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Abstract

One of the most pressing issues of our time is how to feed around 9.7 billion people by

2050. Cropland expansion is one of the leading factors in global agricultural production

growth to meet the rising demands of an escalating population. Arable steep grassland,

hills or uneven terrain present difficulties to farming with large conventional agriculture

machinery and equipment’s. The current technology is unsafe and unsuitable to operate

on sloping terrain. This technological barrier to slope farming has prevented thousands of

hectares of arable land from being cultivated, primarily in the United States Great Plains

region. Therefore, we proposed a fleet of small Autonomous Ground Vehicles (AGVs) to

expand farming to marginal, uneven, and highly sloped terrain. The proposed fleet aims to

perform the essential agricultural operations ranging from seeding to harvesting on sloping

terrain. The research aimed to explore the potential, capabilities, and limitations of small

ground vehicles to perform the sloped crop work. The dissertation consisted of five chapters.

The first chapter introduced the undertaken problem, background, and proposed solution.

It also outlined the included chapters with goals and significance.

The second chapter laid the foundation of a multi-AGV fleet by determining the single

AGV’s suitability and capabilities and by quantifying its physical limits for sloped crop work

in a controlled soil bin setup. A standard drawbar pull test was performed in a soil bin to

evaluate the AGV’s performance against the varying slope, speed, and drawbar. The AGV

delivered optimum power efficiency and generated enough drawbar pull with optimum travel

reduction. The results found that the prototype AGV can successfully operate on slopes up

to 18�, indicating that high-sloped terrain or hills could be farmed with the proposed system.

The vehicle behavior models in a sloping environment are essential for fleet operation,

path planning, and developing a control algorithm. Hence, Chapter 3 aimed to develop

the AGV’s behavior models from laboratory soil bin data. Artificial neural network (ANN)



models were developed. Shallow ANNs were fast, accurate, and reliable tools to predict

AGV behavior in a controlled laboratory setup (i.e., sloped soil bin). The predictive AGV’s

behavior model from a control laboratory setup proved to be an excellent starting point

for optimizing the vehicle control parameters. However, these models cannot be extended

to predict the AGV’s behavior in a continuously varying slope environment. Therefore,

Chapter 4 aimed to develop machine learning-based models on data collected from a real-

field environment. Machine learning and deep learning-based models were developed and

analyzed. The study found that the deep neural networks (DNN) model was well-suited

for predicting the AGV’s behavior in a sloped, real-field environment. Chapters 3 and 4

explored the capabilities of an artificial intelligence methods to simulate the AGV’s behavior

on sloping terrain. The developed models predicted the AGV’s specific dynamic response,

including traction, slip, and energy from the inputs of AGV’s velocity, applied load, and

slope.

A small and lightweight AGV was unable to provide the downforce and drawbar required

for a traditional seeder. Hence, these AGVs would need a specialized robotic grain drill. The

feed mechanism is the heart of the grain drill, and its design and performance influence the

plant population and crop yield. Therefore, Chapter 5 aimed to design and develop a screw

auger type feed mechanism. The feed mechanism was developed and tested in a laboratory

setup against speed, vibration, and slope as control variables. The study delivered a bulk feed

mechanism for wheat drilling, which can be easily scaled and adopted by small autonomous

vehicles or mobile robots.

The dissertation laid the foundation for robotic farming on the sloped terrain, and the

envisioned multi-AGV fleet may provide a valid solution to farm the arable uneven, highly

sloped terrain. The findings provide a groundwork for robotics and automation, which has

the potential to solve the emerging problems in the food production system by producing

food, fuel, and fiber for the growing population.
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Abstract

One of the most pressing issues of our time is how to feed around 9.7 billion people by

2050. Cropland expansion is one of the leading factors in global agricultural production

growth to meet the rising demands of an escalating population. Arable steep grassland,

hills or uneven terrain present difficulties to farming with large conventional agriculture

machinery and equipment’s. The current technology is unsafe and unsuitable to operate

on sloping terrain. This technological barrier to slope farming has prevented thousands of

hectares of arable land from being cultivated, primarily in the United States Great Plains

region. Therefore, we proposed a fleet of small Autonomous Ground Vehicles (AGVs) to

expand farming to marginal, uneven, and highly sloped terrain. The proposed fleet aims to

perform the essential agricultural operations ranging from seeding to harvesting on sloping

terrain. The research aimed to explore the potential, capabilities, and limitations of small

ground vehicles to perform the sloped crop work. The dissertation consisted of five chapters.

The first chapter introduced the undertaken problem, background, and proposed solution.

It also outlined the included chapters with goals and significance.

