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CHAPTER 1. INTRODUCTION

1.1. Research background
1.1.1.  Global agriculture and mechanization drive

The average global agricultural productivity growth has declined since 2020, with
organizations such as the Food and Agriculture Organization (FAO) and Global Agricultural
Productivity (GAP) reporting an annual growth rate of 1.1 to 1.3%. This is well below the
1.73 to 2.4% yearly growth target required to meet global food demand by 2050 (FAO,
2023b; Steensland, 2022). The downward trend in average annual productivity growth was
already evident between 2011 and 2020, at 1.93%, marking a decline from the 2.72%
observed between 2001 and 2010. As a result, current global productivity growth has fallen
by approximately 57% compared to the previous two decades. This decline is attributed to a
reduction in total factor productivity (TFP) growth, which measures output relative to input
use (Fuglie et al., 2024).

In places like North America, Europe, and East Asia, farmers have managed to boost their
crop yields by around 15% to 20% with better farming techniques. But in parts of Sub-
Saharan Africa and South Asia, things are tougher because they do not have the same access
to technology (Parras-Burgos et al., 2018). This gap is slowing down global progress in
farming, and right now, we are not growing enough food fast enough to keep up with the
world's population, which needs at least a 1.73% increase every year to be sustainable by
2050 (FAO, 2022; FAO, 2023a).

To tackle this, the agricultural sector worldwide is quickly picking up new technology to
solve many of the issues, like dealing with a shortage of workers and the aging farmer
population in richer countries. At the same time, there is a big need to boost productivity in
developing nations, where farming often makes up more than 25% of their economies. These
different but related problems call for solutions that fit local contexts, considering the
environment, economic situations, and available infrastructure (Ruane, 2019; World Bank,
2024).

1111 Evolution of mechanization and challenges

The initial stages of agricultural mechanization involved simple handheld tools such as hand
plows, sickles, and hoes made from wood, stone, or bone. These tools marked the transition
from manual labor to mechanized assistance in farming (Biering, 2025; Fadat, 2024). The
inception of the use of animal muscle power to draw implements, such as plows and other
cultivators, transformed farming. Animals such as bulls, oxen, horses, donkeys, and buffalo
provided the power needed for tasks like tilling, planting, harvesting, and transporting cops
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to barns and markets. This increased efficiency and crop yields, while also lowering human
labor requirements (Greene, 2023; Turay et al., 2022).

The transition from animal-drawn implements to steam-powered machinery, exemplified by
Fowler’s Steam Plow in the 1850s, marked the initial phase of agricultural mechanization.
This evolution was further advanced by the introduction of the gasoline-powered Fordson
Model F in 1917, the first mass-produced tractor, which significantly transformed the labor
demands of farming (Campbell and Bartley, 2007; McWilliams, 2019). This era witnessed
the development of essential tools such as mechanical plows, harrows, and seed drills,
designed to be operated by early tractors. As noted by Thompson (2009) in his extensive
history of agriculture, this initial wave of mechanization boosted labor productivity. However,
it was constrained by the technological limitations of the period.

The early tractor attachments, like moldboard plows, sickle bars, and many more, were
supported manually during operation. The three-point hitch by Ferguson in the late 1930s
standardized implement attachment and enabled hydraulic control (Becker, 2024). The
introduction of diesel engines, with models like the John Deere Model R in 1949, increased
power and efficiency. Further developments in tractor design up to the 1950s produced
systems such as the power takeoff (PTO), which allowed implements to draw power directly
from the tractor engine (Chowdhury, 2025; Machine Finder, 2025). Rubber tires replaced
steel wheels, improving field performance and becoming the first effort to reduce soil
compaction (SC) (Lal, 2015). This period also saw the introduction of more specialized
implements like combine harvesters, dramatically reducing grain harvesting labor
requirements (Kaur et al., 2023). Four-wheel-drive tractors like the Massey Ferguson Model
1500, released in the 1970s, improved traction and tackled heavier tasks (Big Tractor Power,
2001).

The addition of electronics into agricultural machinery during the late 20th century
revolutionized farming practices. According to (Margal de Queiroz et al., 2022), the adoption
of sensors, controllers, and early computer systems in tractors and implements laid the
foundation for precision agriculture (PA). GPS technology in the 1990s further advanced this
field by allowing precise positioning and facilitating the development of auto-steering
systems (Kumar and Moore, 2002). Pierce and Nowak (1999) highlighted the transformative
impact of technologies that enabled variable rate application of agricultural inputs,
effectively minimizing waste and environmental impact while enhancing productivity. The
development of the ISOBUS standard in the early 2000s significantly improved
interoperability between tractors and implements from various manufacturers (Fountas et al.,
2015).
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The 21st century has witnessed a digital revolution in agricultural mechanization. Shamshiri
et al. (2018) noted that modern tractors now incorporate advanced telematics, integrated data
management systems, and connectivity to farm management software. Implements have
advanced to feature precision sensors, cameras, and microprocessors capable of real-time
adjustments (Wolfert et al., 2017). Walter et al. (2017) described the emergence of
autonomous guidance systems and the advent of fully autonomous tractors, which operate
without human intervention. Leading companies such as Kubota, Yanmar, and John Deere
have launched commercially available autonomous tractors (Lowenberg-DeBoer et al., 2020).

1.1.1.2. Environmental impacts of conventional tillage systems

The quest to increase food production and minimize its negative effect on the environment
marginally, or using natural resources related to food production efficiently, has become
necessary to achieve sustainable food security (United Nations, 2013; WHH, 2023).
Mechanization has significantly boosted agricultural productivity, enhancing cost efficiency,
output value, income, and return rates across all crop types (Khater et al., 2023; Peng et al.,
2022). Although the use of farm machinery has enormous benefits that have been reported
by researchers (Diao et al., 2016; Hasan et al., 2020), one cannot overlook the implications
of the use of farm machinery on the environment, such as SC among others (FAO, 2020).
The use of heavy machinery during the cropping season often leads to SC, which restricts
crop development (Askari et al., 2021; Twum and Nii-Annang, 2015). Tillage is a common
improvement strategy, with conventional and conservation tillage being the primary methods.
However, intensive tillage leaves soil exposed and susceptible to wind and water erosion,
accelerating topsoil loss at rates 10-100 times faster than natural soil formation (Montgomery
and Matson, 2007). Tilling soil releases stored carbon dioxide into the atmosphere by
exposing organic matter to rapid decomposition. Research shows that switching from
conventional tillage to no-till practices can help in the sequestration of approximately 0.3-
0.5 tons of carbon per hectare annually (Lal, 2004). However, regular tillage disrupts soil
ecosystems, damages soil aggregates, and worsens compaction issues. A comprehensive
review found that conventional tillage significantly reduces soil aggregate stability compared
to conservation tillage systems (Six et al., 2000). Furthermore, intensive tillage operations
have been shown to reduce earthworm populations by 50-80% (Chan, 2001; Crittenden et al.,
2014). Tillage also increases erosion, leading to sedimentation in waterways. According to
the USDA, agricultural runoff contributes to the impairment of approximately 48% of stream
miles in the United States (Scott and Haggard, 2021; Singh et al., 2023).

Modern agricultural mechanization faces increasing scrutiny regarding its environmental
impact. Fuel consumption and emissions from farm machinery contribute significantly to
agriculture's carbon footprint (Notarnicola et al., 2017). Alternative power sources, including
biofuels, hydrogen, and electric drives, are being explored but face significant
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implementation challenges (Mousazadeh et al., 2011). Basso et al. (2019) noted that PA
technologies are an inexpensive alternative to reducing environmental impacts through
optimized input applications and site-specific intervention activities. They further stated that
the effectiveness of PA requires proper planning, implementation, and management.
Legislative measures across the globe, such as the US Farm Bill, the EU's greening measures,
and initiatives in Brazil and Australia, emphasize the need to shift towards conservation
practices such as PA to alleviate agriculture's environmental footprint (Claassen et al., 2018;
Derpsch et al., 2010; Luo et al., 2010; Mceldowney, 2020).

1.1.1.3. Emergence of precision agriculture approaches

PA, also called precision farming, emerged in the late 20" century as a response to the
growing need for sustainable agricultural practices. It leverages advanced technologies such
as geographic information systems (GIS), global positioning systems (GPS), remote sensing
(RS), and data analytics to optimize crop management on a site-specific basis (Masud
Cheema et al., 2023; Petrovi¢ et al., 2024). Initially, the PA approach focused on variable-
rate application of inputs like fertilizers and pesticides based on spatial variability within
fields (Kushwaha et al., 2024). However, recent developments in PA aim to transform
traditional farming using advanced technologies to improve productivity, reduce resource
waste, and minimize environmental impact. This is achieved by tailoring agricultural inputs
and practices to meet the specific needs of different field zones (Getahun et al., 2024).

The early 2000s marked a significant expansion of PA technologies. McBratney et al. (2005)
introduced the concept of ‘digital agriculture’, emphasizing the integration of advanced
sensing technologies, data analytics, and decision support systems. This development led to
the development of more advanced tools, including satellite and aerial RS for crop
monitoring, ground-based sensor networks, UAVs for high-resolution field imaging, and
advanced soil sampling and mapping techniques. The backbone technological drivers have
been GPS and positioning technologies, advanced sensor technologies, big data analytics,
machine learning, artificial intelligence (Al), and Internet of Things (IoT) in agriculture
(Getahun et al., 2024).

Zhang et al. (2002) emphasized the environmental and economic benefits of PA and
demonstrated PA's potential in reducing farm input use and eco-friendly significance. Similar
research by Pivoto et al. (2018) identified four fundamental routes for the establishment of
PA. These include predictive analytics for crop management, real-time monitoring and
decision support systems, automated and autonomous farming technologies, and finally, the
integration of big data and artificial intelligence (AI). Current PA approaches are more
focused on hyper-site specific crop management, sustainability with resource optimization,
climate change adaptation, and integrated ecosystem management.
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The development of PA was enhanced by advancements in computing power, sensor
technologies, and satellite imagery during the 1980s and 1990s. This progress made yield
mapping and variable-rate technology (VRT) possible, allowing farmers to apply inputs
precisely where needed (Getahun et al., 2024; Masud Cheema et al., 2023). The introduction
of GPS to farm machinery further accelerated the adoption of PA practices, facilitating real-
time data collection and site-specific management. PA gained momentum as researchers
showcased its potential to tackle challenges such as soil variability, nutrient inefficiencies,
and water scarcity (Mgendi, 2024). Research by Bongiovanni and Lowenberg-Deboer (2004)
indicated that variable-rate fertilizer applications can significantly reduce input costs while
maintaining or improving yields. Similarly, Mulla (2013) found that RS technologies were
effective for monitoring crop health and detecting stress factors such as pests and nutrient
deficiencies.

The modern era of precision agriculture (PA) increasingly relies on predictive modeling, with
machine learning algorithms emerging as a key focus area. These algorithms assist farmers
in anticipating crop performance under varying conditions (Kamilaris et al., 2017). Similarly,
automation is revolutionizing PA through autonomous tractors, drones, and robotic systems
designed for planting, weeding, harvesting, and monitoring. These technologies significantly
reduce labor needs while enhancing precision in field operations (Hoque and Padhiary, 2024).
For example, drones equipped with multispectral cameras can quickly and accurately assess
crop health across large areas. Conventional farming practices often involve excessive
machinery traffic across fields, resulting in detrimental soil compaction. To address this,
precision tillage (PT) and optimized path planning have become essential components of PA,
helping to minimize soil disturbance while maintaining productivity. Building on these
developments, future research aims to make PA more accessible through affordable
technologies such as open-source software platforms and low-cost sensors (Wolfert et al.,
2017).

