNet 
Return  
($ ha-1) 

b% 
Better  
than  
no pea 

b % 
Better 
than 
farmer 
selected 

b % Better 
than  
literature 
recommended 

Max net  
Return 

47 100 1010 107.81 100 100 100 

Max net  
return no pea 

0 100 856 67.57 - 10 40 

Farmer  
selected rates 

71 170 1126 84.12 90 - 100 

Literature  
recommended 
rates 

65 230 1137 72.55 60 0 - 

aCalculated using economic variables from 2022. 
bCalculated using all ten years of economic variables (2013-2022). 
 

Discussion 

 Our results confirmed that increasing green manure density improves the following cash 

crop up to a threshold, and quantified the realized benefits in subsequent cash crops’ net return. 

We presented evidence that nitrogen was fixed by pea plants, made available to the following 

Kamut crop, and taken up by the harvested cereal crop (Figure 3.3). We did not find the expected 

quadratic humped relationship between pea seeding rate and nitrate available in the soil as a 

response (Figure 3.4). However, we found that the Kamut crop responded positively to 
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increasing densities of pea and that the optimum pea density for maximized Kamut yield was 66 

pea plants m-2 and was 47 pea plants m-2 for maximized net return (under 2022 economic 

conditions) (Figure 3.6). It should be noted that under field conditions, pea cover crops do not 

just add nitrogen to the soil, they have other attributes such as reducing soil organic matter loss 

that can contribute to increasing cash crop yields (Carr et al., 2020). 

These findings are consistent with McCauley et al. (2012) results from field experiments 

where the optimum seeding rate for maximum nitrogen fixation in pea terminated at bloom stage 

was 65 plants m-2 (92 kg/ha). This was partially a confirmation and partially surprising as we 

might expect higher plant densities to be healthier in the well-watered greenhouse experiment 

than a Montana field experiment. Stress factors, aside from water, triggered by the increased 

plant density may have been reducing overall plant vigor in the greenhouse, including limiting 

the plant’s ability to fix nitrogen due to relative shallowness of the boxes. The highest Kamut 

densities did not limit its production. Optimum Kamut densities for yield reported by the 

experiment (Figure 3.6a) were the maximum tested at 380 plants m-2, about double what the 

typical farmer would plant in north central Montana. This suggests that in the ideal greenhouse 

conditions we used, we could support much higher Kamut plant densities, and yet for the pea 

plants, optimum rates were like those tested in water limited field conditions. 

Other researchers have found varied results of the correlation between biomass and nitrogen 

fixed by green manures. Field experiments have shown that under water stressed conditions, pea 

plants cease uptake of nitrogen from the soil or bacterial symbionts (Izard, 2007). Greater 

biomass does not necessarily mean more nitrogen fixation. Under dry field conditions, plants 

grown longer continued to build biomass but did not add nitrogen (McCauley et al., 2012). In 
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that study more biomass accumulated during the reproductive stage (i.e., flower to pod) though 

under water stress no more nitrogen was accumulated. As noted earlier the peas we grew in the 

greenhouse at high densities may have been stressed in ways other than water stress (i.e., light or 

nutrient competition) that prevented them from fixing more nitrogen even while increasing in 

biomass. It is also possible that the plants did indeed fix more nitrogen but that it was 

outweighed by additional carbon fixation and the carbon to nitrogen ratio thus increased to a rate 

where the following Kamut crop was unable to access the nitrogen bound up in the decomposing 

pea matter. Other researchers have found the carbon to nitrogen ratio to be crucial to nitrogen 

release in greenhouse experiments (Watthier et al., 2020) field experiments (Miller et al., 2011; 

Poffenbarger et al., 2015; Ranells & Wagger, 1996), and in controlled laboratory settings 

(Seneviratne, 2000).  

Our results indicate that even as the overall biomass of the pea plants per box increased 

with increased pea density, we did not see a corresponding increase in nitrogen available in the 

soil (at Kamut planting) (Figure 3.3 and 3.4). While we did not test the nitrogen in the plant 

tissue, it is possible more nitrogen was fixed in the higher pea densities, but the nitrogen was tied 

up in plant matter and therefore not present as nitrate in the soil after the decomposition period. 

Another greenhouse study found that decomposing green manure material provided mineralized 

nitrogen early in the subsequent crop, but fell off towards the end of the cash crop’s growth, 

highlighting a limitation of receiving nitrogen from cover crops alone (Gatsios et al., 2021). 

Because the nitrogen in this case was released relatively quickly, about a month after 

incorporation, it reveals that nitrogen availability from green manures is not necessarily 

synchronized with cash crop growth. Other researchers, working on field sites, have found the 
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timing of this release can be important for the following crop, and that the release can occur 

before or after peak nitrogen demand in the cash crop (Miller et al., 2011; Griffin & Hesterman, 

1991; Shrestha et al., 1999). As has been noted in other field and greenhouse experiments, the 

timing of nitrogen release can be affected by temperature, moisture, soil microbiome, and the 

carbon nitrogen ratio of the decomposing plant material (Cherr et al., 2006). While our 

experimental setting was relatively warm and moist, it is quite possible the soil microbiome was 

less than that seen in field settings, given that we began the experiment with sterilized soil, and 

that the carbon to nitrogen ratio was relatively high in the boxes with greater pea biomass. There 

is evidence from field studies that plants grown in high competition areas will prioritize carbon 

intensive structures such as stem elongation over other areas of growth thus contributing to 

higher carbon to nitrogen ratios (Cobo et al., 2002). A higher carbon to nitrogen ratio could slow 

the decomposition of plant matter in the soil thus tying up the nitrogen in the plant material 

preventing its detection in soil tests and preventing the Kamut plant from taking advantage of the 

nitrogen fixed by the pea plants. This would explain why Kamut yield and net return had 

significant relationships with pea density while the tested nitrate soil levels did not. 

The economic comparison of four management strategies based on the greenhouse 

experimental results were enlightening in several unexpected ways. While the maximized net 

return strategy was likely to produce the highest net return under every economic condition, the 

next closest were the farmer chosen rates, showing these rates are more closely aligned with 

maximizing net returns than the other strategies (Table 3.3). The no pea rate was the third most 

likely strategy to produce the highest net return, suggesting that in years with poor economic 

conditions the cost of pea seed can be prohibitive to generating strong net returns. While our 
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findings suggest this as a viable option, it is unlikely a farmer would choose it since nitrogen 

must be added to the soil over the long term, and our experiment only considers a single two year 

rotation (Watson et al., 2006). We also did not assess other long term positive impacts that cover 

cropping can have including soil erosion minimization, weed suppression, and soil organic 

matter accumulation (Melander et al., 2020; Murrell et al., 2017; P. Smith, 2018; Weiner, 2017). 

Very interestingly, the literature-recommended rates were shown in our simulations to generate 

the highest yields, but only 60% of the time outcompeted the no pea option for net return, and 

never outperformed the other two options for net return. If only maximum yields are sought this 

study indicated farmer net return was reduced. 

These results demonstrate how models, preferably parameterized with field experiments, 

could inform future farmer decision-making based on probabilistic net returns over a range of 

economic conditions. If a farmer had an inclination toward the type of economic conditions they 

were likely to face in the following year, they could use these assessments to plan their ideal 

plant densities of green manure and cash crop. For instance, in a year where net return for a 

harvested crop is predicted to be low, farmers could reduce seeding rates to save input costs. 

Indeed, they may even want to forgo planting peas if the cost of peas becomes prohibitive. While 

foregoing peas may be a logical choice in the short term, most organic farmers would not find 

this an adequate solution where they often have a challenge in acquiring nitrogen in their soil 

(Carr et al., 2020). However, if it is a rare event, it may prove to contribute to sustainability. In 

the water-limited areas of the NGP, this strategy could be considered and the tradeoffs associated 

with applying the appropriate cropping intensity should be carefully examined (Miller et al., 

2018; Nielsen et al., 2005). Aside from reducing pea densities under poor economic conditions, 
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the recommendation from our model under recent economic conditions is 47 pea plants m-2; this 

is also well below other recommendations (McCauley et al., 2012). Literature rates are often 

more closely aligned with specific goals of maximizing nitrogen, yield production, or biomass. 

In this unique analysis we provide optima for the farmer targeting maximum net returns, and 

uncertainty is captured by delivering the comparative result as probabilities of higher net returns. 

This explicit presentation of the uncertainty of results marks a significant advancement in 

delivering decision support to farmers. 

It is worth noting that this assessment is not an all-encompassing view of the challenges 

facing organic farmers. Notably absent from this experiment are weeds or water limitations. 

Given that our recommendation called for reduced densities, the goal of short-term net return and 

water savings could act synergistically. The opposite would be true for an organic farmer 

concerned with using crop plant density as a tool against weeds. If we took weed competition 

into account, crop seeding rates would likely be higher than what we recommended (Lawley & 

Shirtliffe, 2004; Maxwell & O’Donovan, 2007). Thus, while the analysis presented here 

represents a good starting point for field experiments, it offers no final prescription. Instead, the 

main function was to highlight the power of assessing net returns as the goal for farmers and how 

these scenarios may differ from other management desires given the uncertainty in economic 

parameters. Several limitations in this study prevented further clarity on the results. Costs 

prevented testing of nitrogen in pea and Kamut plant tissues, where this could have provided 

more clarity on the relationship of pea plant density and nitrogen added to the system. Also, the 

number of observations were limited by the amount of labor it took to conduct the experiment, 

preventing more replications.  
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Aside from the McCauley et al. (2012) results which ours closely match, other 

researchers have found optimum seeding rates for pea green manures ranging from 65 to 120 

plants m-2 (Baird et al., 2009; Johnston et al., 2002; Lawley & Shirtliffe, 2004; Spies, 2008). 

These differences highlight the variability present in different experiments and highlight the 

likely variabilities in years and over fields which we hope to be able to match with corresponding 

site-specific optimum seeding rates at the within-field scale. Thus, our results confirm previous 

findings but critically build on them by showing the subsequent crop, to the green manure crop, 

benefit from the optimum pea seeding rate. These experiments were carried out using NGP 

organic crops pea and Kamut in organic systems. Moving forward these results provide a starting 

point for field seeding rate trials to provide full field and sub-field optimum rates of these crops 

in relation to real world conditions. We fully expect field conditions to provide a great deal of 

variability based on soil type, topography, and weed conditions; well-designed field experiments 

with varied seeding rates covering these varied spatial conditions should be capable of revealing 

site specific optimum rates of cover and cash crop seed for organic farmers to further optimize 

their agroecosystems (Tanaka et al., 2022; Trevisan et al., 2021). Put into full practice, this 

method of full field experimentation practiced over multiple growing seasons can account for 

temporal variation as well (Cook et al., 2018; Lacoste et al., 2021). In addition, we have provided 

analytical methods to assess economic outcomes of the seeding rate practices under historic 

uncertainty and using that uncertainty to quantify the probability of any one practice being 

superior to another. These results are the first reported example of attempting to optimize green 

manure seeding rates and the following season’s cash crop to maximize net return, and we intend 

to use the information learned here to conduct further studies under field conditions.  
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Conclusions 

Organic agriculture is rapidly expanding in market value as well as acres farmed, and this 

research aims to add to this burgeoning field of agronomic interest (Willer et al., 2019). 

Greenhouse results confirm that varied pea plant densities contribute to the varied levels of 

biomass production and likely fixed variable levels of nitrogen which the following crop was 

able to exploit. Our results have shown that natural variability can be incorporated and built upon 

in farm management strategies. In the presence of precision agriculture tools these experiments 

easily scale to field level trials where they can enable site-specific management within fields. 

This mode of thinking, enabled by precision technologies, practiced with on farm 

experimentation, and conducted by farmers for their own net gain, can allow farmers to work in 

concert with local ecologies and work with variability rather than against it. These results are 

thus hopeful in offering potential optimization strategies that could reduce wasted inputs, 

increase yield, and provide more consistent net returns to organic farmers. Precision technology 

then can allow for holistic and agroecologically managed farms that are healthier for nature, 

farmers, and the broader human population, creating long term resiliency for these 

agroecological spaces and their interconnected surroundings. 
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CHAPTER FOUR 

OPTIMIZING CROP SEEDING RATES ON ORGANIC GRAIN FARMS USING ON FARM 

PRECISION EXPERIMENTATION  

Abstract 

Organic agriculture is often regarded as less damaging to the environment than 

conventional agriculture, though at the expense of lower yields. We suggest that precision 

agriculture may benefit organic production practices given its inherent spatiotemporal variation 

relative to conventional agriculture. We addressed the question of whether on-farm precision 

experimentation can be used as an adaptive management methodology to maximize farmer net 

returns. Inputs of cash crop seed and previous-year green manure cover crop seed were 

experimentally varied on five different farms across the northern great plains from 2019 to 2022. 