The second chapter laid the foundation of a multi-AGV fleet by determining the single

AGV’s suitability and capabilities and by quantifying its physical limits for sloped crop work

in a controlled soil bin setup. A standard drawbar pull test was performed in a soil bin to

evaluate the AGV’s performance against the varying slope, speed, and drawbar. The AGV

delivered optimum power efficiency and generated enough drawbar pull with optimum travel

reduction. The results found that the prototype AGV can successfully operate on slopes up

to 18�, indicating that high-sloped terrain or hills could be farmed with the proposed system.

The vehicle behavior models in a sloping environment are essential for fleet operation,

path planning, and developing a control algorithm. Hence, Chapter 3 aimed to develop

the AGV’s behavior models from laboratory soil bin data. Artificial neural network (ANN)



models were developed. Shallow ANNs were fast, accurate, and reliable tools to predict

AGV behavior in a controlled laboratory setup (i.e., sloped soil bin). The predictive AGV’s

behavior model from a control laboratory setup proved to be an excellent starting point

for optimizing the vehicle control parameters. However, these models cannot be extended

to predict the AGV’s behavior in a continuously varying slope environment. Therefore,

Chapter 4 aimed to develop machine learning-based models on data collected from a real-

field environment. Machine learning and deep learning-based models were developed and

analyzed. The study found that the deep neural networks (DNN) model was well-suited

for predicting the AGV’s behavior in a sloped, real-field environment. Chapters 3 and 4

explored the capabilities of an artificial intelligence methods to simulate the AGV’s behavior

on sloping terrain. The developed models predicted the AGV’s specific dynamic response,

including traction, slip, and energy from the inputs of AGV’s velocity, applied load, and

slope.

A small and lightweight AGV was unable to provide the downforce and drawbar required

for a traditional seeder. Hence, these AGVs would need a specialized robotic grain drill. The

feed mechanism is the heart of the grain drill, and its design and performance influence the

plant population and crop yield. Therefore, Chapter 5 aimed to design and develop a screw

auger type feed mechanism. The feed mechanism was developed and tested in a laboratory

setup against speed, vibration, and slope as control variables. The study delivered a bulk feed

mechanism for wheat drilling, which can be easily scaled and adopted by small autonomous

vehicles or mobile robots.

The dissertation laid the foundation for robotic farming on the sloped terrain, and the

envisioned multi-AGV fleet may provide a valid solution to farm the arable uneven, highly

sloped terrain. The findings provide a groundwork for robotics and automation, which has

the potential to solve the emerging problems in the food production system by producing

food, fuel, and fiber for the growing population.
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Chapter 1

Introduction

The global population is projected to grow from 8 billion in 2022 to a projected 9.7 billion

by 20501, so meeting the growing population's demands (e.g., food, �ber, and fuel) is a

pressing issue. Population dynamics necessitate an increase in global agricultural production

by 70% from the current level to accomplish the 2050 food security goals2. Presently, the

annual percentage crop yield increase is only half of the required yield increase needed to

meet projected food needs. Moreover, climate change, water scarcity, land degradation,

cropland losses, species infestations, diet shifting, and other challenges may (all together)

cause projected yields to be 5-25% short of the 2050 demand3{6 . One counterstrategy under

development is to advance the crop gain rate by combining a genomic information and

technology with an automated collection of information on plant traits (i.e., high throughput

phenotyping). Another approach is improving the crop resource use e�ciencies via precision

agricultural technology, which exploits the sensors and automated data acquisition systems.

A third strategy is the sustainable cropland expansion. Around 97% of our food sources

come from arable land7. Still, arable land expansion remains a critical factor in food produc-

tion growth to meet the demands of a growing population. Deforestation and inappropriate

agricultural practices had degraded about 2 billion ha of the world's agricultural land8. In

addition, satellite measurements showed an absolute decline in productive land across 12%

of the global land between 1981-20039. Moreover, escalating non-food crops (e.g., �ber and

fuel crops) demand raises concerns about having su�cient food crop production area10;11.

For example, the global fuel market required around 1% of biofuel for transport in 2005;

however, by 2050, biofuels are projected to increase up to 25% of the global fuel market4.
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Therefore, the arable land expansion will remain an important factor in crop production

growth in many countries, including the United States12. It is projected that an additional

minimum of 100 million ha of agricultural land is required by 205013 to assist the 2050's

food security goals.

In summary, population pressure, lack of prime or good-quality land options14, higher

farm exports market prices15 and growing demands for non-food crops are creating incentives

and an imperative need to bring marginal land under production16{18 . Marginal land is

de�ned as land currently un�t for production for several reasons, including limited water

supply, poor soil quality, pollution from prior use, and lack of transportation network19;20.

Other characteristics of marginal land are its excessive steepness (slopes� 60), hills, and

uneven terrain. We believe there is substantial potential to increase needed food production

on this marginal, highly sloped land in the Great Plains.