1.1.2. Soil compaction: Processes, impacts, and solutions

SC in the agricultural field is where heavy machinery, livestock traffic, natural occurrences,
and other human activities compress the soil. This process forces air out of the pore spaces
between soil particles (British Columbia Ministry of Agriculture, 2015; Cambi et al., 2015).
This makes it difficult for the crop roots to access water, air, and nutrients in the soil,
inhibiting crop development. (Bengough et al., 2011; Peralta et al., 2024). When the soil is
compacted, the individual soil particles are pressed closer together. This leads to a greater
mass per unit volume, which is reflected by a higher bulk density (BD) value. Thus, the more
compacted a soil is, the higher its BD (Peralta et al., 2024). Tilling at inappropriate moisture
levels, insufficient crop diversification, and inadequate organic matter incorporation can
degrade soil structure and increase compaction risk (Mehra et al., 2018).
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Despite technological advances, SC remains a significant challenge. Hamza and Anderson
(2005) identified how increasing machinery weight has led to deeper subsoil compaction that
can persist for decades. Advances in tire technology, including low-pressure radial tires and
tracked systems, have helped mitigate surface compaction, but often cannot prevent subsoil
compaction (Batey, 2009). Controlled traffic farming systems, where machinery is restricted
to permanent lanes, have shown promise in reducing compaction across fields (Chamen et
al., 2015; Tamirat et al., 2022). However, Tullberg et al. (2018) noted that adoption remains
limited due to implementation challenges and equipment compatibility difficulties. These
adoption barriers need more flexible and adaptable compaction management solutions. PT
practices address these challenges by allowing farmers to target only compacted areas with
appropriate tillage depth, reducing the need for investment in specialized equipment, and
working within existing field traffic patterns, providing variable treatment based on soil
conditions. Unlike whole-field approaches, PT can be implemented incrementally with
conventional machinery, potentially increasing adoption rates while effectively managing
surface and subsoil compaction (Sarauskis et al., 2024).

1.1.2.1. Effects on soil physical and chemical properties

SC significantly alters soil fundamental structure that supports plant growth, causing
disruption to physical properties and affecting soil ecosystem functions. When soil particles
are compacted, BD increases while porosity decreases, creating a cascade of damaging
effects (Horn et al., 2003). These changes affect water mobility by up to 90% in severely
compacted soils, which causes an increased surface runoff and erosion risk. This diminishes
both water retention capacity and the drainage ability of soils (Batey, 2009). Traditional
assessment of these physical changes has relied heavily on BD sampling and penetrometer
readings, which provide accurate point measurements but are labor-intensive and sometimes
disruptive to the soil profile (Grossman and Reinsch, 2002). The small sampling area
achievable with these methods often fails to capture the spatial heterogeneity of compaction
across larger fields. RS technologies offer alternative data collection methods by detecting
variations in surface moisture dynamics and identifying areas prone to waterlogging or
vegetation with water stress that indicate underlying compaction issues. However, these
require calibration with ground-truth data acquired through conventional measurements
(Mohanty et al., 2017).

Compaction stress subjects the chemical properties of a soil to substantial modifications,
often with a negative impact on nutrient cycling and availability. Reduced aeration caused by
SC affects the oxidation-reduction ability, altering nutrient solubility, mobility, and chemical
transformations (Nawaz et al., 2013). Traditional soil testing procedures for nutrient
availability and pH can reveal SC effects; however, they require laboratory analysis with
considerable time delays between sampling and results (Najdenko et al., 2024). This temporal
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gap limits the ability to make timely management decisions, particularly when SC varies
seasonally with moisture conditions. Hyperspectral sensing is a powerful tool that can
provide rapid assessment of soil properties across large areas. Studies have demonstrated the
capability of hyperspectral sensing in detecting variations in organic matter content, soil pH,
and nutrient status that often correlate with SC patterns (Ben-Dor et al., 2009; Ge et al., 2011).
However, these spectral methods require extensive calibration with standard soil tests to
establish reliable models to show relationships between spectral signatures and actual soil
properties under local field conditions (Stenberg et al., 2010)

The final effect of compaction on soil physical, chemical, and other properties manifests as
reduced agricultural productivity and negative environmental impact. Traditional yield
monitoring systems can identify productivity losses, but often cannot distinguish SC from
other stress factors without additional soil information (Adamchuk et al., 2004). The grid soil
sampling method has been used throughout history to map compaction variability; however,
practical constraints typically limit the grid sizes (Raper, 2005). RS platforms provide the
spatial resolution and rapid assessment capability needed to map this variability more
efficiently. Multitemporal satellite imagery can track crop vigor throughout the growing
season, identifying areas where compaction stress limits productivity (Mulla, 2013). When
these observations are combined with targeted soil sampling at representative locations,
farmers can develop more accurate SC management zones while reducing the total number
of physical samples required (Quraishi and Mouazen, 2013).

Implementing site-specific compaction management effectively requires acquiring timely
information on soil conditions across entire fields. However, traditional point-sampling
methods are tedious, costly, and time-consuming, making them less practical for large-scale
applications. A promising approach combines strategic soil sampling to establish site-specific
relationships between soil properties and SC with broader-scale proximal and RS to extend
these relationships across fields (Castaldi et al., 2019). For example, penetrometer
measurements along transects can be correlated with electrical conductivity surveys to
generate continuous maps of soil strength (Fulton et al., 2010). Similarly, BD samples at
reference points can be calibrated to reflectance spectra from aerial imagery to estimate
compaction status across broader areas. This integration of conventional and advanced
sensing approaches enables farmers to combine the accuracy of direct measurements with
the extensive spatial coverage provided by RS technologies. As a result, PT operations can
be optimized to apply targeted remediation only where necessary (Quraishi and Mouazen,
2013). The evolution toward integrated sensing systems represents a significant advance
beyond the limitations of isolated sampling techniques, providing a more complete basis for
sustainable soil management decisions.
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1.1.3. Plant responses to soil compaction

SC triggers complex stress responses in plants, disrupting both root development and above-
ground growth processes. Compacted soils with increased BD and mechanical impedance
significantly restrict root penetration and propagation, leading to shallower root systems with
reduced exploration capacity (Colombi and Keller, 2019). This restriction significantly limits
water and nutrient access for crop roots, particularly in cereals with fibrous root systems that
typically explore large soil volumes. Wheat (Triticum aestivum L.), a globally important
cereal crop, exhibits notable sensitivity to SC, causing a reduction in root length density
under compaction (Yu et al.,, 2024). The physiological response includes transformed
hormone signaling, with increased ethylene production triggering radial root thickening and
reduced elongation (Wang et al., 2013). These root adaptations come at a cost, diverting
energy from productive growth to overcoming compaction restrictions (Nosalewicz and
Lipiec, 2014).

The aboveground impact of SC manifests through reduced growth rates, altered plant
structure, and reduced yield rates. Tracy et al. (2013) observed delays in wheat phenological
development under SC conditions, with flowering occurring 3-7 days later compared to non-
compacted controls. Yield reductions in wheat commonly range from 15-30% in moderately
compacted soils, with greater losses under severe compaction or when combined with other
stresses (Arvidsson and Hakansson, 2014). The yield decline is a result of multiple factors,
including fewer tillers per plant, reduced grain number per pod, and lower grain weight
(Whalley et al., 2008). Andersen et al. (2013) demonstrated that modern wheat varieties with
semi-dwarf characteristics often experience greater yield reductions under SC stress
compared to taller, traditional varieties. This suggests that breeding for high yield potential
under optimal conditions may have accidentally reduced tolerance to physical soil constraints.
Despite these challenges, genetic variability in SC tolerance exists among wheat germplasm,
with some varieties exhibiting an enhanced ability to penetrate compacted layers through
increased root tip force or altered root structure (Colombi et al., 2017).

1.1.3.1. Nutrient uptake limitations in compacted soils

SC significantly impairs nutrient acquisition by plants through multiple interrelated
mechanisms affecting both nutrient availability and root uptake capacity. As soil BD
increases, reduced pore space restricts water movement and gas exchange, creating localized
anaerobic conditions that alter nutrient solubility and transformation processes (Nawaz et al.,
2013). Phosphorus availability is particularly limited in compacted soils due to reduced
diffusion rates, with studies indicating a decrease of up to 75% in phosphorus diffusion
coefficients at high bulk densities (Lipiec and Stcpniewski, 1995). Nitrogen dynamics are
also affected, as compaction promotes denitrification and increases nitrogen losses through
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gaseous emissions while reducing mineralization rates that supply plant-available forms
(Bouwman et al., 2013). The combined effect creates a nutrient-limited environment even
when total nutrient content appears adequate in standard soil tests.

Root system constraints in compacted soils exacerbate nutrient availability issues by
reducing the efficiency of nutrient interception and uptake. The decreased root length density
and restricted exploration volume directly limit the soil area from which nutrients can be
acquired (Colombi and Keller, 2019). Nosalewicz and Lipiec (2014) demonstrated that wheat
grown in compacted soil explored only 40-60% of the soil volume compared to plants in
uncompacted conditions, significantly reducing contact with nutrient pools. Physiological
adaptations to compaction stress also impair nutrient uptake processes. Chen et al. (2014)
reported reduced expression of key nutrient transporter genes in wheat roots experiencing
mechanical impedance. Additionally, the high energy costs of root growth through dense soil
divert resources away from active transport mechanisms required for efficient nutrient
acquisition, further diminishing uptake efficiency (Lynch, 2019). These factors collectively
create a nutrient acquisition bottleneck that persists even when fertilizers are applied,
explaining why standard fertility management often fails to overcome yield limitations in
compacted fields.

1.1.3.2. Wheat-specific responses and yield impacts

Wheat exhibits distinct physiological and developmental responses to SC, which result in
characteristic yield decline patterns. Among cereals, wheat shows moderate to severe
sensitivity to compaction, being more tolerant than maize but less so than barley (Arvidsson
and Hakansson, 2014). Early seedling establishment is particularly vulnerable, with Mooney
et al. (2012) documenting delayed emergence and reduced seedling health in compacted soils.
This early growth suppression initiates a cascade of developmental adjustments throughout
the life cycle, including delayed tillering, reduced stem elongation and size, and compressed
reproductive development phases (Whalley et al., 2008). Water stress symptoms often appear
earlier and more severely in wheat grown on compacted soils, even under moderate moisture
deficit conditions, due to limited root access to subsoil water reserves (Lipiec and Hatano,
2003).

Yield analysis reveals that SC affects wheat productivity through multiple pathways. The
number of grains per pod typically shows the maximum sensitivity, with Grzesiak et al.
(2013) reporting reductions of 15-30% in the number of grains per pod under 1.34 Mgm >
compaction stress. This happens because restricted root systems intensify carbohydrate
limitations during early reproductive development, leading to increased floret abortion (Thsan
et al., 2016). Grain weight also decreases in compacted conditions, though to a lesser extent
than the number of grains per pod, reflecting limitations in photosynthate supply during Milk
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formation (Whalley et al., 2008). Modern short-statured wheat varieties often exhibit higher
yield consequences under SC compared to taller, older varieties, suggesting that breeding for
responsiveness to optimal conditions may have inadvertently selected for reduced tolerance
to physical soil constraints. Despite these general trends, significant genotypic variation
exists in SC responses, with some cultivars maintaining up to 90% of potential yield under
1.49-1.55 Mgm™ compaction while others suffer losses exceeding 50% under identical
conditions (Colombi et al., 2017).