Experiments provided data to model the crop yield response, and subsequently net return, to 

input rates plus a suite of other spatially explicit data from satellite sources. New field-specific 

optimum input rates were generated to maximize net return including temporal variation in 

economic variables. Through subsequent simulations we found that all inputs could be spatially 

optimized, that the spatial optimization strategies consistently outcompeted other strategies by 

reducing inputs and increasing yields. By adopting site specific management average increases in 

net return for all fields was $46 ha-1. Future data will be collected to optimize input rates with 

temporal variability in weather. These results showed that precision agriculture and remote 

sensing can be utilized with modeling to provide organic farmers powerful adaptive management 

tools to increase their resilience.   
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Introduction 

 Agricultural intensification calls for higher yields while minimizing ecological harm 

(Cassman & Grassini, 2020; Tilman et al., 2011). Fueled by the Green Revolution, farms have 

become larger, higher yielding and more efficient, but often at the expense of the environment 

(Pellegrini & Fernández, 2018; Pretty, 2018). On larger farms with more fields, less is now 

known about the local variation present across their management domain. This loss of 

knowledge exacerbates input overuse as farmers blanket the land with inputs to reduce variation 

and increase yields. Targeted input rates are typically provided by research sites that may not be 

near the farms where they are applied, and thus lose temporal and spatial relevancy (Rodriguez et 

al., 2019). These problems have led farmers and researchers to explore alternative farming 

methods, loosely assembled under the umbrella term of agroecological intensification, in which 

agricultural yield production is but one of many ecosystem services considered by a productive 

and resilient agroecosystem (Wezel et al. 2009; Wezel et al. 2015). Thus, through the lens of 

agroecology we can start to address some of the shortcomings of conventional agriculture and 

more importantly, effectively engage in accomplishing agricultural resilience and sustainability. 

 Some of the new or alternative farming methods being explored include organic 

agriculture, and precision agriculture, which each provide partial solutions to conventional 

agricultural intensification (Duff et al. 2022). Organic agriculture produces food without the use 

of synthetic chemicals, like chemical pesticides, or factory made nitrogen (Hammermeister, 

2021). The advantages of this approach include less damage done to the surrounding ecosystem, 

better quality products, and greater net returns for the farmer due to premiums paid for organic 

produce (Eyhorn et al., 2019; Gomiero, 2018; Meemken & Qaim, 2018). The main detraction of 
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organic systems is a tendency towards reduced overall crop yield (Seufert et al., 2012b; Seufert 

& Ramankutty, 2017). Precision agriculture, another modern agricultural practice that is not 

necessarily mainstream, was initially conceptualized as farming by soil variation (Robert, 1993). 

It has expanded its scope to enhance agricultural production by increasing efficiencies through 

understanding of patterns in spatial and temporal variation and their interaction present in 

agroecosystems (International Society of Precision Agriculture, 2021). Through the expansion of 

digital technologies precision agriculture has become both more powerful and easier to use. 

There is growing application of precision agriculture to place inputs in optimized quantities 

across farm systems, thereby reducing waste and environmental damage, and increasing farmer’s 

net returns (Hatfield et al., 2020). Precision agriculture holds much promise for increasing 

production and mitigating environmental damage but, beyond yield maps and automated 

steering, the technology has seen only gradual uptake by farmers due to the complexities of its 

application, and the lack of clear economic advantage in its use (Mitchell et al., 2018). While 

agroecological intensification could take advantage of the research being made in organic and 

precision agriculture, and the modes of thinking are less antithetical than often perceived (Duff et 

al. 2022), a system to enable the practices in tandem has been lacking. 

 On Farm Precision Experimentation (OFPE) is a methodology to deploy precision 

agriculture, on-farm experimentation, and data science in any agricultural system to increase 

agronomic input efficiency and net-returns (Hegedus et al., 2023). The method seeks to utilize 

the reams of field data, being produced in ever growing quantities, to gain an understanding of 

field-specific underlying variation to optimize farm input strategies at the sub-field scale. It 

importantly builds upon the established notion of precision agriculture by placing an emphasis 
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on local experimentation to empirically determine optimized input rates that are field specific, 

with the  understanding that every individual field will have not only unique internal spatial 

variation but also its own unique history (Hegedus et al., 2023). In the OFPE method, farmers 

experimentally apply an input across their field, stratified (on previous yield maps typically) 

randomly across their entire field, and collect the yield data of the harvested crop to show 

responses to varied input rates (Hegedus et al. 2022). To augment the equipment data, other free 

data is collected, including from satellite data such as vegetation indexes like Normalized 

Difference Vegetation Index (NDVI) and Chlorophyl Index Red Edge (CIRE), and soil metrics 

such as pH and carbon content, amongst numerous others. By modeling these data, optimized 

prescription maps for the input of experimentation can be generated and used on that field in 

future seasons. In addition, we are building a significant calibration dataset for remote sensing of 

crop responses. Crucially, one year of experimentation is only the first step in the process, and to 

fully understand the temporal variation it is recommended to continue experimenting over 

multiple years, even if experimental units within the field are gradually replaced with optimized 

rates over the seasons. In this way crop prediction models can be updated, and farms can 

continuously learn about the temporal aspect of the crop responses while building ever greater 

optimization into their system to generate higher net returns. The concept of on farm 

experimentation has been around for decades (Cook and Bramley 1998; Maxwell and Luschei 

2005; Ruffo et al. 2006) but has recently garnered greater traction due to improvements in digital 

technology and analysis techniques (Tantalaki et al., 2019; Weersink et al., 2018). OFPE is 

expanding rapidly in conventional agricultural systems but lacks any detailed exploration in 

organic systems (Bullock et al., 2019; Lacoste et al., 2021). OFPE provides an excellent method 
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by which precision agriculture tools can be used to improve organic farm production and 

resilience.  

 Here we present the first, to our knowledge, detailed exploration of precision agriculture 

deployment in organic systems using OFPE. Five separate farms from across the Northern Great 

Plains (NGP), some with multiple fields, were involved in on farm experiments from 2019 to 

2022 for a total of eleven site-years of data. The farms experimented with different inputs 

including annual cash crop seeding rates, as well as non-harvested previous-year nitrogen fixing 

green manure cover crop seeding rates. Seeding rates were thought to offer a unique application 

of OFPE in organic systems by offering both weed competition and optimized nitrogen levels 

through manipulated seeding rates (Loewen et al. 2023 in review; Carr et al. 2020). After 

collecting field-specific data to model each site-year, four different input strategies and their net 

returns were compared. The strategies included the actual experimental rate (AER) (i.e. cost of 

the experiment placed in the field), the simulated returns of the typical farmer chosen rate (FCR) 

defined as the rate the farmer themselves expressed as their chosen rate, the simulated returns of 

a single optimum uniform rate (OUR) for the entire field, and finally the simulated returns of an 

optimum variable rate (OVR) where rates were allowed to vary across the entire field. Each 

optimization strategy attempted to maximize net return, balancing input rates against 

economically optimum yields. To explore temporal variation, we included annual variation in 

input costs and prices received over the last twenty years. Our specific objectives were 1) to use 

OFPE to spatially optimize seeding rate inputs of cash and cover crops on organic farms on a 

field-specific basis. 2) To determine if variable rate strategies were consistently more profitable 

than the optimum uniform rate or the farmer chosen rate. Finally, 3) to quantify the economic 
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costs and benefits of deploying OFPE. We hypothesized that OVR would be more profitable 

than OUR which would in turn be more profitable than FCR. We also hypothesized that there 

would be a cost associated with implementing the experiment, that is that AER would be less 

profitable than FCR. 

Methods 

Study Sites 

 To accomplish our objectives, we sought to collect and compile freely available field 

data, to efficiently and accurately model organic cash crop yield and subsequent net return from 

across farmer collaborator’s fields dedicated to OFPE in the NGP. Details on employing the 

OFPE method, including yield monitor data accumulation and cleaning, were described by 

Hegedus et al. (2023). All farms involved in the study were certified organic for at least several 

years before experimentation began. Farm A was based in south-east Manitoba, and experiments 

were placed on two fields over several years comprising site-years 1-3, and 5-8, as seen in Table 

4.1. On this farm various annual crop seeding rates including spring wheat, hemp, and oats were 

experimentally varied. The nitrogen of all fields on Farm A were sourced from uniformly applied 

chicken manure spread annually in the fall. Farm B was in south-east Montana, and 

experimented on one field in 2021 and was designated site-year 4. As opposed to all other farms, 

which experimented with seeding rate, this farm experimented with blood-meal as an organically 

approved top dress nitrogen source on uniformly seeded winter wheat. Farms C-E were in north-

central Montana and experimented with the effects of annual winter wheat seeding rates as well 

as the nitrogen-fixing green-manure cover crop which proceeded the wheat by one season. 

Tilling in the green-manure crop in mid-summer provided fertility to the subsequent cash crop, a 
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typical practice in organic grain farming (Carr et al., 2020; Miller et al., 2011). Each of these last 

three farms harvested a cereal crop following a pea green manure plow down in 2021 (Table 

4.1). Numerous other experiments were planned over the four years of collaboration but weather 

conditions, including drought, wind damage, and hail storms, prevented their completion. We 

conducted our experiments intentionally in a field-specific manner, having encountered 

significant field spatial and temporal variation differences on conventional farms in the same 

region (Hegedus and Maxwell 2022).  

 

 

Figure 4.1. Farm locations across the Northern Great Plains (NGP) in both Canada and the USA. 
Farm A, in south-east Manitoba, experimented with annual crops across two fields from 2019 – 
2022; Farm B, in south-east Montana, experimented with bloodmeal across one field in 2021; 
Farm C-E, in north-central Montana, experimented on one field each with a two-year rotation of 
a green-manure crop, followed by a cereal cash crop harvested in 2021. 
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Table 4.1. Agronomic conditions across the NGP on five farms (A-E), each with one or two 
fields practicing OFPE for a total of eleven site-years of data. Each unique field and year 
combination was treated individually for crop yield modeling purposes and was given a site-year 
ID. Climate anomaly were calculated from a 30-year average (1991-2021) from Daymet 
(Thornton et al., 2022). 
Site

-
year 
ID 

Year Farm
-

Field 

Crop N Source Hectares State/ 
Province 

Precipitatio
n anomaly 
(+/- mm) 

GDD 
anomaly 
(+/-C) 

1 2020 A-1 Wheat* Manure 32 Manitoba -153.55 +48 
2 2021 A-1 Hemp* Manure 32 Manitoba -111.44 +366 
3 2022 A-1 Oat* Manure 32 Manitoba +151.14 -139 
4 2021 B-1 Winter 

wheat 
Bloodmeal
* 

130 Montana -137.66 +412 

5 2019 A-2 Wheat* Manure 71 Manitoba +133.94 -112 
6 2020 A-2 Hemp* Manure 71 Manitoba -159.06 +52 
7 2021 A-2 Wheat* Manure 71 Manitoba -115.04 +366 
8 2022 A-2 Oat* Manure 71 Manitoba +149.52 -138 
9 2021 C-1 Winter 

wheat* 
Pea GM* 93 Montana -156.93 +278 

10 2021 D-1 Barley* Pea GM* 32 Montana -113.35 +287 
11 2021 E-1 Winter 

wheat* 
Pea GM* 32 Montana -121.66 +274 

*Experimentally varied input; GM = green manure; N = nitrogen; GDD = growing degree days 

Experimental design and data collection 

 Experimental prescriptions were designed by increasing seeding and fertilizer rates above 

and below farmer chosen rates so that a standard experiment included rates at 0.6x, 0.8x, 1.0x, 

1.2x, and 1.4x of the farmer stated normal rate.  Unlike the seeding rate experiments, the 

bloodmeal experiment included a zero rate. Efforts were made to stratify the rates on previous 

yield maps when they existed. Under ideal experimental conditions experimental rates were 

placed in a checkerboard design across the field, however in several instances farmers reverted to 

a simpler strip trial design due to equipment failures of variable rate applicator technology. Strip 
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design is a capable method, though less statistically optimal, and has the advantage of being able 

to be manually deployed by a farmer with little additional effort (Piepho et al., 2011; Pringle, 

McBratney, et al., 2004). These were guidelines and often farmers found themselves changing 

experimental rates on the fly based on field equipment constraints or weather conditions. As 

such, collecting the as-applied maps from the machinery, whether it was a seeder or sprayer, was 

integral to verifying the rates that were deployed. 

Data were collected from farm machinery and satellite sources and aggregated to a 10m x 

10m grid for analysis. As-applied seeding or bloodmeal rates, were collected from farmer’s 

tractor monitors, and yield data were collected from combine mounted yield-monitors. All 

satellite data were collected via Google Earth Engine. Satellite data on plant information 

included NDVI, Normalized Difference Red Edge (NDRE), and CIRE; satellite data on soil 

information included Normalized Difference Water Index (NDWI), soil bulk density, sand 

content, clay content, pH, soil water content, and carbon content; satellite or drone collected lidar 

data on topographic information included slope, elevation, topographic position index (TPI), and 

aspect in eastness and northness following standard GIS practices (Figure 4.2)(Amatulli, 2018). 

Satellite data classified as “this year” were collected from January 1st of the year of harvest to 

March 31st. In that way future models could be updated with current information up to the point 

at which a decision about optimum rates for inputs must be made. To understand as much field 

variation as possible satellite indexes that change over time including NDVI, NDRE, CIRE, and 

NDWI were collected for the prior year, and two years prior to the harvest year. Previous year 

yield data, and previous year variable seeding rate data, were included in the analysis when they 

were available. Latitude and longitude were included in the full model as a standard practice to 
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understand spatial variation not captured in the other terms in the model (Janatian 2017, Walsh 

2017, Wang 2017, Hegedus & taro 2022). To remove border effects, headlands, as measured by 

30 m from the field edge, were removed from analysis (Hegedus et al. (2023). 