The Great Plains is a major physiographic region in North America, occupying approxi-

mately 33% of the United States. These plains are arable land for croplands, hay pastures,

and grazing21. However, the majority of the Great Plains region is characterized by gently

rolling hills, a broad expanse of prairie with little or moderate elevation change, steppe,

and grassland, which are often categorized as marginal land. The marginal arable land is

usually left for cattle grazing but could be farmed for food grain production in the near

future. Firstly, it is essential to determine the available marginal land in the Great Plains

region. Therefore, we used three di�erent datasets to quantify the amount of the marginal

land currently under shrubs or herbs, unprotected, and 60 to 250 steep slopes on the Great

Plains. This dataset was as follows: (1) the 2011 National Land Cover Database (NLCD),

(2) the most recent Protected Areas Dataset (PADUS), and (3) the 10-m resolution National

Elevation Dataset (NED). Within the twelve Great Plains states, we estimated that a total

of 116,000 km2 area is categorized as marginal, highly sloped land, as shown in Figure 1.1,

which compared the area in the Great Plains to a total of about 200,000 km2 of wheat planted

nationwide. Apart from North America, Shaxson (1999) estimated that the steep land (i.e.,

slopes> 12%) constituted around 35% of the total land area in both wet and dry tropical

zones (which occurred between 5° and 20° latitude). Further, Shaxson (1999) estimated that
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in Asian regions, around 39% of the total land area falls under 8 -30% slope22;23.

Figure 1.1 : The percentage of available and potentially pro�table land (per 1� 1 degree tile)
in selected states, which was too steep for current farming technology

The estimated marginal sloped land in the Great Plains region and other parts of the

world, constituted a signi�cant proportion of arable land. A sustainable expansion of wheat

production to these steep grasslands and uneven terrain would almost double the land area

used for this crop from 4% of the Great Plains region to 7%. However, it is unsafe to

cultivate arable land with slope steeper than 6� with large conventional farm machinery or

implements. On sloping terrain, the agricultural vehicles (e.g., tractors) and other o�-road

vehicles carry a very high risk of roll-overs. In the United States, approximately 120 farmer

casualties were reported per year in accidents related to tractor roll-overs while operating

on steep slopes24. This risk is one of the reasons why hills or uneven terrain are not farmed,

and are currently left for cattle grazing in the United States, mainly in the Great Plains.

The technological barrier to slope farming could be potentially solved by exploiting an

advanced robotic system or small automated vehicles. Today's mobile robots or ground ve-

hicles are well-positioned to tackle the numerous complex problems in agriculture, ranging

from seeding to harvesting25{31 . Multiple small ground vehicles, working with coordination

and optimized mission planning can �nish work comparable to large machine with improved

safety32 and reduced soil compaction33. Unlike heavy machines, Autonomous Ground Ve-

hicles (AGVs) can operate on relatively wet soil without causing damage, and even when

one AGV becomes inoperative, the others could �nish the operation. Moreover, a relatively
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small AGV (< 1m) is best suited for crop scouting and target-speci�c input application;

those are essential components of precision agriculture technology34. A small vehicle 
eet

has the potential to increase food production, lower production costs, and replace labor

shortages26;35.

Therefore, we proposed a 
eet of Autonomous Ground Vehicles (AGVs) to farm the

marginal, highly sloped land. The 
eet would perform a primary agricultural operation on

marginal, sloped terrain, aiming toward an arable land expansion to boost the food grain

production in the region. In this study, we plan to use a multiple AGVs to farm ground with

slopes of up to 20� . However, the successful operation of the proposed AGV 
eet on sloping

terrain was dependent on multiple components focusing on:

1. Vehicle characteristics: traction, mobility, and energy consumption.

2. An AGV's predictive behavior models on slope.

3. Design and development of a robotic seeder prototype

Therefore, the study consisted a speci�c components aiming to build a 
eet of AGVs to

perform the primary agricultural operation on marginal, sloped land. The components and

associated chapters were explained and illustrated with the help of Figure 1.2.

1.1 AGV's characteristics

Firstly, it was imperative to understand an individual AGV's traction, mobility, and energy

consumption characteristics on varying slopes, speeds, and drawbar, in a controlled labo-

ratory environment. This would lay a foundation for an AGV 
eet operating on marginal,

sloped land by determining the single AGV's suitability, capabilities, and by quantifying the

physical limits. The data obtained from this study would be used for building a mobility

model for the AGV's.
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Figure 1.2 : Components of the AGV 
eet operating on marginal, highly sloped land

1.1.1 Experimental investigation on traction, mobility, and energy

usage of tracked AGV on a sloped soil bin (Chapter 2)

The Chapter 2 introduced to (1) the prototype AGV and soil bin setup, (2) the instrumen-

tation setup, experimental setup, and testing procedure of o�-road vehicle on a controlled

sloped environment, and (3) the application of the generated database, obtained results, and

signi�cant �ndings. The data generated from this study would also be used for developing

the traction, mobility, and energy consumption models on sloped soil bin.
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