Management strategies to mitigate the impact of SC on wheat production must address both
genetic factors, such as root system traits, and environmental factors, including soil moisture
and tillage practices. Cultivar selection represents a critical first step, with Lukaszewski et al.
(2014) identifying varieties with enhanced root penetration ability and greater allocation to
deeper roots as promising candidates for compacted fields. The timing of field operations
should be scheduled to avoid wet soil conditions, as this minimizes the risk of SC, particularly
during planting when seedbed conditions play a crucial role in root establishment patterns
(Chamen et al., 2015). Nutritional management in compacted soils requires adjustments, with
banded fertilizer placement near developing roots proving more effective than broadcast
applications for overcoming diffusion limitations (Nkebiwe et al., 2016). However,
implementing this method is challenging on large-scale farms due to logistical constraints.
Biological approaches, including cover cropping with deep-rooted species and promoting
beneficial soil microorganisms, show increasing promise for alleviating compaction effects
on wheat through physical and biochemical mechanisms (Acuiia et al., 2019). However, their
efficiency is constrained by practical challenges such as delayed benefits (3-5 years for
measurable improvements), labor-intensive management of cover crops, and site-specific
dependencies on soil type, climate, and microbial community viability (Maldonado, 2025).
For instance, fibrous-rooted cover crops such as grasses may fail to penetrate hardpans in
heavy clay soils, while microbial activity is suppressed in severely compacted anaerobic
zones (Duiker, 2005).

A site-specific SC management approach, integrating rapid sampling and PT, offers a more
immediate and adaptable solution. By mapping compaction zones using RS data or on-line
in-situ sensors, farmers can target interventions like subsoiling only in high-risk areas,
reducing fuel use by 27% compared to uniform deep tillage (Sudduth, 2025). This strategy
aligns with PA frameworks that optimize soil health practices to address spatial variability in
SC severity, root-limiting layers, and nutrient availability (NCSU, 2025). Such tailored
management ensures sustainable wheat productivity while avoiding overinvestment in
ineffective general remedies.

1.14. Site-specific soil compaction management approach

10
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Site-specific SC management represents a targeted approach within PA that addresses the
spatial variability of soil physical conditions across agricultural fields. Unlike conventional
tillage methods that apply uniform treatments regardless of the varying soil conditions across
field, PT tailors’ mechanical interventions to address only areas where the local SC could
limit the productivity of specific crops (Kaufmann et al., 2010; Raper, 2005). This method
considers the variability in SC within fields due to differences in soil texture, organic matter
content, moisture regimes, and traffic patterns (Usowicz and Lipiec, 2017). By identifying
compaction-affected areas and applying appropriate mechanical interventions only where
needed, farmers can optimize both agronomic and environmental outcomes (Reetz, 2016).
The inclusion of advanced sensing technologies like geospatial analysis and variable-rate
implements has transformed what was historically an experience-based practice into a data-
driven management technique (Adamchuk et al., 2004). This evolution aligns with broader
natural resources and farm input sustainability goals by maximizing productivity while
minimizing energy consumption, soil disturbance, and associated environmental impacts
(Shamal et al., 2016).

1.2. Problem Statement and Research Gaps
1.2.1. Current limitations in soil compaction management

Tillage is widely employed as a conventional solution to address SC, encompassing both
traditional and conservation tillage methods. However, these interventions are energy-
intensive, costly, and, in the case of conventional tillage, intensify soil erosion risks (Holland,
2004; Singh et al., 2023). Despite technological developments in soil management practices,
SC remains a pervasive challenge across diverse agricultural regions, contributing to
substantial yield deficits in high-input farming systems. Previous studies (Batey, 2009;
British Columbia Ministry of Agriculture, 2015; Zhang et al., 2024) estimate that SC
accounts for approximately 6% to as much as 50% of global crop yield losses, depending on
regional conditions and farming practices (Shaheb et al., 2021).

Current SC management approaches face practical implementation challenges and high
resource demands. Conventional deep tillage effectively alleviates compaction, but it
requires significant energy inputs, resulting in high fuel costs and increased carbon emissions
(Sarauskis et al., 2018). The intensive soil disturbance also accelerates organic matter
decomposition and increases the risk of erosion, resulting in a counterproductive cycle of soil
degradation (Holland, 2004). Conservation tillage approaches reduce these impacts but often
fail to adequately address subsoil compaction issues, particularly in heavy clay soils where
mechanical intervention remains necessary (Derpsch et al., 2010). Controlled traffic farming
offers promising SC prevention but requires significant infrastructure investment and
equipment modifications that present adoption barriers (Tullberg et al., 2018). These
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limitations underscore the need for innovative strategies that not only mitigate SC but also
enhance soil resource resilience and sustainability.

PT is an innovative practice designed to target mechanical soil interventions only in specific
areas of a field where they are needed, such as zones with compacted layers (Kaufmann et
al., 2010; Shamal et al., 2016). This approach has been confirmed to reduce energy
consumption during tillage activities while enhancing crop growth and yield (Shamal et al.,
2016). Implementing PT requires detailed soil condition information, traditionally obtained
through laboratory experiments. However, these methods are invasive, labor-intensive, and
time-consuming (Orangi et al., 2019; Poppiel et al., 2022). Due to the challenges associated
with traditional techniques, such as extended data collection and processing times, they are
impractical for large-scale fields, as they could delay critical operations during the cropping
season.

Despite significant advances in sensing technologies and variable-rate tillage implements,
substantial integration challenges persist in creating an easy workflow from detection to
implementation. The sequential disconnect between rapid and non-destructive sensing of
relevant soil properties related to SC and PT planning for execution represents a primary
barrier. This is important because soil conditions can change between the time of assessment
and intervention. Additionally, using heavy machinery for data collection can alter the soil's
condition, affecting the accuracy of the data (Adamchuk et al., 2004). This challenge is
particularly acute for moisture-dependent properties, where rainfall events can significantly
alter the optimal tillage depth and intensity compared to what was prescribed based on earlier
measurements (Mouazen and Kuang, 2016). Data format compatibility between diverse
sensing platforms and farm equipment control systems adds complexity to PA. Proprietary
systems often limit interoperability, even with ongoing ISOBUS standardization efforts
aimed at enabling seamless communication between equipment from different manufacturers
(Auernhammer, 2001). The resolution mismatch between high-density sensor data and the
practical implementation capabilities of variable-rate implements further complicates
integration, requiring appropriate aggregation methods that maintain critical information
while creating manageable management zones (Fulton et al., 2010).

There are few research works that investigated the development of an on-line soil properties
measurement device, which can be applied in SC management (Kodaira and Shibusawa,
2020; Shamal et al., 2016). However, most of these devices are robust and tend to disturb the
soil ecosystem significantly during data collection. These characteristics limit their
applicability in evaluating SC conditions in fields sensitive to marginal disturbances, such as
those with high clay content (Gtirsoy, 2021).

1.2.2. Knowledge gaps in site-specific interventions
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The traditional tillage system currently utilized poses significant limitations for sustainable
agriculture. Conventional tillage increases soil susceptibility to erosion (Holland, 2004),
while conservation tillage, although an improvement, remains energy-intensive and costly
(Singh et al., 2023). More importantly, both methods overlook site-specific differences in SC
patterns within fields. Treating non-uniform fields uniformly leads to resource wastefulness
and missed opportunities for targeted interventions.

PT shows promise as an alternative approach, with research highlighting its energy efficiency
advantages. However, significant knowledge gaps remain regarding site-specific tillage
interventions and their agronomic and environmental impacts. Inadequate studies have
explored how spatial variations in SC impact soil-crop interactions, which could support the
case for the benefits of site-specific tillage (Beylich et al., 2010). Addressing this gap through
further research could enhance the effectiveness and sustainability of PT practices,
contributing to more productive agricultural systems.

Traditional soil properties testing methods have significant limitations due to their invasive
nature, labor-intensive processes, and time-consuming procedures (Orangi et al., 2019;
Poppiel et al., 2022). These limitations render them impractical for large-scale field
applications, particularly during time-constrained growing seasons. Previous attempts to
address this issue, such as on-the-go soil property measurement systems (Kodaira and
Shibusawa, 2020; Shamal et al., 2016), have produced robust tools, but their high soil
disturbance disrupts the soil ecosystem. This makes them unsuitable for fields sensitive to
minimal disturbances, such as clay-rich soils (Giirsoy, 2021). Therefore, there is a need to
assess non-invasive RS technologies to rapidly acquire soil condition data, which will enable
PT planning.

To improve PT systems, a deeper understanding of crop responses to SC is essential. Wheat
serves as an ideal model crop for this purpose, as SC impacts its productivity. As the second
most consumed crop globally, improving wheat yield directly supports food security
(Reynolds and Braun, 2022). While studies have documented SC effects on wheat
productivity (Liu et al., 2022; Yu et al., 2024), nutrient deficiencies (Sun et al., 2024), and
root growth (Yu et al., 2024), research gaps persist regarding SC’s influence on nutrient
accessibility (Ishaq et al., 2001; Islam et al., 2014). Bridging these gaps is vital for refining
PT strategies to address site-specific SC challenges.

The complex soil-plant interactions under varying SC levels present several challenges for
nutrient dynamics evaluation in wheat cultivation. Compacted soils restrict and hinder root
penetration, creating barriers to soil moisture and nutrient mobility and uptake (Wu et al.,
2024). Current methods fail to account for the spatial variability of SC and its relationship
with residual nutrient patterns (Feng et al., 2024). This research gap leads to the inability to
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develop predictive models that can accurately forecast wheat yield variations under different
SC levels. Therefore, reducing the effectiveness of PT implementation, as ideal tillage
planning relies on a detailed understanding of crop responses to varying SC conditions across
a field. Addressing this gap requires research into how SC affects wheat productivity and
developing models that can predict yield outcomes based on different SC conditions. This
would enable more precise PT strategies, enhancing both crop yields and resource efficiency
in PA practices.

1.3. Research questions and objectives
1.3.1. Research questions

1. How accurately can hyperspectral imaging detect and quantify SC parameters like
bulk density for PT applications?

2. How do varying levels of SC (low, medium, high) affect wheat crop nutrient access
(magnesium, phosphorus, etc.), growth rates, and final yield in a field environment?

3. What decision-support frameworks can convert hyperspectral-derived SC insights
into PT recommendations?

1.3.2. Research aim

This research aims to develop a soil compaction management system by integrating
hyperspectral RS technology with agronomic data from wheat production. The goal is to
provide farmers with a practical decision-support tool for optimizing PT operations,
enhancing resource efficiency, and improving crop productivity through targeted soil
management.

1.3.3. Research Objectives

Objective 1: Development of a remote sensing approach for soil compaction assessment

e Evaluate the ability of hyperspectral camera (HSC) imaging to capture soil
conditions relevant to soil compaction.

e Establish correlations between hyperspectral signatures and key soil
properties influencing soil compaction.

e Develop a standardized workflow for processing hyperspectral data into
spatial SC maps suitable for PT planning.

Objective 2: Quantification of soil compaction effects on wheat productivity

e (ollect and analyze ground truth data (GTD) to determine the relationship
between initial soil bulk density (BD) levels and soil physicochemical
properties.
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e Assess the impact of varying SC levels on wheat growth parameters across
different developmental stages.

e Quantify the yield response to different SC levels to establish threshold values
for intervention.