All organic farmers face weed challenges, so, variation in weed density was manually 

sampled. Approximately two points per hectare were sampled using a 0.25 m2 ring. To non-

destructively ascertain plant biomass, plant volume was estimated by height and width for the 

crop species and similarly for up to the three most dominant weed species following the method 

of Bussler et al. (1995). Weed data by species was too limited to present full field variation so all 

weed data were compiled to an “all-weeds” biomass variable and kriged across the field (Figure 

4.2-14), using ordinary kriging with R packages gstat and automap (Hiemstra & Skoien, 2023; 

Pebesma & Graeler, 2022). All other variables included in the model are freely available, and in 

the future we expect weed distribution and abundance to be measured with remote sensing 

(Esposito et al., 2021; Mattivi et al., 2021). 
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Figure 4.2. Example maps from site-year three, a 32-hectare field in south-east Manitoba planted 
to oats in 2022. The maps show all possible input variables in the full model, before feature 
selection for that site-year model. Those pictured in green (1-14) represent plant variables, those 
in brown (15-23) represent soil variables, and those in pink (24-28) represent topographic 
variables. Maps one to four are from data collected from farm machinery, the rest of the maps 
show data collected from satellites. Each field map shows data split into management cells of 
24m wide by 120m long. Areas in the north-west and north-east of the field were not seeded due 
to excessive moisture (north is up). Only sand content, due to multi-collinearity, was dropped 
from the model for this site-year (Table 4.2). 

 
Crop Response Models 

 We used a random forest model to predict yield across each field using a wide set of 

variables (Fig. 4.2). Other model types were tested but, as has been found elsewhere, based on 

RMSE random forest models tend to be the most accurate (Hegedus, et al. 2022). Random forest 
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models are well designed to ignore poor model predictors added to the modeling process, 

nevertheless to both speed computation and aid in interpretability of the crop response models 

we pursued a process of feature selection. Before feature selection the full model included all 

variables in Equation 1 (Table 4.2); example maps of those variables are shown in Figure 4.2. 

Multiple variables were dropped from the various models as seen in Table 4.2 to arrive at the 

final models used. Unimportant variables, as determined by the Boruta package in R (Kursa & 

Rudnicki, 2010), were dropped from analysis; variables with a VIF over ten were also dropped 

from the model. Variables were dropped if more than 30% of the data were missing from a field 

due to machine or farmer error with farm data, or incomplete satellite data (Storey et al., 2016; 

Trémas et al., 2015). Following feature selection, hyperparameters of the models were tuned in R 

using the tidymodels and ranger packages(Kuhn et al., 2022; Wright & Ziegler, 2017). Tuning 

involved optimizing mtry (number of variables sampled at each node at each ensemble tree) and 

ntree (total number of ensemble trees) based on lowest RMSE to arrive at best models for each 

site-year (Table 4.2). Models were trained on the data set aggregated to 10m x 10m cells, 

however when building new optimized prescriptions for every field, the new rates were upscaled 

to a 24 m x 120 m grid cell to match field equipment size and constraints. The width is 2x a 

standard 12 m wide seeder, and the length used is the recommended length to get the most 

accurate response from combine mounted yield monitors (Guaci et al. 2022). All data analysis 

was conducted in R, including random forest modeling, and GIS mapping (R Core Team, 2022).  
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Table 4.2. Model selection on the variables used in each of the eleven site-year models, 
beginning with the full model each model was trimmed down through feature selection to reduce 
computation time, reduce multicollinearity, and reduce NAs in the datasets. 
Model Model variables 
Full model (1) yieldy ~ yieldy-1 + seed ratey + seed ratey-1 + NDVIy + NDVIy-1 + NDVIy-

2 + NDREy + NDREy-1 + NDREy-2 + CIREy + CIREy-1 + CIREy-2 + weed 
biomass + NDWIy + NDWIy-1 + NDWIy-2 + soil texture + bulkdensity + 
sand content + pH + soil water content + carbon content + slope + 
elevation + TPI + eastness + northness + latitude + longitude 

 Model variables removed by field: 
Site-year 1 seed ratey-1, CIREy-1, sand content 
Site-year 2 CIREy-1, sand content 
Site-year 3 yieldy-1, sand content 
Site-year 4 yieldy-1, seed ratey-1, longitude, weed biomass 
Site-year 5 yieldy-1, seed ratey-1, sand content, longitude, NDREy-1, X 
Site-year 6 sand content, longitude, NDREy-1 
Site-year 7 sand content, longitude 
Site-year 8 sand content, longitude 
Site-year 9 yieldy-1, longitude, carbon content 
Site-year 10 yieldy-1, latitude, weed biomass, NDREy-1, CIREy, CIREy-1 
Site-year 11 yieldy-1, sand content, latitude, bulkdensity, NDWIy-1, weed biomass, carbon 

content, CIREy, CIREy-1 

 
Economic Optimization 

Economic data were collected from a range of sources encompassing the years 1998-

2022 to estimate net return based on predicted yields (Bertramsen and Dobbs, 2002; USDA, 

2022; Würriehausen et al. 2015; Personal communication: Manitoba Harvest). Data included 

price received for winter wheat, spring wheat, oats, hemp, and barley, the seed costs for each of 

these crops, and their associated fixed costs over the course of those years. From these data we 

established the net return formula found in equation 2.  

 

𝑁𝑅 = 𝑌 ∗ 𝑃𝑅 − (𝐼𝑅! ∗ 𝐼𝐶! +⋯+ 𝐼𝑅& ∗ 𝐼𝐶& + 𝐹𝐶)   Equation (2) 
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Where NR was the net return received by that farmer in a given year; Y was the yield of the 

harvested crop in the given year, PR was the price received for the crop in the given year and FC 

was the fixed costs. When seeding rates or bloodmeal rates were experimented with, they were 

represented with the first input rate (IR1) and input cost (IC1). Not all fields had a second input, 

but when pea seeding rates as green manures were experimented with, x = 2, and the pea seeding 

rate and input cost from the year pea was seeded, were represented with (IR2) and input cost 

(IC2). If bloodmeal was the value varied, seed costs were included in the fixed costs. Price 

received as well as costs of seed were measured in USD kg-1, and fixed costs and net return were 

measured in USD ha-1. Full economic data found in supplemental material (Supplemental Table 

4.1). 

Objective one was accomplished by using the crop response models to find economically 

optimum seeding rates in every cell across the field thereby spatially optimizing inputs. 

Economically optimum seeding rates were generated for each site-year for the year of harvest, 

and also generated for each of the previous twenty years based on historical economic data 

described above. By including this series of possible net return outcomes, we could present an 

estimated range of outcomes based on past economic variability and accomplish objective two 

by stating how often one seeding rate strategy outcompetes another. Finally, we accomplished 

objective three by quantifying the specific average amount ($) by which the optimized (profit 

maximized) rate strategies, OVR and OUR, outcompeted FCR on a field specific basis.   
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Results 

Spatial optimization using field specific models 

Through experimentation and simulation we found that inputs could be spatially 

optimized on all fields. The exception was the bloodmeal application on site-year 4, where the 

OVR and OUR were both zero with negligible crop response across bloodmeal rates. Of the 

eleven site-years tested two are highlighted below to exemplify the two-year rotation of green 

manure seeding rates followed by cash crop seeding rates (Figure 4.3 & 4.4). Spatial variation of 

inputs could be large and obvious, as in OVR for site-year 5 (Figure 4.3), or subtle like the OVR 

strategy in site-year 10 (Figure 4.4). The resultant calculated changes in yields and net return 

using the crop response models appear minor on the generated maps, however the cumulative 

changes in net return were meaningful at the field scale. For example, site-year five was a single 

year rotation in non-drought conditions and demonstrated substantial changes in net return 

between strategies (OVR, OUR and FCR) and between seeding rates (Table 4.3). The AER on 

field site-year 5 had a net return $25.04 ha-1 less than FCR; this was the estimated cost of the 

experiment for this site-year. The FCR for the wheat crop planted in site-year five was 187 kg ha-

1, the OUR was calculated to be 154 kg ha-1. The reduction in seeding rate did not have a large 

effect on yield using the OUR strategy, so primarily offered the farmer savings through reduced 

seed costs. The OVR was also able to reduce seed input overall, thus saving costs.  However, the 

OVR model also found areas on the field where increased plant density offered an economically 

significant yield advantage, thus offering an economic incentive for an optimized prescription for 

variable seeding rates (Fig. 4.3). Calculated net return for OVR increased by $44.22 ha-1 over the 

FCR management on this site-year (Table 4.3). 
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Site-year 10 represented a two-year rotation, which occurred during a drought in 2020 

and 2021 (-113 mm precipitation anomaly, Table 4.1). In this instance the seeding rate changes 

were less obvious than site-year 5, and net return gains from FCR to OUR were $27.92 ha-1 (Fig. 

4.4, Table 4.4). There was very little difference between the OUR and OVR, the net return 

increase to OUR was only $0.25 ha-1; which is likely the response to drought. Despite the low 

crop response to seeding rates in low precipitation years the calculated optima did identify areas 

where seeding rates could increase, thus enabling slightly better chances of increasing net return. 

The specific examples illustrated here demonstrated the specifics of where and how input rates 

could be spatially optimized to provide an advantage to the farmer. 
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Figure 4.3. Visualizations of the seed rates (top row) and resulting yields (middle row) and net-
returns (bottom row) to the four management strategies in site-year 5. This experiment featured 
variable spring wheat seeding in south-east Manitoba from 2021 on a 71-hectare field. The 
management strategies were the actual experimental rate (AER), farmer chosen rate (FCR), 
optimum uniform rate (OUR), and optimum variable rate (OVR). 
 

Table 4.3. Quantified results from site-year 5 indicating rate, yield, and net return of the four 
strategies averaged across all field cells and all economic years. 
 AER FCR OUR OVR 
Avg seed rate (kg ha-1) 187 187 154 174 
Avg yield (t ha-1) 3.01 3.06 3.05 3.16 
Avg net return ($ ha-1) 990.59 1015.63 1023.06 1067.28 
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Figure 4.4. Results from site-year 10, a green manure and barley rotation on a 32 ha piece in 
north-central Montana, pea green manure seed rate (top row), the subsequent barley cash crop 
seed rate (second row), their respective simulated yields (third row), and calculated net returns 
(bottom row), for each of four seeding rate strategies (columns), including the actual 
experimental rate (AER), farmer chosen rate (FCR), optimum uniform rate (OUR), and optimum 
variable rate (OVR). 
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Table 4.4 Quantified results from site-year 10 indicating rate, yield, and net return of the four 
strategies averaged across all field cells and all economic years. 
 AER FCR OUR OVR 
Avg seed rate (kg ha-1) 104 104 67 67 
Avg seed rate (kg ha-1) 83 83 67 67 
Avg yield (t ha-1) 0.57 0.57 0.58 0.58 
Avg net return ($ ha-1) -237.89 -238.93 -211.01 -210.76 

 

 The random forest models to predict subfield cash crop yield used in this study were field 

and year specific. Through model variable selection field-specific models were developed that 

included different variables than the initial full model (Supplemental Table 4.3). The input 

variables, and their importance to crop yield prediction were quite different field to field and year 

to year (Fig. 4.5). This exemplified the variability we saw between the fields examined, and 

emphasized the requirement to estimate optimization and compare strategies using field specific 

models (Hegedus and Maxwell 2022). The variable importance plots were useful in visualizing 

the differences among model years, and were also a starting point for unpacking potential driving 

variables in the models. For example, in site-year 5 seeding rate was a very important driver of 

the model, however in site-year 10 seeding rate is near the bottom of the list. The variable 

importance plots were useful for understanding which variables were driving the sub-field scale 

patterns in crop yield (Fig. 4.5).  
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Figure 4.5. Variable importance plot derived from the random forest model for site-year five and 
site-year ten, where every variable was measured based on the increase in MSE if that variable 
was randomly permuted within the modeling process. The greater the increase in MSE for a 
variable, the more important it was to accurate predictions of crop yield. Each model for each 
site-year had a different variable importance plot and we used this as an example tied to the 
results in Figure 4.3, where we showed the predictions of the model on differing optimization 
strategies. By looking at this plot we could start to predict which factors across the field were the 
most important in predicting yield. The variables were broken down into sub-categories of plant, 
soil, and topographic variables. 
 

Comparison of Management Strategies 

 Input optimization strategies were compared for profitability within fields, and across 

fields by simulating temporal variability in outcomes using the variability in cost of seed and 

different prices received for the cash crop (Fig. 4.6). Simulated site-specific optimum seeding 

rates and subsequent yields were assumed to be constant over time (2002-2022) and based on the 

OFPE we conducted, yields were also compared within fields and across fields (Fig. 4.7). Based 

on these observations it was possible to describe how OVR compared in profitability to OUR, 
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FCR, and AER (Fig. 4.8). Averaged optimum (profit maximized) input rates tended to be lower 

when compared with the FCR strategy (Fig. 4.6); this was particularly evident under drought 

conditions in 2021 (site-years 2, 4, 7, 9, 10, and 11) (Table 4.1: precipitation anomalies). All 

optimum green manure seeding rates were found to be lower than the FCR (Fig. 4.6: 9.1-9.3). In 

a few instances however, input rates increased when optimized, such as in site-year 8, an oat rate 

experiment in above average precipitation conditions (+150 mm precipitation anomaly) in 

Manitoba (Table 4.1). Optimized uniform seeding rates of oats on site-year 8, called for 

increased seeding rates, and the increased oat rates resulted in higher net return by increasing 

yields, which we saw in the corresponding yield figure for site-year 8 (Fig. 4.7). Site-year 8 OUR 

and site-year 2 were the exceptions, and generally optimum seeding rates, either uniform or 

variable, were reduced, relative to the FCR. 
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Figure 4.6. A) The current year input rates of three different management strategies on site-years 
1-11, and B) the previous year input rates for pea green manure for site-years 9-11. Management 
strategies included actual experimental rates (AER), farmer chosen rates (FCR), optimum 
uniform rates (OUR), and optimum variable rates (OVR). All were shown here relative to the 
FCR, which here was 0, and shown as a horizontal black dashed line. Each box represented a 
range of outcomes given our experimental or optimized rates on 20 years of historical economic 
data. 
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Yield was always highest under the OVR management strategy (Fig. 4.7) regardless of 

whether input rates were higher or lower (Fig. 4.6). Yields were typically shown to increase 

when moving from the FCR to the OUR to the OVR strategy (Fig. 4.6). Though in some 

instances yield gains were negligible, such as in site-year 5 where moving from FCR to OUR 

showed no improvement in yield. In this instance, only reductions in seeding rate allowed the net 

return to increase. In some cases the OUR strategy had reduced crop yield and net return relative 

to the FCR strategy;. For example, in site-year 6, a hemp experiment in Manitoba, which had a 

relatively high cost for hemp seed (Supplemental Table 4.1). Under the AER conditions yields 

were usually lower than FCR, though not always. Occasionally, due to random chance, AER was 

shown to produce more yield than FCR such as site-years two and ten. Optimization was set to 

maximize net return which often resulted in either reduced inputs, or increased yields, and 

typically both occurred.  

In net return, OVR tended to outcompete OUR, which tended to outcompete FCR, which 

tended to outcompete AER as hypothesized (Fig. 4.8). The dollar spread between OUR and OVR 

was less when wheat was the cash crop (site-years 1, 4, 5, 7, 9, 11) than the other cash crops 

tested. The spread between OUR and OVR was less under drought conditions (Table 4.1 & 

Figure 4.7); drought conditions included site-years 2, 4, 7, 9, 10, and 11. Despite very different 

moisture conditions, the hemp crops (site-years 2 and 6) showed large gaps between 

management strategies, highlighting the potential of this crop for variable rate management. 
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Figure 4.7. The cash crop yields for three different management strategies. Management 
strategies included actual experimental rates (AER), farmer chosen rates (FCR), optimum 
uniform rates (OUR), and optimum variable rates (OVR). All were shown here relative to the 
FCR strategy, which here was set to 0, and shown as a horizontal black dashed line. Each box 
represented a range of outcomes given our experimental or optimized rates over 20 years of 
historical economic variables. 
 

Quantification of net return differences 

 Net returns were always shown to improve relative to FCR when inputs were optimized 

under either the OVR or OUR strategy.  We compared each strategy against a baseline of the 

FCR to clarify the net return results and make them more telling to farmers (Fig. 4.8). The results 

demonstrated and quantified what improvement could be gained in adopting the profit 

maximizing strategy, and if the gain in profit represented enough economic advantage to offset 

the costs and time required to employ OFPE. Depending on the site-year, average improvements 
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(across all 20 years of economic variation) were as low as $5.28 ha-1 in site-year 8 under OUR 

management (an oat experiment in Manitoba), to as high as $85.58 ha-1, in site-year 6 under 

OVR management (a hemp experiment in Manitoba) (Fig. 4.8, Supplemental Table 4.2). While 

results were field specific, the average increase across all site years when adopting OVR 

management, over FCR, was $45.82 ha-1. Implementing OFPE usually cost the farmer on 

average across all site-years $5.91 ha-1. In site-years 2 and 10 the farmer actually made money 

from running the experiment(Supplemental Table 4.2). 

 

 
Figure 4.8. The average net returns for four different management strategies including actual 
experimental rates (AER), farmer chosen rates (FCR), optimum uniform rates (OUR), and 
optimum variable rates (OVR). All were shown relative to the FCR strategy, which here was set 
at $0.00, and shown as a horizontal black dashed line. Each box represented a range of outcomes 
given our experimental or optimized rates on 20 years of historical economic data. 
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Discussion 

 Precision agriculture is underused in organic agriculture despite its strong potential to 

inform and refine crop management (Maxwell & Luschei, 2005a; McFadden et al., 2022; 

Schimmelpfennig & Lowenberg-DeBoer, 2020). Organic farmers do not have the advantage of 

variation suppressing chemicals in their toolbox, and this disadvantage leads to lower yields than 

conventional agriculture. Yet awareness of spatial variation in organic agroecosystems will allow 

precision agriculture technology and resultant data to uniquely benefit organic farms by helping 

to manage heterogeneity. While conventional farmers have seen relatively small gains in variable 

rate technology (Bullock et al., 2020; Lawrence et al., 2015; Pedersen & Lind, 2017), we find 

here substantial possibilities for increased net returns for organic farmers using PA. In 

conventional systems optimized input rates, such as soybean seed or nitrogen fertilizer, have 

been inconsistent, showing both increases and decreases of input rates when optimized 

(Hegedus, Ewing, et al., 2022; Rothrock et al., 2022). In our study optimized variable rate 

treatments (OVR) provided the greatest increase in net return over the optimized uniform (OUR) 

strategy, but both were more profitable than the farmer chosen rates. These results largely 

confirm our hypothesis and findings from conventional systems (Bullock et al., 2020; Hegedus 

& Maxwell, 2022), that the OFPE method is applicable in organic systems. Average increases 

across our study sites found an average increase across all tested fields and all tested years of 

$45.82 ha-1. Despite low adoption rates, organic farmers may benefit the most from precision 

agriculture. 

Organic agriculture is predicated on the farm manager understanding the complex 

bioeconomic interactions in the agroecosystem. To gain agroecosystem understanding farmers 
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rely on generational knowledge and personal experience about their land to make informed 

decisions. OFPE is the basis for bringing objectivity (science) into the decision process 

associated with applying inputs in these complex agroecosystems. The OFPE method encourages 

learning, and is not solely a decision making device (Bramley et al., 2022; Cook et al., 2018; 

Toffolini & Jeuffroy, 2022). To highlight the importance of the farmer we presented results that 

include the value of outcomes using, or not, using the OFPE approach, and how often one 

approach outperforms another. Additionally, we calculate the increased gain or loss in net return 

using the OFPE approach over the standard approach the farmer had arrived at on their own. 

Given all this information the farmer can decide whether to utilize the newly designed precision 

agriculture approach or not. There is considerable skepticism in the farm community regarding 

black box modeling and prescriptive software (Altieri & Nicholls, 2020; Daum, 2021). We 

therefore envisage future decision support tools which delineate possible outcome strategies, 

given known economic and climatic variability, in response to different input management 

strategies. A decision support tool which encouraged experimentation and attempted to augment 

farmer knowledge, rather than replace the farmer with an automated prescription, will be more 

successful in helping to create more sustainable organic farms (Prost et al., 2023). Ideally these 

tools would leave the management decisions up to the farmer but provide extra data and support 

that a farmer could use to improve decision making. The OFPE method encourages learning, not 

decision making in and of itself.  

The primary drawback of this study and analysis was a lack of consistently repeated 

experiments over time. While organic farming has been found to have greater yield stability over 

time than conventional (Schrama et al., 2018), we nevertheless expect more data collection over 
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time to improve the applicability of these models (Hegedus, Maxwell, et al., 2022). The models 

developed are time and site specific, though designed with enough flexibility to be updated to 

future conditions based on future remotely sensed variables (Hegedus et al., 2023). In this 

manner updated models ought to be able to make predictions based on real-time up to date field 

conditions, an important consideration in light of climate change (Lawrence et al., 2018). 

Nevertheless, the models are only trained on one season of climate data each and therefore in the 

future we expect to find greater variation in their outputs as they adjust to changing weather 

years. The point is exemplified in this study from fields experimented on during drought. Under 

drought conditions the lowest input rates were selected by the model as optimum, yet this was 

under anomalous conditions, and it would be expected to see higher rates as optima in wetter 

conditions. We could only effectively address temporal variability in this study by incorporating 

economic changes from year-to-year, and that alone was instructive to a decision maker, but 

climate data will add crucial information moving forward. Key to future research will be 

reproduction of these rainfed field-specific experiments to engage with temporal variability in 

yield in response to variable precipitation over years. 

Another component of future work will be examining weeds in greater detail. Weeds are 

an important factor in organic production, and integrated weed management is becoming ever 

more important in conventional agriculture as well due to the negative effects of chemicals on 

the environment, and the rise of herbicide resistant weeds (Heap & Duke, 2018; MacLaren et al., 

2020b; Monteiro & Santos, 2022). In this study weeds were treated as a prediction variable in the 

models but were not the focus of analysis. We maintained a focus of seeding rate’s impact 

directly on net return, however we recognize that organic farmers make other choices when 
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conducting their operations that may favor long-term management of soil and weed seed banks 

and treat these with greater importance than short term net return. Indeed, we often found that 

reducing seeding rates led to higher net returns, but an organic farmer may in fact wish to 

maintain higher seeding rates than necessary across their fields to increase competition with 

weeds and reduction of weed seed production that can increase future weed densities  (Merfield, 

2019). Future projects could therefore examine weed abundance as a response variable as well as 

crop yield to minimize the tradeoff between reduced crop yield and long-term benefit of reduced 

weed seed production. 

Conclusion 

By experimenting with varied input rates across individual organic fields, optimized rates 

different than the FCR were found to maximize net return. The OFPE approach resulted in 

increased economic returns for organic farmers. In addition, our study demonstrated how farmers 

can decide if precision agriculture technology is a good investment for them and is useful for 

researchers to form the basis for development and deployment of new decision support tools 

designed specifically for organic farmers. The primary limitation in this study was a lack of 

repetition over time, but future work will repeat experiments and generate understanding of 

temporal variability. By optimizing organic agricultural inputs with precision agriculture tools 

we are enabling decision making that responds to field-specific spatial and temporal variability. 

Where uncertainty in economics and climate are becoming increasingly intense, an adaptive 

management tool like OFPE can provide up-to-date information that can empower organic 

farmers managing large scale farms to continue high levels of quality production under uncertain 
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conditions. Agroecological practitioners can harness the power of precision agricultural tools to 

lead the way in both sustainable and high-tech farming. 
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Appendix A 

Supplemental Table 4.1. Economic variables for each crop over time. 

Year Crop Seed Price (kg ha-1) 
Fixed Costs ($ ha-
1) 

Price Received ($ 
kg-1) 