Objective 3: Integration of findings into the precision agriculture framework

e Develop an integrated practical framework and data flow procedure that
translates remote sensing data into site-specific tillage recommendations for
implementing PT practices in agricultural systems.

e Develop farm input management maps based on the understanding of soil-
plant interactions at various growth stages.

1.4.  Thesis Organization

This thesis presents the development of a SC management system using a combination of
traditional ground truth data collection and hyperspectral-based soil property sensing. The
thesis is organized into seven chapters:

e Chapter 1 introduces the research, including the background, problem statement,
research gaps, research questions, and objectives.

e Chapter 2 presents the theoretical framework supporting the research principles.

e Chapter 3 details the key methodologies and experimental designs adopted in the
study.

e Chapter 4 describes the experimental procedures and outcomes related to the
development of a remote sensing methodology for soil compaction assessment.

e Chapter 5 presents the procedures and results for quantifying the effects of soil
compaction on wheat productivity.

e Chapter 6 integrates the findings into a precision agriculture framework.

e Chapter 7 provides the conclusions and recommendations arising from the research.

15



Chapter 2. Theoretical Framework

CHAPTER 2: THEORETICAL FRAMEWORK

The theoretical foundation for understanding and managing soil compaction (SC) in wheat
production systems is reviewed in this chapter. The main context of the chapter is the dynamic
interaction at the soil-root interface, where the physical and chemical properties of the soil
directly influence root development, nutrient acquisition, and crop yield. Theories and
models from soil mechanics and root physiology explain how varying levels of SC influence
root exploration and function. These concepts emphasize that both excessive and insufficient
compaction can negatively affect root growth, nutrient uptake, and crop yield. The literature
highlights the importance of balancing soil-root contact for efficient nutrient uptake with
adequate pore space for root growth and aeration. However, while the existence of an
optimum compaction level is hypothesized, where these competing factors are best balanced,
its precise value is not universally defined and often varies with soil type, moisture, and crop
variety. Recent studies have shown that SC effects on wheat depend strongly on weather
conditions and soil texture, and that yield responses to compaction are highly context-
dependent, sometimes even beneficial in certain environments when water is limiting (E-
Ashid and Sheikh, 1977; Liu et al., 2022; Yu et al., 2024). Thus, identifying an actual
optimum compaction level for a given production system typically requires empirical
determination through field experiments and yield analysis, rather than relying solely on
theoretical predictions.

To comprehensively assess the effects of SC across entire fields, recent research has
increasingly turned to advances in remote sensing (RS) technology. Hyperspectral imaging
and vegetation indices such as NDVI have enabled the non-invasive monitoring of soil
properties, including BD and moisture, as well as crop health indicators, providing real-time
data that reflect the impacts of SC on different wheat growth stages (Karimli and Selbesoglu,
2023; Tan et al., 2024). These RS tools are widely recognized for their ability to bridge the
gap between traditional point measurements and field-scale assessments, offering a more
complete picture of spatial variability and crop response (De Sousa Mendes et al., 2020;
Tekin et al., 2008).

The inherent spatial variability in agricultural landscapes has led to the adoption of
geostatistical concepts for mapping and quantifying differences in SC and nutrient
availability (De Sousa Mendes et al., 2020; Karimli and Selbesoglu, 2023). Geostatistical
methods, such as kriging, and machine learning approaches have been successfully applied
to generate detailed soil maps and support targeted management strategies that address site-
specific field conditions (De Sousa Mendes et al., 2020; Karimli and Selbesoglu, 2023). This
shift from uniform to site-specific management is crucial for optimizing both yield and
resource efficiency.
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Recent literature also highlights the integration of soil-root dynamics, RS data, and spatial
variability models within PA decision frameworks (De Sousa Mendes et al., 2020; Karimli
and Selbesoglu, 2023; Tan et al., 2024). Advanced machine learning algorithms are
increasingly used to translate complex, multi-sourced data into actionable, site-specific
tillage recommendations, thereby optimizing crop yield and promoting sustainable soil
management (De Sousa Mendes et al., 2020; Karimli and Selbesoglu, 2023). However, the
precise determination of an ideal SC range for optimal root health and productivity remains
context-dependent and requires empirical validation, as highlighted in studies showing that
compaction effects on crops are strongly influenced by the crop physiology, soil texture,
moisture, and weather conditions (Liu et al., 2022; Yu et al., 2024).

2.1. Soil-Root Interface Dynamics

The soil-root interface represents the critical zone where plant roots interact with the soil
matrix to access water and nutrients essential for growth and development. This interface is
highly dynamic, responding to changes in soil physical properties, particularly SC levels.
Recent advances have highlighted the importance of root hairs and rhizodeposition in
modifying soil structure and enhancing resource acquisition (Hallett et al., 2022).
Understanding the theoretical principles governing these interactions provides the foundation
for optimizing soil management practices in wheat production systems. It is important to note,
however, that while theoretical models can explain the mechanisms underlying root
responses to compaction, the precise ideal compaction level for maximum yield is not a fixed
value but must be determined empirically for each soil and environmental context (Yu et al.,
2024).

2.1.1. Mechanical impedance theories and root response models

Mechanical impedance, defined as the resistance soil offers to root penetration, is
fundamentally altered by compaction processes. Several theoretical frameworks explain the
relationship between soil strength and root elongation:

Greacen and Oh’s (1972) pressure balance theory posits that root elongation occurs only
when the root growth pressure exceeds the mechanical resistance of the soil plus the osmotic
pressure within the root cells. This theory establishes that root growth is directly inhibited
when soil strength exceeds the maximum pressure roots can exert, typically 800-1500 kPa
for most crops, with wheat demonstrating a threshold around 1200 kPa (Eavis et al., 1969).

The critical penetration resistance model developed by Dexter (1987) suggests a non-linear
relationship between root elongation rate and penetration resistance. According to this model,
root elongation remains relatively unaffected until a critical resistance threshold is reached,
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beyond which elongation rates decline exponentially. For wheat, this critical threshold
typically occurs at penetrometer resistance values between 2-3 MPa (Bengough et al., 1991).

Bengough et al.’s (1997) integrated approach combines mechanical impedance with
considerations of root cellular responses. This model accounts for how root cells modify their
metabolism, wall properties, and division rates in response to mechanical stress, explaining
the observed changes in root diameter and architecture under compaction. The model predicts
the characteristic root thickening observed in compacted soils as roots allocate more
resources to radial expansion to overcome axial resistance.

Jin et al. (2017) developed the root-soil contact model, which theorizes that moderate
compaction can improve root nutrient uptake by increasing the contact area between roots
and soil particles. This model helps explain the observed optimum compaction level for
wheat yield, as it accounts for the trade-off between improved nutrient transfer at the root-
soil interface and the increased resistance to root penetration.

2.1.2. Nutrient uptake kinetics under varying compaction scenarios

Nutrient uptake at the soil-root interface is governed by various interrelated processes, which
are significantly influenced by SC levels:

The Barber-Cushman nutrient uptake model (Barber, 1995) describes nutrient acquisition as
a function of three transport mechanisms: root interception, mass flow, and diffusion. This
model, when modified to include SC effects (Dunbabin et al., 2002), provides a theoretical
basis for understanding how compaction alters nutrient availability by changing soil
hydraulic conductivity and tortuosity factors that affect diffusion pathways.

Drew (1975) localized supply effect theory explains how roots proliferate in nutrient-rich
zones when overall soil volume exploration is constrained by SC. This compensatory growth
mechanism is particularly relevant for understanding wheat's adaptation to heterogeneous SC
patterns in field conditions.

The buffer power concept introduced by Nye (1966) and elaborated by Tinker and Nye (2000)
describes how soil's ability to replenish nutrients in the soil solution (buffer power) is altered
by SC. Higher BD typically increases buffer power for phosphorus but may decrease it for
potassium and nitrogen, helping explain the differential impact of SC on various nutrient
uptake efficiencies observed in wheat.

Seeling and Zasoski (1993) integrated an uptake model that considers how root-induced pH
changes in the rhizosphere interact with soil physical conditions to affect nutrient solubility
and availability. This model is particularly relevant for understanding phosphorus dynamics

18



Chapter 2. Theoretical Framework

in compacted soils, where wheat roots often utilize acidification strategies to enhance P
solubilization under restricted growth conditions.

2.1.3. Root architecture adaptation to physical constraints

Plant roots demonstrate remarkable plasticity in response to physical constraints imposed by
SC. The following theoretical frameworks explain these adaptive mechanisms:

Lynch's (2007) architectural trade-off theory proposes that root systems balance exploration
efficiency against exploitation capacity when adapting to soil constraints. This theory
explains why wheat develops shallower but more laterally extensive root systems in
compacted soils, a strategy that optimizes resource acquisition under limiting conditions.

The functional equilibrium model (Brouwer, 1983) predicts that plants allocate resources
between roots and shoots based on the most limiting factor for growth. Under SC stress, this
model explains the observed increases in root ratios as plants allocate more resources to
overcome soil resistance.

Fitter’s (1987) topological approach to root architecture characterizes root systems based on
their branching patterns and connectivity. This framework helps explain the shift from
herringbone patterns toward more dichotomous branching observed in wheat roots under
compacted conditions, which represents an optimization strategy for soil exploration under
physical constraints.

The compensatory growth model proposed by Crossett and Campbell (1975) describes how
roots preferentially proliferate in uncompacted soil volumes when heterogeneous compaction
exists. This model is particularly relevant for understanding wheat root distribution patterns
in field conditions with variable compaction levels, and supports the practice of PT targeting
only overly-compacted zones.

Hodge's (2004) root plasticity framework integrates local and systemic signaling mechanisms
that regulate root development in response to soil physical conditions. This model explains
how wheat roots sense and respond to mechanical impedance through hormone-mediated
pathways, particularly through altered auxin transport and ethylene production that trigger
the characteristic morphological responses to SC.

Together, these theoretical models and frameworks provide a comprehensive foundation for
understanding the complex relationships between SC, root development, nutrient acquisition,
and wheat yield. The integration of these theories supports the empirical finding of an
optimum compaction level for wheat, where the benefits of soil-root contact for nutrient
transfer are balanced against the limitations imposed by mechanical impedance to root
exploration. This theoretical framework guides the development of precision tillage
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approaches that aim to maintain SC within the optimal range across heterogeneous field
conditions, thereby maximizing wheat productivity while minimizing the negative impacts
of either excessive or insufficient SC.

2.2.Remote sensing of soil and crop parameters

RS has appeared as a transformative technology in PA, offering non-invasive methods to
assess soil properties and crop conditions across spatial and temporal scales. The theoretical
foundations, methodological approaches, and effectiveness of RS applications for monitoring
soil and crop parameters are rereviewed here, with particular importance on applications
related to SC assessment.

2.2.1. Level of sensing effectiveness

The effectiveness of RS for soil and crop parameter assessment varies depending on the
sensor type, platform, target property, and environmental conditions. Understanding these
varying levels of effectiveness is fundamental for implementing suitable sensing strategies
in PA.

2.2.1.1. Direct versus indirect sensing

RS of soil properties functions through two fundamental mechanisms: direct and indirect
sensing (Viscarra Rossel et al., 2009). Direct sensing measures soil properties through their
inherent spectral signatures, while indirect sensing relies on proxy indicators or vegetation
responses that reflect underlying soil conditions. Understanding these mechanisms is vital
for developing RS strategies to assess SC, a key factor influencing wheat productivity.