2022 Spring Wheat 0.35 527.00 0.56 

2021 Spring Wheat 0.35 459.68 0.42 
2020 Spring Wheat 0.35 441.46 0.43 

2019 Spring Wheat 0.36 446.06 0.46 

2018 Spring Wheat 0.37 431.02 0.59 

2017 Spring Wheat 0.33 423.65 0.59 

2016 Spring Wheat 0.38 388.18 0.60 
2015 Spring Wheat 0.41 399.53 0.64 

2014 Spring Wheat 0.40 405.71 0.50 

2013 Spring Wheat 0.40 397.17 0.39 

2012 Spring Wheat 0.38 386.40 0.35 

2011 Spring Wheat 0.33 366.84 0.58 
2010 Spring Wheat 0.28 335.81 0.46 

2009 Spring Wheat 0.34 336.67 0.47 

2008 Spring Wheat 0.40 325.41 0.75 

2007 Spring Wheat 0.25 285.97 0.54 

2006 Spring Wheat 0.21 268.25 0.34 
2005 Spring Wheat 0.21 258.53 0.30 

2004 Spring Wheat 0.20 236.56 0.34 

2003 Spring Wheat 0.19 238.46 0.34 

2002 Spring Wheat 0.15 218.32 0.31 

2001 Spring Wheat 0.16 228.80 0.30 
2000 Spring Wheat 0.15 221.08 0.29 

1999 Spring Wheat 0.16 206.32 0.33 

1998 Spring Wheat 0.19 199.49 0.31 

2022 Barley 0.59 604.54 0.59 
2021 Barley 0.46 431.95 0.45 

2020 Barley 0.46 410.20 0.46 

2019 Barley 0.47 415.53 0.49 

2018 Barley 0.55 436.57 0.63 

2017 Barley 0.56 428.94 0.62 
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2016 Barley 0.56 427.16 0.64 

2015 Barley 0.58 438.38 0.68 
2014 Barley 0.53 448.99 0.53 

2013 Barley 0.53 440.04 0.42 

2012 Barley 0.50 429.73 0.37 

2011 Barley 0.39 409.98 0.62 

2010 Barley 0.31 404.14 0.49 
2009 Barley 0.36 404.08 0.50 

2008 Barley 0.37 394.36 0.80 

2007 Barley 0.26 343.75 0.57 

2006 Barley 0.24 315.21 0.36 
2005 Barley 0.24 301.99 0.32 

2004 Barley 0.24 275.81 0.36 

2003 Barley 0.25 267.07 0.36 

2002 Barley 0.24 143.71 0.33 

2001 Barley 0.25 154.34 0.32 
2000 Barley 0.24 143.39 0.31 

1999 Barley 0.24 138.20 0.35 

1998 Barley 0.26 136.60 0.33 

2022 Oat 0.83 663.60 0.48 

2021 Oat 0.58 519.24 0.36 
2020 Oat 0.58 496.76 0.37 

2019 Oat 0.59 502.11 0.39 

2018 Oat 0.60 485.10 0.50 

2017 Oat 0.61 475.84 0.50 

2016 Oat 0.62 473.16 0.51 
2015 Oat 0.63 487.46 0.55 

2014 Oat 0.55 393.45 0.42 

2013 Oat 0.54 383.83 0.34 

2012 Oat 0.52 370.82 0.30 

2011 Oat 0.43 350.63 0.49 
2010 Oat 0.40 320.61 0.39 

2009 Oat 0.42 315.91 0.40 

2008 Oat 0.42 308.69 0.64 

2007 Oat 0.35 279.64 0.46 
2006 Oat 0.30 261.35 0.29 

2005 Oat 0.28 250.23 0.26 
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2004 Oat 0.41 104.70 0.29 

2003 Oat 0.42 98.42 0.29 
2002 Oat 0.34 94.89 0.26 

2001 Oat 0.34 102.14 0.26 

2000 Oat 0.33 96.48 0.25 

1999 Oat 0.34 90.22 0.28 

1998 Oat 0.36 92.23 0.27 
2022 Winter Wheat 0.34 455.94 0.39 

2021 Winter Wheat 0.34 397.70 0.29 

2020 Winter Wheat 0.34 381.94 0.30 

2019 Winter Wheat 0.35 385.92 0.32 
2018 Winter Wheat 0.35 372.91 0.41 

2017 Winter Wheat 0.32 366.53 0.41 

2016 Winter Wheat 0.37 335.84 0.42 

2015 Winter Wheat 0.39 345.66 0.45 

2014 Winter Wheat 0.38 351.00 0.35 
2013 Winter Wheat 0.38 343.62 0.27 

2012 Winter Wheat 0.37 334.30 0.25 

2011 Winter Wheat 0.32 317.38 0.40 

2010 Winter Wheat 0.27 290.53 0.32 

2009 Winter Wheat 0.33 291.28 0.33 
2008 Winter Wheat 0.38 281.53 0.52 

2007 Winter Wheat 0.24 247.41 0.37 

2006 Winter Wheat 0.21 232.08 0.23 

2005 Winter Wheat 0.20 223.67 0.21 

2004 Winter Wheat 0.19 204.67 0.24 
2003 Winter Wheat 0.19 206.31 0.24 

2002 Winter Wheat 0.15 188.88 0.21 

2001 Winter Wheat 0.15 197.95 0.21 

2000 Winter Wheat 0.15 191.27 0.20 

1999 Winter Wheat 0.15 178.50 0.23 
1998 Winter Wheat 0.18 172.59 0.22 

2022 Pea 0.63 498.12 NA 

2021 Pea 0.63 434.49 NA 

2020 Pea 0.63 417.27 NA 
2019 Pea 0.64 421.62 NA 

2018 Pea 0.65 407.40 NA 
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2017 Pea 0.59 400.44 NA 

2016 Pea 0.68 366.91 NA 
2015 Pea 0.72 377.63 NA 

2014 Pea 0.71 383.47 NA 

2013 Pea 0.71 375.40 NA 

2012 Pea 0.68 365.23 NA 

2011 Pea 0.58 346.74 NA 
2010 Pea 0.49 317.41 NA 

2009 Pea 0.61 318.22 NA 

2008 Pea 0.71 307.57 NA 

2007 Pea 0.45 270.30 NA 
2006 Pea 0.38 253.55 NA 

2005 Pea 0.37 244.36 NA 

2004 Pea 0.35 223.60 NA 

2003 Pea 0.34 225.39 NA 

2002 Pea 0.28 206.36 NA 
2001 Pea 0.28 216.26 NA 

2000 Pea 0.27 208.96 NA 

1999 Pea 0.28 195.02 NA 

1998 Pea 0.33 188.56 NA 

2022 Winter Wheat Bloodmeal* 0.47 484.42 0.39 
2021 Winter Wheat Bloodmeal* 0.45 426.23 0.29 

2020 Winter Wheat Bloodmeal* 0.44 410.60 0.30 

2019 Winter Wheat Bloodmeal* 0.43 415.05 0.32 

2018 Winter Wheat Bloodmeal* 0.42 402.51 0.41 

2017 Winter Wheat Bloodmeal* 0.41 393.42 0.41 
2016 Winter Wheat Bloodmeal* 0.39 366.71 0.42 

2015 Winter Wheat Bloodmeal* 0.38 378.53 0.45 

2014 Winter Wheat Bloodmeal* 0.37 383.10 0.35 

2013 Winter Wheat Bloodmeal* 0.36 375.95 0.27 

2012 Winter Wheat Bloodmeal* 0.34 365.45 0.25 
2011 Winter Wheat Bloodmeal* 0.33 343.97 0.40 

2010 Winter Wheat Bloodmeal* 0.32 313.03 0.32 

2009 Winter Wheat Bloodmeal* 0.31 319.16 0.33 

2008 Winter Wheat Bloodmeal* 0.30 313.63 0.52 
2007 Winter Wheat Bloodmeal* 0.28 267.67 0.37 

2006 Winter Wheat Bloodmeal* 0.27 249.35 0.23 



    
 

132 

2005 Winter Wheat Bloodmeal* 0.26 240.46 0.21 

2004 Winter Wheat Bloodmeal* 0.25 220.65 0.24 
2003 Winter Wheat Bloodmeal* 0.24 221.95 0.24 

2002 Winter Wheat Bloodmeal* 0.22 201.43 0.21 

2001 Winter Wheat Bloodmeal* 0.21 210.52 0.21 

2000 Winter Wheat Bloodmeal* 0.20 203.54 0.20 

1999 Winter Wheat Bloodmeal* 0.19 191.11 0.23 
1998 Winter Wheat Bloodmeal* 0.18 187.74 0.22 

2022 Hemp 3.28 534.67 3.59 

2021 Hemp 3.25 466.37 2.59 

2020 Hemp 3.21 447.89 2.55 
2019 Hemp 2.99 452.56 2.52 

2018 Hemp 3.18 437.30 2.44 

2017 Hemp 3.72 429.82 3.04 

2016 Hemp 3.51 393.83 2.87 

2015 Hemp 3.99 405.35 2.67 
2014 Hemp 4.66 411.61 2.99 

2013 Hemp 5.00 402.95 2.57 

2012 Hemp 5.00 402.95 2.57 

2011 Hemp 4.92 360.82 1.92 

2010 Hemp 5.11 348.91 1.90 
2009 Hemp 5.30 337.00 1.88 

2008 Hemp 5.49 325.09 1.87 

2007 Hemp 5.68 313.18 1.85 

2006 Hemp 5.87 301.27 1.83 

2005 Hemp 6.06 289.36 1.81 
2004 Hemp 6.25 277.45 1.79 

2003 Hemp 6.44 265.54 1.77 

2002 Hemp 6.63 253.63 1.76 

2001 Hemp 6.82 241.72 1.74 

2000 Hemp 7.01 229.81 1.72 
1999 Hemp 7.20 217.90 1.70 

1998 Hemp 7.39 205.99 1.68 

 *Shows cost of bloodmeal rather than seed 
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Supplemental Table 4.2. Predicted net returns from four management strategies including actual 
experimental rate (AER), farmer chosen rate (FCR), optimum uniform rate (OUR), and optimum 
variable rate (OVR), each shown here for the economic data from the harvest year of that crop. 
Also shown are the average yields and average seeding rates across each site-year in each 
management strategy. 

Site-year Management 
Predicted 
Yield 

Predicted 
Net Return 

Seed Rate 
Previous 
Year 

Seed Rate 
Current Year 

1 AER 3.48355 1208.2736 NA 236.5099 
1 FCR 3.497 1213.88285 NA 236.5099 
1 OUR 3.51045 1248.27731 NA 144.5961 
1 OVR 3.55449875 1258.08453 NA 173.027729 
2 AER 0.598525 622.761987 NA 30.15221 
2 FCR 0.5918 618.168562 NA 30.15221 
2 OUR 0.611975 639.620613 NA 34.7479 
2 OVR 0.62845125 685.355907 NA 30.477271 
3 AER 5.7835 832.585269 NA 115.34061 
3 FCR 5.857475 848.858131 NA 115.34061 
3 OUR 5.85075 854.757785 NA 103.34698 
3 OVR 5.96742875 877.516065 NA 107.757722 
4 AER 1.082725 -21.570687 NA 28.24668 
4 FCR 1.08945 -21.024469 NA 28.24668 
4 OUR 1.08945 24.982699 NA 0 
4 OVR 1.08945 24.9925853 NA 0 
5 AER 3.006075 990.590707 NA 187.41448 
5 FCR 3.059875 1015.63025 NA 187.41448 
5 OUR 3.05315 1023.05981 NA 153.5633 
5 OVR 3.1627675 1067.27879 NA 174.29995 
6 AER 0.948225 1257.48764 NA 38.1106 
6 FCR 0.95495 1263.78028 NA 38.1106 
6 OUR 0.942845 1317.03658 NA 23.76308 
6 OVR 0.98689375 1374.67746 NA 27.831947 
7 AER 3.0935 1048.14385 NA 182.48252 
7 FCR 3.10695 1055.43623 NA 182.48252 
7 OUR 3.127125 1086.58304 NA 108.7273 
7 OVR 3.14158375 1090.27187 NA 116.837012 
8 AER 5.93145 860.975037 NA 124.08363 
8 FCR 5.9718 870.186604 NA 124.08363 
8 OUR 6.018875 876.277805 NA 133.3871 
8 OVR 6.12244 906.303757 NA 119.471127 
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9 AER 3.48355 748.210578 114.10762 79.47181 
9 FCR 3.48355 749.971577 114.10762 79.47181 
9 OUR 3.48355 774.981463 78.463 54.9241 
9 OVR 3.49800875 777.724913 78.463 54.9241 

10 AER 0.57835 -237.89298 104.13161 83.28287 
10 FCR 0.571625 -238.93969 104.13161 83.28287 
10 OUR 0.57835 -211.01705 67.254 67.254 
10 OVR 0.5790225 -210.75877 67.254 67.254 
11 AER 1.81575 187.238013 143.13893 78.57509 
11 FCR 1.8292 193.012852 143.13893 78.57509 
11 OUR 1.84265 218.234058 102.78653 79.5839 
11 OVR 1.8561 221.583045 102.78653 79.5839 
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Supplemental Figure 4.1. Variable importance plots for all eleven site-year models. 
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CHAPTER FIVE 

ORGANIC WEED MANAGEMENT USING PRECISION SEEDING RATES 

Abstract 

Integrated weed management is integral to organic farming, with increased crop seeding 

rates as one effective weed suppression tactic. Precision agriculture, uses guidance and sensor 

technologies to direct site-specific management, could allow for targeted weed management 

using variable seeding rates. On farm precision experimentation (OFPE) can be used to predict 

sub-field weed biomass response to a range of varied seed rates across whole fields. We used 

OFPE to compare five simulated precision seeding strategies based on maximizing net returns, 

minimizing weed biomass, and compared them to farmer-chosen rates. Five site-years of OFPE 

data were collected from organic farms in Manitoba, Canada and Montana, USA. Seeding rate, 

weed biomass, crop yield, topographic variables and other remotely sensed data were collected 

on a 10 m superimposed grid for each field to model site-specific and full-field uniform seeding 

rates for each field. Site-specific variable seeding rate net returns improved farmer chosen 

uniform seeding rate net returns on average by $115 ha-1. When variable seeding rates were set 

to minimize weed biomass, weeds were reduced on average by nearly 10 kg ha-1 compared to the 

farmer chosen uniform seed rates. An optimized site-specific seeding strategy to balance net 

return and weed minimization improved net return and weed suppression compared to farmer-

chosen seeding rates in every site-year. We present these results as a list of options for farmers to 

consider as result of OFPE implementation to increase their field-scale ecological knowledge and 

of sub-field specific, optimized planting rates. 
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Introduction 

Organic agriculture is expanding in acreage across the world to meet rising consumer 

demand and achieve environmental conservation goals (Eyhorn et al., 2019). Organic 

management practices forgo the use of synthetic chemical inputs, and instead rely on knowledge 

of biological interactions to manage complex agroecosystems (Hammermeister, 2020). One of 

the most important yet contentious interactions in organic systems is weed and crop plant 

interactions, as weeds are often cited as the primary reason for lower organic crop yields 

compared to conventional high input agroecosystems (Benaragama et al., 2016). Therefore, 

studying crop-weed interactions, and how to best manage them without herbicide inputs, is of 

prime research importance to improve organic production. Precision agriculture represents a new 

set of technologically advanced tools that are under-utilized in organic systems (Duff et al., 

2021). We envision precision agriculture technology as a tool to collect and analyze novel data 

sets to improve understanding of variability within organic crop systems, thereby improving 

management by working with the variability. While technology advances have often been 

shunned by organic farmers, there are potential benefits to employing the precision agriculture 

technology in organic systems, particularly to assess and manage weed populations. 

 Organic farmers rely on integrated weed management (IWM) to reduce weed pressures 

and produce crops. IWM began as a concept to help conventional farmers reduce their reliance 

on chemical herbicides, and relies on two fundamental principles: understanding the underlying 

agroecological system, and deploying multiple tactics to manage weeds (Liebman et al., 1997). 

IWM is not a one-size fits all approach, and rather seeks understanding of local ecosystem 

function in order to reduce weed growth and reproduction where necessary (Buhler et al., 2000). 
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Through this knowledge a farmer can sustainably manage weeds with a variety of resources 

including well-timed mechanical operations, increased cropping diversity, cover cropping, and 

increased seeding rates (Lemerle, 2004). In these ways, the farmer can also learn where and 

when weed management is ineffective, unnecessary, or even counter to their primary goal of 

crop production (Maxwell, 2017). Weeds have been shown to reduce worldwide crop production 

by 34% (Oerke, 2006), but the effect of weeds on crops is highly variable on a site-by-site basis, 

as it is influenced by many genetic, environment and management effects (MacLaren et al., 

2020). Thus, a core tenet of IWM is knowledge of these interactions to improve management. 