Ben-Dor et al. (2009) systematically evaluated the effectiveness of direct soil sensing across
the electromagnetic spectrum, finding that visible-near infrared (VNIR, 400-1000 nm) and
shortwave infrared (SWIR, 1000-2500 nm) regions demonstrate high effectiveness for
organic matter (R? = 0.65-0.89) and clay content (R? = 0.61-0.87), but only moderate
effectiveness for soil moisture (R? = 0.54-0.75). These findings align with Stenberg et al.'s
(2010) comprehensive review, which established that the effective hierarchy for direct soil
sensing follows: organic constituents > mineralogical properties > physical structure >
dynamic properties like compaction.

In recent experimental work using the HSC described in Chapter 3, under controlled
laboratory conditions to assess its effectiveness in direct soil moisture sensing. The setup
involved scanning soil samples within an enclosed environment illuminated by four 50-watt
halogen lamps, ensuring consistent lighting conditions. Soil samples were prepared with
moisture contents ranging from 0% to 50% on a wet basis, in 5% increments. The resulting
spectral signatures, depicted in Figure 2.1, display distinct variations corresponding to the
different moisture levels, highlighting the sensitivity of hyperspectral imaging to soil
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moisture content. A predictive model developed from this spectral data achieved a cross-
validation coefficient of determination (R?) of 0.867, as shown in Figure 2.2, indicating a
strong correlation between the spectral signatures and soil moisture levels. These results are
consistent with findings from the literature when similar bare soil conditions and
measurement protocols are used. However, the effectiveness of direct sensing may be
reduced under unpredictable field conditions due to factors such as surface roughness,

vegetation cover, and variable soil moisture distribution.
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Figure 2.1: Spectral results of room scanning of soil moisture with HSC

The non-linear relationship between soil moisture content and hyperspectral reflectance
shown in Figure 2.1 follows a well-documented pattern in literature. The initial decrease in
reflectance with increasing moisture (0-25%) occurs because water molecules absorb light
and darken the soil's appearance, following established water absorption principles in the
VNIR/SWIR regions. The unexpected reflectance increase, at higher moisture levels (30-
50%) is explained by Lobell and Asner (2002) as the result of water film formation on soil
particles creating specular reflection that increases albedo. This physical transition occurs
because at approximately 25% moisture content, the soil approaches saturation with most
pores filled with water, while at 50%, water mass equals soil particle mass. This
fundamentally changes the optical properties of the surface, reducing the shadowing and
roughness effects that decrease reflectance in moderately moist soils. The resulting water-
filled surface creates more specular (mirror-like) reflection than the diffuse reflection
characteristic of drier soils. This phenomenon varies with soil texture, with clay soils showing
the most pronounced inflection point, typically around 25-30% moisture content, due to
differences in pore size distribution and water retention properties (Tan, 2014).
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Figure 2.2: Plot of predicted moisture content against actual moisture content

For SC specifically, Naderi-Boldaji et al. (2013) demonstrated that direct spectral assessment
of BD achieved limited success (R* = 0.31-0.58), primarily because compaction affects
spectral signatures indirectly by altering soil surface characteristics rather than through
distinct absorption features. Given these limitations, researchers have increasingly turned to
indirect sensing approaches for compaction assessment.

Indirect sensing effectiveness for SC has been evaluated through two primary pathways: (1)
correlating spectral properties with field measurements of penetration resistance and BD, and
(2) assessing vegetation responses to compaction stress. Vegetation indices, such as NDVI,
are widely used as proxies for plant health and can indirectly reflect underlying soil
conditions, including compaction stress. (Barnes et al., 2000) established moderate
correlations (R? = 0.45-0.67) between vegetation indices and penetrometer readings in cotton
fields, while Tracy et al. (2013) achieved improved correlations (R*> = 0.58-0.74) by
incorporating temporal dynamics of vegetation stress responses.

Adamchuk et al. (2018), conducted a meta-analysis and quantified the effectiveness of RS
across different soil properties, suggesting that the effectiveness hierarchy for indirect
sensing follows: nutrient deficiencies (R* = 0.65-0.85) > water stress (R?* = 0.60-0.80) >
structural limitations including compaction (R? = 0.40-0.65). This hierarchy reflects the more
complex causal pathways between soil physical properties and observable spectral responses.
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Collectively, these findings highlight the potential of RS, both direct and indirect-for
assessing soil properties relevant to wheat production, with important implications for site-
specific management and PA.

2.2.1.2. Spatial and temporal resolution considerations

The effectiveness of RS is linked to spatial and temporal resolution capabilities. Mulder et al.
(2011) established that soil property mapping requires spatial resolutions of 5-20 m for field-
scale applications, while crop stress monitoring may require finer resolutions of 0.5-5 m to
capture early indicators of SC stress. This creates an important resolution threshold that
influences platform selection.

Temporal effectiveness follows definite patterns across the growing season. Fitzgerald et al.
(2006) documented that early-season imagery (Emergence to Tillering in wheat) provides
superior information about soil background properties (including SC) with effectiveness
metrics 30-45% higher than mid-season imagery when vegetation coverage exceeds 40%.
Conversely, mid-season imagery (stem Pinnacle to Heading) better captures the cumulative
effects of SC on crop performance, with Jin et al. (2017) reporting peak correlation
coefficients (r = 0.78-0.84) between vegetation indices and known compaction zones during
this period.

2.2.1.3. Penetration depth limitations

A major drawback in RS effectiveness is penetration depth. While SC often extends 15-30
cm into the profile, soil surface optical sensing is limited to the top few millimeters.
Hartemink and Minasny (2014) established that this surface limitation creates an
effectiveness gap, with direct correlations between surface reflectance and subsurface
compaction typically achieving R? values below 0.40 without additional covariates. This
limitation underscores the challenge of relying solely on surface reflectance to infer deeper
soil conditions, which are critical for accurate compaction assessment.

This gap has prompted the exploration of alternative approaches, including indirect sensing
from vegetation and residual land covers, which can integrate information from deeper soil
layers through plant responses and surface residue patterns (Knorr et al., 2025; Van Der
Leeuw et al., 2024; Yang et al., 2021). Additionally, multi-sensor fusion approaches have
been developed to enhance subsurface property estimation. Mohanty et al. (2017)
demonstrated that integrating optical data with microwave sensing (such as SAR)
significantly improves BD predictions, achieving R? values of 0.68-0.73 across varied soil
conditions-a 27-35% improvement over optical-only models. Such developments highlight
the potential of combining multiple sensing modalities to bridge the effectiveness gap and
provide more comprehensive assessments of SC.
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2.2.1.4. Prediction accuracy across properties

Reviews by Ge et al. (2011) and Kuang et al. (2012) compared prediction accuracies across
soil properties using hyperspectral sensing, establishing a consistent accuracy hierarchy in
terms of Ratio of Performance to Deviation (RPD): texture (RPD = 1.8-2.4) > organic matter
(RPD = 1.7-2.3) > moisture content (RPD = 1.5-2.1) > bulk density (RPD = 1.4-1.8). This
hierarchy reflects the directness of spectral relationships, with BD and SC showing
consistently lower prediction accuracies due to their indirect spectral expressions.
Consequently, there is a need to adopt indirect sensing approaches-such as monitoring
vegetation or residual land covers-to predict properties linked to BD and improve estimation
accuracy.

For wheat specifically, Gomez et al. (2016) quantified prediction effectiveness for key soil
properties affecting root growth, achieving RPD values of 2.1 for clay content, 1.9 for organic
carbon, 1.6 for soil moisture, and 1.5 for BD, confirming the consistent effectiveness gradient
across properties relevant to SC assessment.

RPD: values >2.0 indicate excellent predictions, 1.4-2.0 indicate good predictions suitable
for quantitative applications, and <1.4 indicate predictions useful only for qualitative
screening.

2.2.2. Sensing methods

RS techniques for soil and crop parameter estimation incorporate diverse platforms, sensors,
and analytical approaches. The reviews of the primary methodological strategies utilized for
assessing soil properties related to compaction and the resulting crop responses are
considered under this section.

2.2.2.1. Platform-Based Classification

RS platforms comprise satellites, aircraft, UAVs, and proximal sensors, each offering unique
spatial and temporal advantages. Satellite-based sensing (e.g., Sentinel-2, WorldView-3)
provides broad coverage and moderate resolution, useful for regional mapping but with
limited sensitivity to subtle SC gradients (R?= 0.5-0.64) and higher costs for finer resolutions
(Castaldi et al., 2019; Mohite et al., 2023; Rogge et al., 2018). Aerial platforms (e.g.,
hyperspectral aircraft, UAVs) balance coverage and detail, with UAV-based multispectral
systems showing strong correlation (85-92%) with ground truth of developmental parameters
in wheat fields (Ishimwe et al., 2014). Proximal sensors (e.g., spectroradiometers, active
sensors) offer the highest resolution and signal quality, detecting early stress (R* = 0.72-0.78
for BD) but are limited to small areas (Kodaira and Shibusawa, 2020).

2.2.2.2. Sensor Technology Classification
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Multispectral sensors (4-10 bands) remain widely used, with indices like NDVI moderately
correlated with SC (r = -0.57 to -0.68) (Bronson et al., 2005; Stafford, 2000). Hyperspectral
sensors (hundreds of bands) enable more precise identification of soil structural features,
outperforming multispectral approaches (R? = 0.69-0.82 for BD) (Gomez et al., 2008;
Viscarra Rossel et al., 2006). Thermal infrared sensors detect water stress linked to
compaction, with canopy temperature differences providing useful indirect indicators (78%
accuracy) (Jones et al., 2009). Microwave sensors (SAR) penetrate deeper, improving BD
estimation (R? = 0.58-0.66), especially when combined with optical data (23-31% accuracy
gain) (Baghdadi et al., 2012; Castaldi et al., 2016). LiDAR measures surface and canopy
structure, indirectly identifying SC-prone areas (R? = 0.61-0.72) (Keller et al., 2007).

2.2.2.3. Analytical Methods

Vegetation indices (e.g., NDVI) and their temporal analysis improve compaction zone
delineation (Xue et al., 2025). Spectral unmixing isolates soil signals in partially vegetated
fields (83% accuracy) (Somers et al., 2011). Machine learning (SVR, RF, CNNs, PLSR)
outperforms traditional regression for BD prediction (Nawar et al., 2016). Radiative transfer
models and data fusion (optical, thermal, radar) further enhance accuracy (34% improvement
over single-sensor approaches) (Castaldi et al., 2019; Verrelst et al., 2012). Spatiotemporal
frameworks (e.g., EOF analysis) and explainable Al improve interpretability and robustness
(Montero et al., 2009; Tsakiridis et al., 2019).

2.2.2.4. Current Trends and Future Directions

Multi-scale integration (satellite, UAV, proximal) and high-frequency temporal sampling are
improving the detection of subtle SC effects (Ge et al., 2007). Transfer learning and
explainable Al address model transferability and interpretability (Padarian et al., 2019;
Tsakiridis et al., 2019), while autonomous multi-sensor platforms increase spatial variability
detection by 36% (Shamshiri et al., 2018). The indirect HSC soil BD sensing method aligns
with these advances by integrating vegetation or residual land cover spectral response with
GTD-based SC models. By leveraging the plant and residual land cover as a bio-indicator of
subsurface conditions, the limitations of direct sensing could be overcome and provide robust,
actionable insights for PT.

2.3.  Spatial variability concepts

Understanding spatial variability is fundamental to SC management in PA. This theoretical
framework characterizes, analyzes, and interpret spatial patterns of soil properties, with
emphasis on quantifying SC across agricultural fields and its impact on wheat productivity.

2.3.1. Scale-dependent relationships in soil physical properties
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Soil properties exhibit distinct patterns of variability across spatial scales, from microscopic
pore networks to landscape-level gradients. These scale-dependent relationships significantly
affect SC dynamics and measurement approaches.

At the microscale (1-100 um), SC modifies pore connectivity and size distribution, which
directly impacts root penetration and water transport. Dexter's (2003) soil quality framework
establishes that compaction-induced changes to micropore distribution follow predictable
patterns based on soil texture, with clay soils showing greater sensitivity to structural
degradation than sandy soils. The scale-dependent relationship between BD and pore size
distribution follows a power law function, where a slight increase in BD disproportionately
reduces macro-porosity, while preserving micropores (Horn et al., 1995).

At the mesoscale (0.1-10 m), compaction heterogeneity creates distinct zones with varying
physical and hydraulic properties. The spatial organization of these compaction patterns
follows boundary-line theory, where property relationships exhibit stronger correlations
within homogeneous zones than across zone boundaries (Shahin et al., 2020).

At the field scale (10-1000 m), topography and soil type create hierarchical patterns of
variability in compaction vulnerability. According to Webster’s (2000) nested hierarchy
concept, SC variance can be partitioned into distinct spatial components corresponding to
broad topographic features (accounting for 40 to 60% of total variance) and localized
management effects (accounting for 20 to 40% of variance). Specifically for wheat fields,
Mouazen and Ramon (2006) found that topography-driven patterns of soil moisture create
predictable spatial organization of compaction severity, with accumulation zones showing 25
to 40% higher susceptibility to compaction than well-drained positions.

These scale-dependent relationships create a theoretical basis for multi-scale monitoring
approaches. Lark's (2011) wavelet analysis framework provides a mathematical
formalization for decomposing soil property variation into scale-specific components,
allowing identification of the dominant scales at which compaction patterns emerge. For
wheat production systems, Atwell (1990), Mondal and Chakraborty (2023), and Richard et
al. (2001) established that the critical scales for monitoring compaction effects on root
development occur at 5-15 cm vertically and 10-25 m horizontally, corresponding to key
rooting zone constraints and machinery-induced patterns, respectively.

The integrative theory of scale-dependent hierarchy (O’Neill et al., 2021) provides a unifying
framework, suggesting that processes at one scale constrain and condition those at finer
scales. For SC, this means that landscape-scale patterns create the template within which
management-induced compaction operates, which in turn constrains microscale root-soil
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interactions. This hierarchical constraint concept is essential for designing efficient sampling
strategies that capture the relevant scales of variation for wheat productivity assessments.

2.3.2. Geostatistical principles for soil compaction mapping

Geostatistical methods provide the theoretical foundation for quantifying and mapping
spatial patterns of SC. These methods rely on the concept of spatial autocorrelation, where
measured values at neighboring locations tend to be more similar than those farther apart.

The semi-variogram function operates as the basis of geostatistical analysis, quantifying the
degree of spatial dependence in soil properties. For SC parameters, semi-variograms
typically show distinct structural properties that reflect fundamental processes. Cambardella
et al.'s (1994) spatial dependence ratio (nugget-to-sill ratio) provides a standardized measure
for classifying spatial dependence strength. In agricultural fields, penetration resistance
typically shows moderate to strong spatial dependence (ratio <0.50), while BD often
demonstrates weaker spatial structure (ratio 0.50-0.75) due to greater measurement
variability (Veronesi et al., 2012).

The theoretical range parameter from variogram models represents the distance beyond
which samples become spatially independent. For SC metrics in wheat fields, typical ranges
span 20-60 m, corresponding to the scale of machinery operations and soil management
zones (Kerry and Oliver, 2007). Kerry and Oliver's (2007) sampling optimization framework
indicates that effective characterization of compaction patterns needs sample spacing at
approximately half the range distance, translating to 10-30 m grid sampling for most
agricultural fields.

Kriging interpolation, based on variogram parameters, presents theoretically optimal
predictions at unsampled locations. For SC mapping, ordinary kriging typically gives better
results than inverse distance weighting because of the incorporation of spatial structure
information (Mueller et al., 2001). However, compaction parameters often demonstrate non-
stationarity (trending surfaces) that violate kriging assumptions. In such cases, universal
kriging or regression kriging incorporating topographic covariates provides more robust
predictions, reducing estimation errors by 15-30% compared to ordinary kriging (Odeh et al.,
1995).

The nugget effect in compaction variograms represents measurement error and sub-grid
variability. For penetrometer resistance, this unresolved variance typically accounts for 20 to
40% of total spatial variation (Corwin and Lesch, 2005). This theoretical limit on mapping
accuracy sets the minimum achievable uncertainty in compaction assessment when using
point measurements, emphasizing the value of continuous sensing approaches that can
resolve fine-scale spatial patterns.
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Co-regionalization theory (Goovaerts, 1997) provides a framework for analyzing multiple
interrelated soil properties simultaneously. The linear model of co-regionalization (LMC)
partitions spatial covariance into scale-specific components, revealing how relationships
among compaction metrics and crop performance change across spatial scales. Webster et al.
(2006) demonstrated that soil-root interactions show scale-dependent correlations, with
stronger relationships emerging at the scale of management zones (20 to 50 m) than at either
finer or coarser scales.

For wheat-specific compaction mapping, the incorporation of ancillary data through hybrid
geostatistical approaches has theoretical advantages. McBratney et al. (2003) scorpan
framework formalizes this integration, showing how compaction predictions can be
improved by incorporating soil type, topography, and management history covariates. In
practice, regression kriging incorporating these factors typically reduces prediction error
variance by 25-45% compared to traditional kriging approaches (Knotters et al., 1995).

2.3.3. Temporal stability of spatial patterns in field conditions

Spatial patterns of SC show varying degrees of temporal stability, depending on pedological,
climatic, and management factors. Understanding this temporal dimension is essential for
developing sustainable SC management strategies.

The concept of time-stability analysis, introduced by Vachaud et al. (1985), provides a
theoretical framework for quantifying the persistence of spatial patterns across time. For SC
parameters, Starr (2005) demonstrated that relative difference analysis can identify field
locations that consistently maintain their rank order of compaction severity across seasons.
In wheat production systems, locations with extreme SC values (either extremely high or
extremely low) typically show greater temporal stability (Spearman rank correlations >0.8
across seasons) than locations with intermediate values (r = 0.4 to 0.6).

The temporal persistence of SC patterns follows the dynamic equilibrium theory proposed
by Huisman et al. (2003), which suggests that soil physical properties tend toward
characteristic steady states determined by the balance between compaction and natural
recovery processes. For agricultural soils, SC patterns induced by heavy machinery can
persist for 3-7 years without remedy, with decay rates following negative exponential
functions modulated by soil texture and climate (Hakansson and Reeder, 1994).

Freeze-thaw and wetting-drying cycles are the primary natural mechanisms for SC
alleviation, but their effectiveness varies significantly across climatic zones. SC recovery
rates depend on soil texture, climate, and management practices. Coarse-textured soils in
warmer climates often recover from compaction within five years, whereas fine-textured
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(clayey) soils in cooler climates may take decades to return to pre-disturbance conditions
(Page-Dumroese et al., 2021; Saco et al., 2021).

Management-induced modifications interact with natural temporal dynamics, creating
complex temporal patterns. Cassel (1983) cumulative effects model implies that repeated
traffic over the same areas leads to non-linear increases in compaction severity, with each
subsequent pass causing diminishing additional SC after 3 to 4 passes. This theoretical
saturation effect establishes an upper bound on compaction severity in intensively trafficked
areas.

For wheat production systems specifically, root-induced structural changes create crop-
specific temporal patterns. The bio-drilling effect measured by Cresswell and Kirkegaard
(1995) suggests that wheat roots can partially improve SC through physical and biochemical
processes, reducing BD by 3 to 7% over a growing season in the active rooting zone. This
biological recovery is most significant in the 5 to 15 cm depth range where root density is
highest.

Wavelet-based time-series analysis provides a mathematical framework for separating
cyclical and trend components in temporal SC dynamics. Milne and Lark (2009)
demonstrated that most agricultural fields demonstrate both seasonal oscillations in SC
severity (driven by moisture cycles and cropping patterns) and longer-term trends related to
cumulative management effects. For wheat-based rotations, the dominant temporal cycle
typically spans 1 to 2 years, reflecting the interaction between seasonal dynamics and
rotational patterns.

The temporal stability of spatial patterns has significant implications for sampling efficiency.
According to Douaik et al.'s (2006) temporal sampling optimization theory, understanding
the temporal stability characteristics of SC patterns can reduce monitoring requirements by
60 to 75% through strategic sampling of representative locations. For wheat systems, this
typically translates to monitoring a subset of 15 to 25% of field locations that capture the
extremes and mean conditions of SC severity.

This theoretical understanding of spatial variability concepts across scales, geostatistical
principles, and temporal stability forms the foundation for developing effective monitoring
and management strategies for SC in wheat production systems. It confirms the conceptual
framework for designing spatially and temporally optimized sampling schemes, interpreting
observed patterns, and implementing targeted interventions to maintain SC within the
optimal range for wheat productivity.

2.4. Precision agriculture decision framework for soil compaction management
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This framework provides a suited theoretical foundation for research on PT decisions based
on important soil physical properties that directly impact SC. It delves into relevant
mathematical relationships and specific threshold necessary for PT planning within the PA
framework.

2.4.1. Threshold determination for intervention

The foundation of successful PT depends on establishing scientifically appropriate thresholds
for soil physical properties that prompt site-specific intervention. For SC management, BD
and PD serve as primary quantitative indicators that inform tillage decisions.

2.4.1.1. Theoretical basis

The theoretical basis for threshold determination based on soil physical properties related to
SC comes in three categories as follows:

e Soil-specific critical value theory: This establishes that intervention thresholds for
BD must be texture-dependent, as the impact of a given BD varies significantly across
soil types (Horn et al., 1995). The critical BD value (BDdit) can be expressed as a
function of clay content (CC):

BDcrit = f(CC) (2. 1)
where intervention becomes necessary when measured BD > BDi¢

o Packing density frameworks: Building upon BD limitations, packing density (PD =
BD + 0.009 x CC) provides a texture-corrected parameter that enables consistent
thresholds across varying soil types (Naderi-Boldaji et al., 2016). This offers a unified
metric where: PD < 1.40 g/cm?: No intervention needed 1.40 < PD < 1.75 g/cm?:
Moderate intervention recommended PD > 1.75 g/cm?®: Intensive intervention
required. These set thresholds are general and do not tailor the recommendations to
the specific crop requirements of crop being cultivated.

o Depth-stratified threshold models: Recognizing that SC severity and its impact on
root growth vary with depth, creating a theoretical framework where intervention
thresholds form a depth-dependent function rather than static values (Schjenning et
al., 2015).

These theoretical basics converge to form a tillage decision threshold framework that is:

1. Texture-specific: Accounting for how soil composition modifies the agronomic
significance of density measurements
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24.2.