One way to improve this process is to automate precision agricultural data collection and 

analysis so that farmers can utilize readily available data sources to augment their knowledge of 

local ecosystems and plan their IWM strategies accordingly (Korres et al., 2019; van Evert et al., 

2017).  

 Over the last several decades the field of precision agriculture has seen vast increases in 

technology, accuracy, and data collection (Weersink et al., 2018). Yet farmers are reticent to 

fully adopt the technology. Yield maps and autosteer have been widely adopted by Western 

farmers (McFadden et al., 2022), but the revolutionary aspects of precision agriculture, notably 

variable rate application (Robert, 1993), have seen only mild implementation. The primary 

failure has been a lack of effective decision support tools that work in local environments 

(Hegedus et al., 2023). General input recommendations are typically provided by agronomic 

research stations that may be over a hundred miles from the fields where they are to be applied 

(Rodriguez et al., 2019). One solution to this issue is a process known as On Farm Precision 

Experimentation (OFPE), where experiments are conducted in the very fields where inputs are to 
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be applied, using multiple years of experiments to improve site-specific recommendations 

(Hegedus et al., 2023). Formal on farm experimentation has been around for decades (Cook & 

Bramley, 1998; Ruffo et al., 2006) but broader uptake of the practice is recently gaining traction 

due to more affordable and user-friendly technology (Lacoste et al., 2021). Precision agriculture 

equipment, now owned and under-utilized by many farmers, allows for experimental prescription 

rates to be deployed, and harvest data collected with very little additional effort by the farmer. 

Thus, a farmer can experiment on their fields, understanding that every field has its own unique 

history, and develop field-specific input rates for specific goals such as maximum net return or 

minimizing weed pressure.  

 IWM can use the OFPE method to develop greater ecosystem understanding of site-

specific biological relationships present in organic agriculture. Through OFPE a farmer can 

develop IWM in a site-specific nature leading to precision weed management (PWM) (Maxwell 

& Luschei, 2005; Pollnac et al., 2008; Somerville et al., 2020). Weeds are heterogenous across 

fields and respond to soil variation and topographic variation similar to crops, lending 

themselves to the potential of site-specific management (Gerhards et al., 2022). PWM is often 

thought of as a method to spray herbicides only where weeds are detected to reduce ecosystem 

contamination and slow herbicide resistance (Partel et al., 2019). More broadly it is any method 

of weed management that functions in a site-specific manner, for example through mechanical 

weed control like precision guided inter-row cultivation, or patch-mowing perennial weeds. 

Organic agriculture tends to use increased seeding rates of cover crop and cash crops as a method 

of IWM. It is often true, and generally assumed by organic farmers, that increased seeding rates 

will suppress weeds (Cherr et al., 2006; Lemerle et al., 2004). However, organic weeds respond 
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to seeding densities in a site-specific manner (Weiner, 2023), and it is our aim to provide a 

method to farmers to explore and understand the spatial and temporal relationships between 

weeds and their environment using OFPE.  

We compared several seeding rate optimization strategies based on managing for 

maximized net return or managing for minimized weed biomass. Our hypothesis is that spatial 

variability can be found across each field, tested such that seeding rates can have an impact on 

weeds and net return, and that certain strategies will result in multiple optima, depending on a 

farmer’s preferred management strategy. Our objectives are 1) to develop variable seeding rate 

prescriptions for every site-year using a variety of hypothetical strategies, 2) to quantify and 

compare each strategy in terms of weed biomass, and 3) net return (as an economic function of 

crop yield) to determine how often one strategy might outcompete another given historic 

economic variability. Through this process we aim to provide a method for organic farmers to 

harness the power of PA through OFPE to augment their ecological knowledge and determine 

their own field-specific, or sub-field specific, optimized planting rates. 

Materials And Methods 

OFPE Study Sites 

On Farm Precision Experimentation (OFPE) was conducted across three fields in the 

Northern Great Plains (NGP) from 2019 to 2022 for a total of five site-years of individually 

analyzed field data. Objectives were to estimate and compare the net return and weed biomass in 

each field and year where variable crop seeding rates were applied as treatments to 

experimentally parameterize weed biomass and crop grain yield predictive models. The 

experimental approach followed the OFPE design (Hegedus et al. 2023). Each field was certified 
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organic and managed by a farmer who collaborated in experimental design and data sharing with 

our research team. Fields A and B were part of the same farm in south-east Manitoba, and Field 

C was from a separate farm in north central Montana. Farmers chose the crops they would 

normally plant, including hemp (Cannabis sativa), spring and winter wheat (Triticum aestivum), 

oats (Avena sativa), and pea (Pisum sativum). The pea was grown as a cover crop green manure 

plow down on Field C, whereas all other crops were harvested. Fields A and B received plant 

available nitrogen from chicken manure, spread uniformly each fall across each field; field C 

relied exclusively on green manure crops for nitrogen. Growing conditions on all fields were 

generally warm and dry in 2020 and 2021, and cool and wet in 2022 (Table 5.1). 

 
Table 5.1. Field locations and relevant agronomic information where full field varied seeding 
rate experiments were carried out. Climate anomaly were calculated from a 30-year average 
(1991-2021) from Daymet (Thornton et al., 2022).  
Site-
year 

Field Year CY Crop* PY Crop** Field 
Size 
(ha) 

State / 
Province 

Precipitation 
Anomaly  
(+/- mm) 

GDD*** 
Anomaly 
(+/-C) 

1 A 2021 Hemp Spring Wheat 32 Manitoba -111 +366 
2 A 2022 Oat Hemp 32 Manitoba +151 -139 
3 B 2020 Hemp Spring Wheat 71 Manitoba -159 +52 
4 B 2021 Spring Wheat Hemp 71 Manitoba -115 +366 
5 C 2021 Winter Wheat Pea 93 Montana -157 +278 
* CY = current year; **PY = previous year; ***GDD = growing degree days base 

Experimental Design and Data Collection 

Each farmer selected the crop type and normal uniform application seeding rate for each 

field and experiments bracketed the farmer selected seeding rates (Loewen et al. in review). 

Prescription maps, readable by each farmers seeder machine and software, randomly placed 

varied seeding rates across the fields at 0.6x, 0.8x, 1.0x, 1.2x and 1.4x of the farmer’s stated 

normal seeding rate (x) in a checkerboard design (Fig. 5.1 panel A and B). Checkerboard designs 
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were the preferred method of rate distribution however due to equipment or software 

malfunction in some instances farmers reverted to strip trials in which whole strips were planted 

at a single rate. In the event of machine or software failure, experiments could still be conducted 

manually using the full strip method, without a significant time burden on the farmer and still 

hold statistical significance when analyzed with regression (Piepho et al., 2011; Pringle et al., 

2004).  

Data were collected from machinery, and satellites, and aggregated to a 10 x 10m grid 

across each field with a 30m buffer to reduce impact of headlands and edge effects. As-applied 

maps were collected from the seeder application monitors to determine the actual input seed rates 

as they often varied in some way from prescription maps. Yield data were collected from 

combine mounted yield monitors. Satellite data were also collected for each field including 

topographic information and soil and plant indexes. Topographic information included elevation, 

slope, topographic position index (TPI), and aspect measured in eastness and northness (Amatulli 

et al., 2018). Satellite plant indexes included normalized difference vegetation index (NDVI), 

normalized difference red edge (NDRE), and chlorophyl index red edge (CIRE). Satellite soil 

indexes included normalized difference water index (NDWI), soil texture, bulk density, sand 

content, pH, soil water, and carbon content, and were collected from Google Earth Engine 

(GEE)(Supplemental Table 5.1)(Gorelick et al., 2017). The results of the analysis (i.e. strategy 

prescriptions as medians) were upscaled to a 24m x 120m cell, which represented the scale at 

which farm equipment can optimally deploy and collect results (Hegedus et al., 2023). These 

larger cell sizes are represented as rectangles in maps (Figure 5.1). Further details on OFPE 

including data collection and cleaning are described in Hegedus et al. (2023). 
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Figure 5.1. Experimental layout and data collection map of the OFPE method representing field 
A in 2021-2022. As-applied seeding rates of hemp and oat in 2021 and 2022, the resulting weed 
biomass collected mid-growing season, the yield collected by the combine harvester yield 
monitor at harvest, and the net return calculated based on these variables and USDA data (USDA 
ERS - Commodity Costs and Returns, 2023). Other data (not shown), including topographic 
information and satellite soil and plant indexes, were collected for every point on the field. PY = 
previous year; CY = current year. 

 

Weed and crop biomass samples were collected from across every field approximately 

four weeks after crop emergence. Sample points included approximately two quadrat samples 

per hectare stratified randomly on underlying current-year seeding rate (Fig. 5.2). A 0.25m2 

circular quadrat was placed at each location, and the volumes of both the crop species and the top 

three most dominant weed species at that specific point were estimated following the method of 

Bussler et al. (1995). Researchers stood on either side of the quadrat and estimated the percent 

cover of the plant species within the circle, an average of these values was recorded, and the 

median height of the species was recorded. A cylindrical volume was thus attained from the plant 

height and area for each species in each quadrat. Additionally, the plants from a dozen random 

locations on a field were cut, collected, dried, and weighed to create a reliable relationship 

between plant volume and dried biomass (R2 = 0.95, p < 0.001) (Supplemental Fig. 5.1). Any 
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plant that was not intended for harvest that year was assessed as a weed (i.e. volunteer crops like 

wheat and sweet clover were included as weeds). As there were insufficient species-specific data 

points to spatially interpolate the values of each species across a whole field, weed values were 

summed to create one ‘all-weed species’ value for each point across each field. See supplemental 

for a complete list of weeds per field (Supplemental Fig. 5.1). 

Sampled plant populations are typically related through spatial autocorrelation (Mathur, 

2015). Moran’s I, a standard measurement of spatial autocorrelation, was calculated for the ‘all-

weed species’ sample values from each field using the package “ape” in R (Paradis et al., 2023; 

R Core Team, 2022). Two site-years were dropped from further analysis as their weed values 

failed to show spatial correlation according to the Moran’s I criteria (alpha = 0.05) (Data not 

shown). Weed samples from the five remaining site-years (Fig. 5.2) were determined to have 

sufficient spatial structure to use ordinary kriging to interpolate weed values on all 10 x 10m grid 

points across each field. Kriging was conducted in R using package ‘automap’ to find the semi-

variogram and ‘gstat’ to krige (Hiemstra & Skoien, 2023; Pebesma & Graeler, 2022).  
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Figure 5.2. All five site-years of weed sample data are shown from across the NGP, including 
sites in Manitoba, Canada, and Montana, USA. Kriged weed biomass values are shown 
underlying weed sample points across each field. Field A was 32 ha, field B was 71 ha, and field 
C was 93 ha; rectangular cells on each field are 120m by 24m. 

 
Crop and Weed Response Models 

Random forest models were created for each site-year to predict crop yield and weed 

biomass as response variables to crop seeding rate and other GEE downloaded variables. 

Random forest modeling approach for crop yield with OFPE data was generally found to be best 

(lowest RMSE), relative to a number of other modeling techniques (Hegedus et al., 2022). The 

harvest year, referred to as ‘current year’, and previous year seeding rate data were used as 

predictors in both models. Initial variables in each model included all variables listed in data 

collection above. Random forest models were made with R package ‘Rangers’, and the 

hyperparameters were tuned with ‘Tidymodels’ (Kuhn & Wickham, 2022; Wright & Ziegler, 

2017). The tuned values of ‘mtry’, the number of variables sampled at each node at each 

ensemble tree, ranged from nine to thirteen. The tuned values of ‘ntree’, the total number of trees 
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in the ensemble, ranged from 100-500 depending on the site-year. To decrease computational 

time for the random forest to run and increase model interpretability, variables were identified to 

be removed from the models. Variables were selected for removal if they were found to be 

unimportant as classified by the random forest feature selection package ‘Boruta’ (Kursa & 

Rudnicki, 2010), if they had a VIF greater than 10, or if they were missing more than 30% of the 

data from across the field aggregation points. Each model was able to predict how previous year 

and current year seeding rates would affect the current year’s yield, and the current year’s weed 

biomass specific to each 10 x 10m grid cell across the field. The relationship of crop yield to 

seed rate, and weed biomass to seed rate, therefore varied for every grid cell across the field, 

allowing for site specific (each grid cell) optimization (Supplemental Fig. 5.3). Thus, a model 

was built to predict mean crop yield and mean weed biomass in each 10m x 10m grid cell across 

each field for each site-year’s current and previous year’s seeding rates. 

Economic predictions 

Net return (NR) was calculated from yield to determine the economic benefit of one 

strategy over another. The net return was calculated using the formula in equation 1 using 

economic information compiled from USDA and other sources (Würriehausen et al., 2015; 

“USDA ERS - Commodity Costs and Returns,” 2022; Bertramsen & Dobbs, 2002; Personal 

communication: Manitoba Harvest, 2022). 

 

𝑁𝑅 = 𝑌 ∗ 𝑃𝑅 − (𝑆𝑅! ∗ 𝑆𝐶! + 𝑆𝑅" ∗ 𝑆𝐶" + 𝐹𝐶)   Equation (1) 
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Where NR was the net return (USD ha-1); Y was the predicted marketable yield (t ha-1) of the 

harvested crop; PR was the price received for the crop (USD ha-1) in the year of interest; SR1 was 

the seed rate of the crop (kg ha-1) in the harvest year and SC1 was the cost of that crop’s seed 

(USD ha-1); SR2 was the seed rate of the crop (kg ha-1) in the year prior to harvest and SC2 was 

the cost of that crop’s seed (USD ha-1); FC was the fixed cost associated with the harvest year’s 

production (USD ha-1) representing all other costs except planted seed. Net returns were 

calculated based on harvest year information, but were also estimated for the ten previous years 

to provide a distribution of economic outcomes a farmer might expect given economic variability 

in all the variables in Eqn. 1. 

Optimization Strategies 

Five seeding rate strategies were compared in this study based on full-field net returns ($ 

per field) to provide the probability that one would outcompete another given a range of historic 

economic prices received for crop and costs of seeds planted. All five simulated strategies were 

also compared to the realized (‘actual’) net return with the experiment in the field, which allowed 

determining the cost of obtaining the data to make all other comparisons and was not simulated 

and included the random varied experimental rates (Fig. 5.1). Strategies 1-5 represent simulated 

outcomes of both yield and weed biomass based on hypothetical seed rate strategies. Strategy 1 

was based on each individual farmer-chosen seed rates (‘farmer-chosen’). This strategy formed a 

baseline to compare to the other strategies. Strategy 2 was the seeding rate strategy a farmer 

would choose to maximize their NR using one uniform seed rate for each year across their full 

field based on the outcomes of OFPE (‘max NR uniform’). Strategy 3 was the seeding rate 

strategy a farmer would choose to maximize their net return using site specific variable rates at a 
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sub-field scale (‘max NR variable’). Strategy 4 represented the site-specific crop seeding rates a 

farmer would choose to minimize weed biomass (‘min weed’), rather than maximizing net 

return. Organic farmers might perceive strategy 3 as missing a weed management opportunity 

and therefore strategy 5 combined strategies 3 and 4 to capture strengths of each. Strategy 5 

represented a hybrid approach between 3 and 4, where the field was split into managing the 80% 

containing the lowest weed biomass using the maximum net return strategy, and managing the 

20% containing the most weed biomass using the minimum weed strategy. Strategy 5 targeted 

only the weediest areas of the field with variable seeding rates (‘targeted’). 

Results 

Site specific predictions 

Relationships between seed rate and yield, seed rate and weed biomass, and yield and 

weed biomass, varied greatly across the field, highlighting the random forest’s versatility in 

predicting varied outcomes based on complex driving variables. The abundance of data, and 

complexity in underlying relationships revealed relationships in response variables which could 

be predictable or unexpected. A standard agronomic model would predict a negative relationship 

between yield and weed biomass, and in certain points on the field this is what the model 

predicted, and yet on other sites on the field the opposite relationship was found (Fig. 5.4). 

Overall, the variable predictions of crop yield resulted in varied optimum seeding rates to 

maximize farmer profits or minimize weed biomass across each site-year.  
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Figure 5.4. Predicted crop yield in response to weed biomass from the random forest model from 
two randomly chosen grid cells on field A (32 ha oat field) in 2022 demonstrating the variability 
in response to weed biomass. 
 

 Site-year 2 represented a range of predicted optimum seeding rates and resulting weed, 

yield, and net return outcomes under different seeding rate application strategies (Fig. 5.5 & 5.6). 

Using the max NR uniform rate strategy across site-year 2, predicted seeding rates were lower 

than the farmer-chosen rates. To achieve the max NR uniform rate strategy, the farmer was 

recommended to reduce previous year’s hemp rates from 31 to 21 kg ha-1, and the current year’s 

oat rates from 115 kg ha-1 to 100 kg ha-1. This change would result in a very small decline in 

weed biomass by 0.12 kg ha-1 and a small decline in crop yield of 0.01 t ha-1. However, mean net 

return was shown to increase by $49.91 ha-1 (Fig. 5.5, row 2). Results indicated that the max NR 

variable seeding rate strategy could further improve NR from the max NR uniform strategy by a 

mean of $20.80 ha-1 (Fig. 5.6, row 1). The min weed seeding rate strategy (Fig. 5.6 row 2) 

increased seeding rates for the previous year, and decreased seeding rates for the current year 

relative to the farmer-chosen rates, and followed slightly different spatial patterns across the field 
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than the max NR variable strategy. Weed biomass was reduced on average by 1.08 kg ha-1 under 

the min weed strategy on Field A and the NR would decline by $73.94 ha-1from the max NR 

variable strategy. Finally, the targeted approach, where min weed was incorporated into the max 

NR variable strategy, where weed biomass was in the 80th percentile and above, resulted in a 

mean NR of $726.84 ha-1 compared to $774.04 ha-1 for the max NR variable strategy and 

$629.42 for the min weed strategy (Fig. 5.5). The targeted approach highlighted the divergence 

of the max NR variable strategy and the min weed strategy as the targeted areas show maximum 

seeding rates in the previous year, and minimum seeding rates in the current year to reduce weed 

biomass in the current year most effectively. The targeted approach was the second most 

effective strategy for minimizing weeds, and the third most effective strategy for generating 

maximum net return on site-year 2 (Figure 5.5 & 5.6). 
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Figure 5.5. Site-year 2, illustrating the two simulated uniform seeding rate strategies: ‘farmer 
chosen’, and ‘max NR uniform’. Columns one through five show previous year’s hemp seed 
rate, current year’s oat seed rate, estimated weed biomass, oat yield, and net return respectively. 
The random forest predicted mean value per hectare is listed above the legend. 
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Figure 5.6. Site-year 2, illustrating the three simulated variable seeding rate strategies. Columns 
one to five show previous year’s hemp seed rate, current year’s oat seed rate, estimated weed 
biomass, oat yield, and net return respectively. The predicted mean value per hectare is listed 
above the legend. The weediest 20% of the field is outlined in pink on the weed biomass map for 
the targeted strategy. 
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Comparison of weed minimization and net return maximization strategies 

Weed biomass estimates were assessed for each management strategy for each site year. 

(Fig. 5.7). The weed biomass in most fields and years was decreased by each seeding rate 

strategy relative to the farmer chosen strategy. Using the min weed strategy, weed biomass 

reduction from farmer chosen strategy ranged from 0.80 kg ha-1 in site-year 5, to 28.80 kg ha-1 in 

site-year 4. Farmer chosen rates had the highest or second highest weed biomasses of all 

strategies assessed in three of five years (Figure 5.7 site-year 1,2 or 4). The max NR uniform rate 

had the highest weed biomass in two site-years (Figure 5.7 site-year 3 & 5), and the actual 

experiment had the highest weed biomass in two site-years (Figure 5.7 site-year 1 & 2). The 

targeted approach fell between the maximum NR strategy and the min weed strategy for 

decreasing weed biomass (Figure 5.7).  
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Figure 5.7. Mean weed biomass resulting from each seeding rate strategy across five site-years, 
compared to the farmer-chosen rates denoted as black dashed line at 0 biomass on the y-axis.  
 

In place of a weed minimization strategy, farmers may choose to pursue a net return 

maximization strategy. The farmer chosen seeding rate strategy was shown to generate net 

returns as high as $185.32 ha-1, and as low as $27.45 ha-1, and the net return was improved from 

the farmer chosen strategy by an average of $114.97 ha-1 over all fields using the maximum NR 

variable strategy (Fig. 5.8). The max NR uniform rate was often the second-highest mean NR 

strategy, however the targeted strategy was at times the second highest depending on which 

historic economic conditions were used to calculate NR. The net return from the actual 

experiment was typically just below the farmer chosen rate net return. The experimental cost 

ranged from -$32.98 ha-1 on site-year 3, and -$1.79 ha-1 on site-year 5, to making the farmer a 

slight amount of money, 12.36-1, on site-year 1. The min weed strategy performed poorly relative 
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to the other strategies in net return, falling near or below the actual experiment levels across all 

site-years. Over these experimental study sites and years, pursuing the min weed strategy came at 

an expense to the farmer’s current year NR.  

 

 
Figure 5.8. Net return difference between the farmer chosen strategy and all other strategies, 
including the actual experiment, tested across five site-years, where the farmer-chosen rates 
indicated as a black dashed line at 0 NR on the y-axis. 
 
 

Recommended profit maximizing seeding rates were field and year specific, though some 

trends were seen consistently across site-years, and some management strategies were clearly 

improvements over others. The results indicated that the farmer chosen rate strategy, was more 

closely aligned with net return maximization than weed management (Figure 5.7). Compared to 

the other strategies, the farmer chosen rates were not effective for weed management, and NR 

could be improved from this baseline strategy, by reducing overall seed rates across each site-
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year (Table 5.3). Averaged across all site years the max NR variable strategy resulted in reduced 

estimated weed biomass of 2.20 kg ha-1, or a 0.71% reduction (Table 5.3). The max NR variable 

strategy also gained the farmer an average increase in NR of $114.97, or a 14.69% increase. 

These results were driven partially by decreasing the current year’s SR by 18.80% and the 

previous year’s seeding rates by an average of 26.71% (Table 5.3).  

 
Table 5.3 – Mean previous year (PY) seeding rate, current year (CY) seeding rate, weed 
biomass, crop yield and net return averaged across all five site-years as a percent of the farmer 
chosen rates.  

 

 

 

 

Discussion 

Spatial variability 

We used random forest models to spatially predict crop yield and weed biomass across 

fields using a controlled variable of crop seeding rate and a suite of other potential driving 

variables under real production conditions. The models were then used to assess different 

seeding rate strategies, some full-field uniform and some site-specific variable, based on how 

well they produced profits for the farmer and affected weeds. In some instances, findings were 

predictable, such as when prescriptions called for increased seeding rate to reduce weed biomass 

(Lemerle et al. 2004). In other instances, prescriptions unexpectedly called for decreased seeding 

rates to reduce weed biomass (Fig. 5.6 & Table 5.3). There are competitive and symbiotic 

Strategy 
PY Seed Rate  

(%) 
CY Seed Rate  

(%) 
Weed Biomass 

(%) 

Mean crop 
yield  
(%) 

Mean net 
return  

(%) 
Farmer-Chosen  100.00 100.00 100.00 100.00 100.00 
Actual Experiment 100.00 100.00 99.46 99.49 99.33 
Max NR Uniform 71.95 81.69 101.33 101.78 109.79 
Max NR Variable 73.29 81.20 99.29 104.87 114.69 
Min Weed 98.70 90.17 93.80 97.78 97.87 
Targeted 78.31 80.89 97.27 103.21 111.01 
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biological reasons for both recommendations (Lemerle, 2004; Weiner, 2023), and site-specific 

findings can clarify these types of relationships so that a farmer can make informed management 

decisions.  

The benefit of a random forest machine learning model is its ability to ingest as much 

information as possible about a particular space and define spatially-explicit relationships 

(Hegedus et al., 2022). High volumes of data allow for flexibility in the model to find divergent 

relationships across fields. While it is typically assumed that weed presence harms crop yield 

(Zimdahl, 2007), weeds can be neutral, or even beneficial by increasing crop yield (Moonen & 

Bàrberi, 2008). The general relationship between weeds and net return using all data acquired in 

this study was inconclusive on whether weeds reduce overall net return (supplemental Fig. 5.4). 

But there were areas of fields where weeds were positively correlated with yield, evident in 

random forest outputs (Fig. 5.5). This could indicate a beneficial impact of weeds, or that these 

areas provide suitable conditions for both crop and weed growth. Regardless, attempting to 

control for weeds in these instances reduced net return in our study. As weeds are patchy, and 

responded variably to seed rate, weeds may be most effectively managed with crop seeding rates 

using a site-specific approach. Thus, clarifying the site-specific weed and crop interaction using 

precision agriculture technology can provide effective decision support for farmers.  

Weed management 

Although site-specific weed management using variable seeding rates is possible in 

organic systems, there are short-term economic disincentives. Economic performance of the min 

weed strategy typically had the lowest net returns (Fig. 5.6). The strategy of increased seeding 

rates, encompassed in the farmer-chosen rate strategy, did not perform very well economically, 
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nor in terms of weed management (Table 5.3). Three factors may describe this trend. One, the 

unique management of organic systems led to a reduction in crop-weed competition. This can be 

as a result of greater overall plant diversity (Smith et al., 2010), a more abundant soil 

microbiome (Johnson et al., 2017), or evolution of weeds to reduce their interactions with crops 

(Maxwell, 2017). Two, increased crop seed rates can harm the crop itself through intraspecific 

competition (Lu et al., 2020). Three, the economic impact of weeds on the crop can be minimal 

(Benaragama et al., 2016), therefore attempts to control them with crop seeding rate changes 

resulted in wasted inputs which could otherwise be directed towards improving net return. Thus, 

a uniform increase of seeding rates to manage weeds was ineffective. Instead, farmers can use 

OFPE to target areas where increased seeding rates have the greatest impact on weed suppression 

or economic improvement. 

Net return management 

Economically optimum variable seed rate strategies are site-specific, time-specific, and 

highly dependent on crop selection. While the max NR variable seeding rate strategy produced 

the highest net returns amongst all simulated strategies, the max NR uniform rate was often a 

close second (Fig. 5.6). In this sense, a farmer could still opt for uniform rate management, an 

economically improved approach with only a slight reduction across all fields from the max NR 

variable rate (Table 5.3). Indeed, farmers that lack variable rate seeding equipment but have 

access to a yield monitor can apply the OFPE method, albeit more laboriously. In three of the 

five site-years tested, the max NR uniform rate was very close to the max NR variable rate, and 

in each of those years a cereal crop (either winter wheat or oats) was harvested. The years in 

which the max NR variable rate had the largest improvements over the max NR uniform rate 
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were years where hemp was the harvested crop. These results underscore the biological nature of 

these experiments, where crop species affect outcomes. A tillering cereal crop such as oats or 

wheat will have a more plastic response to resource availability, than a broad-leaf crop like 

hemp, and therefore the latter may lend itself more to a variable rate approach.  