Depth-differentiated: Recognizing the varying implications of compaction at
different soil horizons

Crop-responsive: Incorporating a general crop-specific tolerance thresholds for root-
restricting BD

Multi-criteria decision models for variable-rate operations

PT needs balancing multiple objectives including alleviating SC, minimizing energy
consumption, preserving soil structure, and optimizing economic returns through formal
multi-criteria frameworks that integrate bulk and PD data.

2.4.2.1. Theoretical components

The theoretical component to consider in instituting multi-criteria decision for variable-rate

tillage operation includes:

Soil resistance-density functions: Mathematical relationships measuring how tillage
energy requirements increase exponentially with BD and PD, enabling energy-
optimized variable-rate tillage(Destain et al., 2016).

Compaction-yield response models: Functional relationships between measured
soil physical properties (BD/PD) and crop yield potential, enabling economic
evaluation of tillage interventions across field zones (Batey, 2009):

Relative Yield = f(BD, soil texture, crop type, moisture regime) (2.2)

Environmental impact functions: Theoretical frameworks linking tillage intensity
to soil carbon dynamics, erosion risk, and greenhouse gas emissions as functions of
pre-tillage soil physical properties (Abdalla et al., 2013).

The integration of these theoretical elements enables:

l.

2.43.

Site-specific tillage optimization: Variable-depth and variable-intensity tillage
prescriptions based on spatially explicit BD/PD measurements.

Economic threshold determination: Cost-benefit frameworks for tillage that
incorporate fuel consumption, equipment wear, yield benefits, and soil health
implications.

Sustainable tillage planning: Balancing immediate SC alleviation with long-term
soil structural stability.

Uncertainty management in precision tillage decisions
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PT based on BD and PD measurements faces multiple sources of uncertainty that must be

formally addressed within the decision framework.

2.4.3.1. Theoretical Framework

The key factors to consider in managing uncertainty in PT decision are as follows:

Measurement error propagation theory: Mathematical formulations of how
sampling and measurement errors in BD and PD assessment propagate through the
decision models, enabling confidence-adjusted tillage recommendations (Marchant
and Lark, 2007) represented in Eq. 2.3.

BD_measured = BD _true + error in measurement (2.3)

Temporal dynamics models: Theoretical constructs capturing the temporal
instability of BD and PD because of wetting-drying cycles, biological activity, and
natural consolidation, informing optimal timing of both measurements and tillage
operations (Obour et al., 2017).

Soil moisture-compaction state relationships: Frameworks for understanding how
moisture conditions affect both the measurement accuracy of soil physical properties
and the effectiveness of tillage interventions, incorporating soil moisture as a critical
uncertainty factor (Keller et al., 2019).

These theoretical constructions support:

1.

Probabilistic tillage prescription: Moving beyond deterministic thresholds to
express tillage recommendations as probability distributions based on confidence in
BD/PD assessments.

Seasonal intervention windows: Theoretical models identifying optimal timing for
both SC assessment and remediation based on moisture conditions.

Adaptive tillage strategies: Frameworks incorporating real-time soil physical
property sensing to adjust tillage depth and intensity during operation.

The integrated PT decision framework synthesizes these three theoretical domains into a
cohesive approach that enables evidence-based tillage management using BD and PD as
primary decision parameters. This framework provides the theoretical foundation for

translating soil physical property data into spatially explicit tillage prescriptions that optimize

soil structure while minimizing energy consumption and soil disturbance.

2.5. Conclusion
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This theoretical framework illustrates the complex interaction between soil physical
properties and agricultural decision-making for PT operations. At its foundation lies the
critical soil-root interface, where BD and PD directly impact root development, nutrient
acquisition, and crop yield in wheat production systems. The framework identifies that both
excessive and insufficient SC can negatively impact root growth and function, highlighting
the importance of finding an optimal balance between soil-root contact for efficient nutrient
uptake and suitable pore space for root exploration and aeration.

While the theoretical components presented in this chapter establish the mechanisms through
which SC affects wheat productivity, they also emphasize that the optimal SC level is not
universally defined but varies with soil texture, moisture conditions, and crop variety. This
context-dependency is evident in recent research demonstrating that compaction effects on
wheat are strongly modulated by environmental factors, with some studies also reporting
beneficial effects under water-limiting conditions (E-Ashid and Sheikh, 1977; Liu et al.,
2022; Yu et al., 2024).

The PA decision frameworks presented, from threshold determination to uncertainty
management, acknowledge this variability and provide the theoretical structure for site-
specific tillage management. However, the literature clearly indicates that identifying the
actual optimum SC level for a given production system requires empirical determination
through field experimentation rather than relying solely on theoretical predictions. This
recognition of the limitations of pure theory proves the importance of integrating the
conceptual frameworks in literature with field-based measurements and adaptive
management approaches to create a practical wheat-specific PT action plan.
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CHAPTER 3. METHODOLOGY AND EXPERIMENTAL DESIGN

3.1. [Experimental site characteristics and treatments

The study site was located at the experimental farm of Hokkaido University, located in the
central-western (Kita-Ku, Nishi-Jo) part of the Sapporo campus. Sapporo is in the
southwestern region of the Ishikari Plain, on the alluvial fan of the Toyohira River, a tributary
of the Ishikari River, in the Hokkaido Prefecture, Japan (Government of City of Sapporo,
2025). Sapporo is located between latitudes 42°46' N and 43°11' N, and longitudes 140°59'
E and 141°21' E (Government of City of Sapporo, 2025). The city has a humid continental
climate, characterized by a wide temperature range between summer and winter. Summers
are warm and humid, while winters are cold and snowy, with an average snowfall of 4.79 m
per year (Japan Meteorological Agency, 2024). Sapporo is one of the few cities in the world
with such heavy snowfall (Government of City of Sapporo, 2025). The city's annual average
precipitation is 1,100 mm, and the mean annual temperature range is -7.0 to 26.4 degrees
Celsius (Japan Meteorological Agency, 2024). Hokkaido Prefecture alone has 25% of Japan’s
cultivated land, and it is the leading producer of seventeen agricultural products, including
wheat and rice. The soil in the area consists of volcanic ash soils, brown forest soils, peat
soils, and heavy clay soils, which are highly fertile and have good water holding capacity
(NARO, 2017).

The Hokkaido University Experimental Farm, shown in Figure 3.1, has been a research
facility for agricultural studies since its establishment in 1876. The farm spans approximately
35 hectares of arable land. The fields are characterized by brown lowland soil (Fluvisol) with
a silty clay loam texture in the topsoil layer (0-0.3 m), which is representative of agricultural
lands in the Ishikari Plain region. The organic matter content of the soil in the experimental
plots typically ranges from 4.5% to 6.2%, with a pH(H20) of 5.8-6.2. A standardized crop
rotation system is applied at the farm, including wheat, potato, soybean, and sugar beet,
reflecting common agricultural practices in the Hokkaido region. The experimental fields
maintain detailed records of management history, including tillage operations, fertilization
regimes, and crop performance data, making it an ideal site for controlled agricultural
research. The annual mean precipitation at the farm site is approximately 1,150 mm,
marginally higher than the city average. Approximately 60% of the yearly precipitation falls
during the growing season, from May to September, creating good conditions for conducting
the experiments (Field Science Center for Northern Biosphere, 2025).
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Figure 3.1: Experimental field location

3.1.1.

Two experimental field setups were utilized for the distinct phases of the research.

Experimental treatments

3.1.1.1. Field 1: Remote sensing assessment for soil compaction measurement

The first field was a 30 x 160 m freshly harvested wheat field assessed at the end of July,
which corresponds to the typical harvesting period in Hokkaido. The residual vegetation
consisted of approximately 90% stubble and straw of the 'Harukirari' wheat variety, 4%
freshly emerging weeds (mainly Phleum pratense L. and Festuca pratensis Huds.), and 6%
bare soil. These soil coverage percentages were estimated through visual field inspection.

For comprehensive spatial analysis, the experimental field was divided into 48 grids, each
measuring 10 x 10 m, as illustrated in Figure 3.2. Soil samples were collected from three
depth ranges (0-0.1 m, 0.1-0.2 m, and 0.2-0.3 m), corresponding to typical plowing depths
for four tillage treatments: no tillage, shallow tillage, medium tillage, and deep tillage. This
sampling strategy enabled the vertical profiling of soil properties, which is critical for
assessing the effects of compaction. The violet circles in Figure 3.2 indicate the center of
each grid, where soil samples were collected. Measured properties were georeferenced to
these grid centers to facilitate spatial interpolations and generate a comprehensive
characterization of soil conditions across the entire field.
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Figure 3.2: First experimental field

3.1.1.2. Field 2: Controlled Soil Compaction Experiment

The SC experiment was conducted on a 17 % 18.9 m field selected for its uniform topography
to minimize variability. Before applying the five SC treatments, initial measurements of
particle size distribution, organic matter content, soil BD, and soil moisture content were
taken to confirm the spatial homogeneity of the field.

The experimental design, as shown in Figure 3.3, was a randomized complete block layout
with three replications for each compaction treatment. Each subplot measured 2.5 x 3.0 m.
This design was chosen to account for potential residual micro-environmental gradients
across the field and ensure robust statistical analysis.

Each subplot in Figure 3.3 received precisely controlled compaction treatments using a 400
kg vibratory plate compactor with 6.8 kW of power (Bomag Fayat Group, Germany). Target
BD levels were achieved for four compaction treatments (BD1 to BD4) and a Control subplot,
with BD1 representing the highest compaction level and BD decreasing incrementally to
BDA4. This systematic approach ensured that differences observed in wheat development and
yield components could be directly attributed to the applied SC treatments rather than
environmental variability or pre-existing field conditions.
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3.2. Platforms and instrumentation
3.2.1. Hardware

This research employed three primary instruments: (1) an NH-7 hyperspectral camera (EVA
Japan Co., Ltd.) operating in the 350-1100 nm range for non-invasive spectral analysis of
soil properties, (2) a JXBS-300-NPK-RS version 2.0 sensor (Weihai JXCT Electronic
Technology Co., Ltd., China) for in-situ measurement of soil physical parameters, and (3) a
SPAD-502 chlorophyll meter (Konica Minolta Sensing Singapore Pte Ltd., Singapore). for
rapid, non-destructive assessment of leaf chlorophyll content.

3.2.1.1. Hyperspectral imaging system

Hyperspectral imagery was acquired using the NH-7 hyperspectral camera shown in Figure
3.4. This is a push-broom imaging system that captures spectral data across the 350-1100 nm
range (near-ultraviolet to near-infrared), with a spectral resolution of 5 nm and 150 distinct
spectral bands. The camera features a 1.31-million-pixel CMOS sensor with a spatial
resolution of 1280 x 1024 pixels.

The NH-7 spectroscopic imaging system features an internal scanning mechanism,
eliminating the need for external movement of either the camera or the subject during image
shooting. This design enhances data stability and makes the system well-suited for field
applications. The NH-7 provides a 60-degree field of view and achieves a complete
hypercube acquisition in just 7.7 seconds, ensuring efficient and reliable spectral data
collection. These attributes make the camera suitable for rapid data collection and prompt
data analysis, which enhances PT planning in this research.
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For field data collection, the camera was mounted on an adjustable tripod and positioned at
a consistent height of 0.75 m above the surface of the residual vegetation or crop, with the
lens angled 38 degrees from the vertical. This configuration maintained uniform spatial
resolution across all sampled plots while minimizing shadow effects. The tripod used ensured
stable positioning for consistent image quality across the variable field terrain.