While the max NR variable strategy performed the best economically, it is important to 

note that the experiment itself had a cost, and that the farmer lost money by conducting the 

OFPE experiment (Table 5.3). While the value of the site-specific knowledge may be worth the 

simulated net return improvement, that is up to the farmer to decide. The presented costs enable 

farmers to decide whether to continue experimenting, whether to invest further in variable rate 

technology, and whether to adapt future management decisions based on the simulated outcomes 

of their farmer-chosen rates and the quantified local response.  

Alternative Strategies 

Net return was maximized through variable rate input of seed rate over the course of a 

two-year farm operation. It is understood that farmers, particularly organic farmers, may have 

long term goals which differ from immediate net return. Notably, organic agriculture states ‘soil 

health’ as one of its key foundations (Hammermeister, 2020). While ‘soil health’ is a nebulous 

term (Janzen et al., 2021), goals such as long-term reduction of weed seed bank, or increased soil 

organic matter, could be regarded as important values of the farm operation, and rank them 

higher than a single year’s net return. In such instances the model could be adjusted to reflect 

these desires. Given many more years of experimentation, such aspirations could be built into the 

models to achieve various goals in a multi-objective optimization approach. Such goals could 
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also be pursued where different parts of a field could be targeted to different optimization 

strategies such as the one simplified example that we presented.  

The targeted weed management strategy developed here was a first step in the direction 

of multi-objective optimization. The targeted weed strategy captures the notion that short term 

net return is not necessarily a farmer’s only goal. While max NR variable did out-compete every 

other strategy in economic terms (across recent economic historical values and across all five 

site-years), in several instances (site years 1,2,4) it was less effective at weed biomass 

suppression than the farmer chosen rates. Conversely, the min weed strategy always reduced 

more weed biomass (albeit a small amount) of any strategy tested in every site-year, but almost 

always preformed more poorly economically than the farmer chosen rates with only one 

exception (site-year 1). The benefit of the targeted approach then was that it always 

outperformed the default farmer chosen rates economically as well as for weed suppression. 

Thus, a farmer with multiple objectives may find alternative management strategies to 

accommodate these field-specific OFPE approaches. Indeed, the targeted approach in this sense 

may be regarded as the most risk averse strategy, as it attempts to generate net returns here and 

now, while also hedging bets and attempting to reduce weed pressures over the long term in 

persistent patches.  

Assumptions  

Weed biomass maps across whole fields were interpolated from a limited weed survey. 

Although weed data have been interpolated like this in other studies, it is a considerable 

assumption to impute spatially autocorrelated data in this manner. This weed collection 

technique was both labor intensive and added uncertainty to the data set not reflected in the weed 
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biomass predictions used as a response variable. Weed surveys, however, provide an 

increasingly improved basis for calibrating remote sensing of weeds which will reduce the cost 

in capturing their distribution and abundance (Mattivi et al., 2021). Since all other variables 

included in the random forest models in this study were freely available to the farmer, it would 

be greatly beneficial to harness the powers of drones or satellites to automate weed data 

collection.  

 A second major assumption made in this study was that the data collected form a 

complete representation of the area under study. In reality the data represented a snapshot of 

growing conditions, and omitted crucial long term data such as variable weather patterns. While 

the data here were collected over the same field for a maximum of four consecutive years, many 

organic farms have rotations of up to 10 years. Thus, a continuation of this study, one which 

focuses on variation over time, and how spatial variation may interact with those changes, would 

provide a more comprehensive understanding of the potential use of crop seeding rates to 

maximize net returns and minimize weeds in organic systems.  

Conclusion 

IWM using variable seeding rates typically recommends increasing seeding rates to 

suppress weeds (Lemerle et al., 2004). However, this study produced results with the opposite 

effect in some instances, possibly by reducing crop biomass through intra-crop competition, 

which can result in increased weeds and reduced net return. Therefore, it is key to clarify how 

these relationships differ in a site-specific manner. Precision agriculture technology can be used 

to determine when and where weeds can be suppressed or tolerated to ultimately optimize farmer 

net return and other ecological/long-term management goals. OFPE can be used to build and 
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refine weed response models to organic inputs and improve PWM in organic crop production. 

Here we demonstrated variable weed responses to varied seed inputs, identified areas where crop 

and seed rates were effective at suppressing weeds, and provided circumstances in which there 

were no weed benefits. Thus, optimizing farmer net return can be achieved using the “many little 

hammers” approach that organic farmers rely on for long-term weed management. By employing 

the OFPE process over time farmers can learn to deploy precision tools together with their own 

ecological understanding with multiple objectives in mind to effectively manage complex 

agroecosystems. 
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Appendix B 

Supplemental Table 5.1. Covariate data types gathered from Google Earth Engine to create 
predictive models of yield and weed data gathered from on farms (Adjusted from (Hegedus et 
al., 2023)). 

 
 
 
 
 
 
 

Data Type Data Sources Resolution Description 
Normalized 
Difference 
Vegetation 

Index (NDVI) 

Sentinel 2 10 m 
Sentinel is a European Space Agency Mission. 

Bands: B8 (NIR) and B4 (red) 

Normalized 
Difference 

Water Index 
(NDWI) 

Sentinel 2 20 m Sentinel is a European Space Agency Mission. 
Bands: B8 (NIR) and B12 (MIR) 

Elevation USGS NED 

~10 m (1/3 arc 
second), ~23 

m (3/4 arc 
second) 

USGS National Elevation Dataset. Measured in meters. 

Aspect USGS NED ~10 m (1/3 arc 
second), 30 m 

Direction the surface faces, function of neighboring 
elevations, in radians, and also calculated for each E/W and 

N/S direction as cosine and sine. 

Slope USGS NED ~10 m (1/3 arc 
second), 30 m 

Rate of change in height from neighboring cells. Measured 
in degrees. 

Topographic 
Position Index 

(TPI) 
USGS NED ~10 m (1/3 arc 

second), 30 m 
Measure of divots and low spots as a function of 

neighboring elevation.  

Precipitation DaymetV3 1 km Estimates from the NASA Oak Ridge National Laboratory 
(ORNL). Measured in mm. 

Growing 
Degree Days 

(GDDs) 
DaymetV3 1 km Estimates from the NASA Oak Ridge National Laboratory 

(ORNL). 

Bulk Density OpenLandMap 250 m Soil bulk density (fine earth) 10 × kg/m3 averaged over 6 
standard depths (0, 0.1, 0.3, 0.6, 1, and 2 m). 

Clay Content OpenLandMap 250 m Clay content in % (kg/kg) averaged over 6 standard depths 
(0, 0.1, 0.3, 0.6, 1, and 2 m). 

Sand Content OpenLandMap 250 m Sand content in % (kg/kg) averaged over 6 standard depths 
(0, 0.1, 0.3, 0.6, 1, and 2 m). 

pH (phw) OpenLandMap 250 m Soil pH in H2O averaged over 6 standard depths (0, 0.1, 0.3, 
0.6, 1, and 2 m). 

Water Content OpenLandMap 250 m 
Soil water content (volumetric %) for 33 kPa and 1500 kPa 
suctions predicted and averaged over 6 standard depths (0, 

0.1, 0.3, 0.6, 1, and 2 m). 

Carbon Content OpenLandMap 250 m Soil organic carbon content in × 5 g/kg averaged over 6 
standard depths (0, 0.1, 0.3, 0.6, 1, and 2 m). 
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Supplemental Figure 5.1. Weed species in frequency and size at each sample point across each 
field and year. 
 

 
Supplemental Figure 5.2. Weighed dry biomass values as a function of estimated plant volume. 
The sampled weed positions across the fields were estimated by volume (Bussler, 1995), and a 
sub-sample of these were cut, collected, and dried to ascertain a relationship to biomass, shown 
here. 
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Supplemental Figure 5.3. Example of various relationships found through random forest 
modelling at two random points across site-year 2 for A) predicted yield in response to current 
year seed rate; B) predicted yield in response to previous year seed rate; C) predicted weed 
biomass in response to current year seed rate; D) predicted weed biomass in response to previous 
year seed rate. 
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Supplemental Figure 5.4. Net return as a response to weed volume across each of five site-years. 
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CHAPTER SIX 

EPILOGUE 

 

“Surely there could be a more indigenous life than we have. There 
could be a consciousness that would establish itself on a place by 

understanding its nature and learning what is potential in it. A man 
ought to study the wilderness of a place before applying to it the ways 

he learned in another place.” 
-Wendell Berry 

General Summary 

 This dissertation is an exploration of the use of modern farm technologies and precision 

agriculture in organic farm systems. The primary methodology used was on farm precision 

experimentation (OFPE). OFPE combines the expertise of researchers in statistical analysis with 

farmers’ own equipment and land, to answer site specific agronomic questions, with spatially 

explicit input rates optimized to maximize net return. In the prologue, I traced the rise of 

intensification throughout the practice of agriculture, historically, and concluded that a paradigm 

shift needs to occur, one in which technology is merged with sustainable farming practices – like 

organic agriculture – to manage for the ecosystem services provided by agroecosystems, rather 

than focusing purely on crop yield. In chapter two, I worked with my lab mates to outline how 

precision agriculture can unify and satisfy each of the five levels of agroecology, from fields to 

farms to landscapes to human networks and the globe. In chapter three I then narrowed my scope 

and, using first principles, found the relationship between organic green manure cover crop seed 

rates and subsequent cash crop seeding rates and a farmer’s net return, thereby highlighting a 

specific use case of precision agriculture in organic field settings. In chapter four, I showed how 
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farmers could use precision seeding rates of cover crops and cash crops in field settings to 

maximize net return. Net returns could be increased by as much as $46 ha-1 using spatially 

optimized rates, and farmers could optimize green manure cover crop seed rates as well as cash 

crop seed rates like wheat, oat, or hemp. Finally, in chapter five, I compared seeding rate 

management strategies as weed suppression tactics. I found that a farmer could focus on net 

return maximization and that this, in itself, presented a better weed management strategy than 

attempting to use high seeding rates across fields generally. A targeted approach, where only the 

weediest parts of the field were managed for weed suppressions, was the only management 

strategy which outperformed the farmer-chosen rates for both increased net return and reduced 

weed, highlighting the potential of using multi-objective optimization in the future as a low-risk 

organic farming strategy.  

Future work 

 It has been found in both my work and others (Bullock et al., 2019; Hegedus & Maxwell, 

2022) that spatial variability can be quickly revealed through on-farm precision experimentation. 

The primary limitation of a relatively short study like mine is the inability to analyze these 

systems over a long-time frame and thus learn about temporal variability. In farming, ever-

changing weather is a preeminent feature of crop output; this represents a large source of 

unknown variation and is a serious drawback to precision management. Thus, to truly understand 

agroecosystems, experiments should be continued so that an understanding of temporal 

variability can be found and added to the models that predict the potential distribution of 

agronomic outcomes. The distribution can then be tapped through simulation to run different 

weather scenarios that would provide a farmer a quantification of the uncertainty in agronomic 
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outcomes caused by highly influential weather variables like precipitation and growing degree 

days. Another highly important factor to follow up on is the automation on the process of gaining 

knowledge using OFPE, including subsequent analysis and resulting predictive models. All of 

the data used in this project were freely available from either public databases or farmers’ 

equipment. Weed data were the exception to this and were collected through manual labor. A 

promising line of future work, highly relevant to both chemical and organic agriculture, is 

automating weed species and biomass collection across fields using remote sensing. Many 

researchers are currently exploring this possibility (Mattivi et al., 2021), and these data sets 

would enable more practical precision weed management using the OFPE method. 

What would Wendell Berry say?  

Wendell Berry is a longtime opponent of new farm technology (Filipiak, 2011). Berry saw that 

technology only served to make farms larger, and thus removed the most important prerequisites 

of being a farmer, namely, to know the land and to be a student of it. Technology has indeed 

provided farmers with the ability to manage increasingly large farms through increased 

mechanization, and knowledge has been lost of the unique spaces they manage. Current farm 

practices are to blanket thousands of acres with homogeneous doses of seed and chemical inputs 

aiming for quantity over quality. In direct contrast, Berry calls us to “study the wilderness of a 

place,” and we proffer that one can encourage this process and find truth (i.e. site specific natural 

functions) through experimentation (Wendell Berry, 2017). While observation reveals a great 

deal about a place, to speed up the process of knowing would be to systematically experiment 

over that space and thereby increase discovery of optimal practices. In this dissertation I have 

presented a unique view, shared by my lab group, that modern technology can actually reverse 
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this trend of unknowing places and, instead, use experimentation and remote sensing techniques 

to help us remember and re-learn how to manage variability. Some would say that technological 

solutions to the problems caused by previous technological solutions are nothing more than 

band-aid solutions – covering up the underlying problems. A more optimistic view is that we are 

providing a steppingstone toward a new model of farming, a model in which local knowledge is 

prioritized over distant recommendations and in which empiricism through experimentation is 

practiced by default, and one in which new technologies enable a paradigm shift to farming with 

nature rather than against it.  
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