Calibration was performed before each imaging session using a Spectralon® reference panel
(Labsphere Optical Equipment Co., Ltd., China) to account for ambient light conditions. All
images were collected between 10:00 and 14:00 under bright sky conditions to minimize the
effects of diurnal illumination variations and to standardize solar zenith angles across the
dataset.

NH-7 Hyperspectral
camera

Spectralon® reference
panel

Figure 3.4: NH-7 hyperspectral camera
3.2.1.2. JXBS-300-NPK-RS sensor

Soil moisture sensor system

The JXBS-300-NPK-RS (Figure 3.5) was specifically utilized for in-situ measurement of
soil moisture content in this study. While this integrated sensor system is designed with ion-
selective electrode (ISE) technology to measure both soil macronutrients and moisture, only
the moisture measurement functionality was utilized due to reliability considerations.

Technical specifications

Moisture measurement principle: Electrical conductivity/resistivity
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Moisture measurement range: 0-100% volumetric water content
Operating voltage: 12 - 24V DC

Response time: <2 seconds

Communication protocol: Modbus-RTU via RS-485 interface
Environmental tolerance: Operating temperature range of -20°C to +60°C

Transmitter

DCIN

PC

RS 485 to USB

Figure 3.5: JXBS-300-NPK-RS sensor

I
%

Measurement methodology

The JXBS-300-NPK-RS sensor utilizes the electrical conductivity principle to measure
volumetric water content. For this research, the probe was directly inserted between 0-0.3 m
at each sampling location to capture soil moisture conditions of the root zone. After insertion,
readings were recorded following a 30-second waiting period as protocol to ensure signal
stabilization.

The sensor's rapid data acquisition capability (<2 seconds per reading) facilitated efficient
mapping of spatial moisture variability across the experimental subplots, which was
influenced by varying soil SC levels. This fast assessment was particularly advantageous for
monitoring changes in soil moisture conditions throughout different crop growth stages.

Sensor calibration and usage

Before the seven-in-one soil sensor (JXBS-500-NPK-RS version 2.0, Weihai JXCT
Electronic Technology Co., Ltd., China) was used for rapid soil properties measurements to
reduce the time-consuming process of repeated sampling and laboratory analyses, the sensor
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was calibrated. The parameters and error margins of the sensor are available in the sensor’s
manual (JXCT, 2020). After evaluation, we identified the need for calibration for certain
properties. The pH and soil temperature sensing had acceptable margins of error, while P, K,
N, and moisture content measurements were not precise. For this study, the sensor was
calibrated to measure soil volumetric moisture content, moisture content dry basis, and
moisture content wet basis.

The calibration process started by drying 1.5 kg of agricultural soil using the oven drying
method (Motsara et al., 2008). To standardize the soil volume measurement, three clean
graduated cylinders were filled with oven-dried soil. The cylinders were tapped three times
from a height of 0.1 m to facilitate natural particle settling. Soil was incrementally added
until reaching the 32 mL mark, representing the combined volume of voids and solids. The
weight of solids (m;) is calculated by subtracting the weight of the cylinder from the
combined weight of the cylinder plus the soil, before adding an amount of deionized water
(my) corresponding to about 1.5 times the volume of material in the cylinder. The content
was then covered in aluminum foil to limit evaporation or moisture gain and was allowed to
rest for 24 hours at room temperature. This method determined the volume of solids (vy) by
subtracting the volume of water (v,) added and the excess clear water (vex) above the
sediments from the final sediment volume (vr), as shown in Eq. 3.1. When the vy is set, the
vy 1s adjusted from 5% of the soil/solids mass to 100%. VMC is calculated using Eq. 3.2,
MCW is calculated using Eq. 3.3, and MCD is calculated using Eq. 3.4. The relation between
the calculated values using Egs. 3.2 to 3.4, and the sensor readings are plotted in Figure 3.6.
When a known moisture level is set, the setup is covered with aluminum foil for 24 hours to
achieve a homogeneous mixture before measuring using the sensor. This step is valuable in
setting up a low moisture content soil. The water must blend with the soil uniformly before
the sensor can read the true value of the soil moisture content.

volume of solids (vy) = vy — (VU — Vey) (3.1)
volumetric moisture content (VMC) = (v,,/vr) (3.2)
moisture content wet basis(MCW) = (m,,/my) (3.3)
moisture content dry basis (MCD) = (m,,/my) (3.4)
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Figure 3.6: Sensor calibration plot

The functions generated for correcting the sensor readings into VMC, MCW, and MCD are
given by Egs. 3.5 to 3.7. The respective R? of the functions are 0.9688, 0.9323, and 0.9758
as indicated in Figure 3.6. The difference in the calibration plot in Figure 3.6 is linked with
the empirical formulas for calculating the different moisture contents presented in Eqs. 3.2
to 3.4. The zero-moisture content measure is the same for MCD and VMC, while it is
practically impossible to achieve zero MCW. Furthermore, MCD reaches 100% when the
soil weight and the weight of water are equal, but 100% MCW or VMC means only water
without soil. The VMC plot’s appearance results from added water progressively filling soil
pores. Initially, this creates a proportional increase in water volume relative to the total soil-
water system. This trend continues until the soil reaches its field capacity at around 80%.
Beyond this point, the soil enters a 'free water dominance' regime. Here, excess water
accumulates beyond the soil’s pore space, leading to the parabolic effect observed in the plot.

VMC = —2.0741x? + 3.1768x — 0.0944 (3.5)
MCW = 0.9951x + 0.0828 (3.6)
MCD = 2.7812x — 0.046 (3.7)

3.2.1.3. SPAD-502 chlorophyll meter

Chlorophyll content assessment system

41



Chapter 3. Methodology and Experimental Design

The SPAD-502 Plus in Figure 3.7 was used for non-destructive assessment of leaf chlorophyll
level in the wheat crop. This portable chlorophyll meter provides rapid quantification of
relative chlorophyll concentration through optical density measurements at two specific
wavelengths.

Technical specifications

Measurement principle: Dual-wavelength optical absorbance (650 nm and 940 nm)
Measurement area: 2 mm %X 3 mm sampling window

Measurement range: -9.9 to 199.9 SPAD units

Resolution: 0.1 SPAD units

Accuracy: £1.0 SPAD units for SPAD values between 0.0-50.0

Response time: Approximately 2 seconds

Storage capacity: 30 measurements with averaging function

Power source: Two AA alkaline batteries (approximately 20,000 measurements per set)

Receptor
window

Figure 3.7: SPAD-502 Plus chlorophyll meter

Measurement methodology

The SPAD-502 Plus was used to quantify leaf chlorophyll content by measuring the
difference in light attenuation at 650 nm (red light, absorbed by chlorophyll) and 940 nm
(near-infrared, used as an internal reference). Measurements were consistently taken from
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the most recently fully expanded leaf, at the midpoint between the leaf margin and midrib,
while avoiding major leaf veins to ensure accuracy.

For each experimental subplot, SPAD readings were collected from ten randomly selected
plants and averaged to produce a single representative SPAD value per subplot. To minimize
diurnal variation, all measurements were conducted between 10:00 and 14:00. Chlorophyll
content was tracked at critical growth stages: Tillering, Pinnacle, Heading/Beginning of
flowering, Milk formation, and Milk ripening.

The SPAD values provided a non-destructive proxy for leaf health status and nutrient
availability. These measurements offered insights into potential nutrient accessibility
limitations caused by varying SC treatments. Using this SPAD meter ensured that the crop
integrity is preserved for the subsequent developmental stage assessments.

3.2.2. Software

The data analysis was conducted using an image analyzer for the NH-7 hyperspectral camera,
a combination of programming tools for image analysis, machine learning implementation,
and spatial mapping.

3.2.2.1. HSAnalyzer version 12

The hyperspectral images captured with the NH-7 camera were processed using HSAnalyzer
v12, which supported key preprocessing and analysis steps, including:

1. Image Correction: Raw hyperspectral images were corrected using a white reference
image (Spectralon® reference panel) captured under equal lighting conditions. This
step accounted for sensor response, non-uniformity, and lighting variability across the
spectral range, ensuring an accurate reflectance value for each pixel.

2. White and black Reference Calibration: The black and whiteboard image served as
a calibration baseline to convert raw intensity data into reflectance values. The two
images were captured before the subplot’s images were taken and applied during
correction to normalize reflectance across all wavelengths.

3. Region of Interest (ROI) Extraction: Specific regions of interest (ROIs)
corresponding to the target areas were manually selected within the HSAnalyzer
interface. This step minimized background noise and ensured that spectral
information was extracted exclusively from target areas, enhancing analytical
precision.

HSAnalyzer version 12 provided an efficient workflow for converting raw hyperspectral data
into reliable reflectance spectra, making the data suitable for further statistical and spectral
analyses.
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3.2.2.2. Python packages

In this study, several Python libraries were utilized to support data processing, spectral
analysis, and visualization of results. The Python language was chosen for its versatility and
extensive library support, which facilitated efficient data handling and analysis. NumPy
(version 1.26.4) provided efficient array operations and numerical computations, serving as
the foundation for data handling. Its ability to manage large datasets efficiently was
particularly beneficial for processing the hyperspectral data (Harris et al., 2020).

Pandas (version 2.2.2) was used for data manipulation, organization, and exporting results to
formats such as comma-separated values (CSV) (McKinney, 2010). This enabled easy
integration with other tools and facilitated data sharing. SciPy (version 1.13.1) aided
computation and statistical analysis, particularly in processing spectral data (Virtanen et al.,
2020). Its good statistical functions were essential for analyzing the complex spectral
signatures obtained from the hyperspectral image data.

For machine learning tasks, including predicting properties from hyperspectral data, Scikit-
learn (version 1.4.2) was employed. This library offers a wide range of algorithms suitable
for building predictive models (Pedregosa et al., 2011). Matplotlib (version 3.8.4) and
Seaborn (version 0.13.2) were used for result visualization, creating high-quality statistical
charts suitable for publication (Hunter, 2007; Waskom, 2021). These libraries enabled the
visualization of spectral waveforms and predicted-versus-actual property plots, which were
essential for interpreting the research findings.

All plots and analysis outputs were saved in standard formats such as JPEG and CSV to
facilitate further interpretation and reporting of research findings. Figures 3.8 and 3.9 show
a schematic diagram of the data processing workflow.

3.2.2.3. ArcGIS ArcMap

For spatial analysis and visualization, ArcGIS ArcMap (ESRI ArcGIS™ version 10.7.1;
ESRI, 2019, CA, USA) was employed to process geolocation data and generate distribution
maps of soil properties. The software facilitated the conversion of Keyhole Markup Language
(KML) files to layer and projected shape files. Two interpolation techniques were applied
within ArcGIS to process spatial data and generate soil property distribution maps. Ordinary
spherical kriging was used for soil properties mapping based on grid sampling points. This
geostatistical method accounted for spatial correlation, ensuring accurate predictions at
unsampled locations by modeling the variability of soil properties across the experimental
field.

For data from the controlled compaction experiment, the Inverse Distance Weighting (IDW)
was utilized with the default power parameter set to 2 and a search radius of 3 m to match
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the subplots' dimensions. IDW uses a deterministic approach where the influence of sampled
points diminishes with distance, giving greater weight to closer points within the specified
radius. This method provided a smooth interpolation surface suitable for analyzing
compaction effects across subplots.

Raster analysis tools within ArcGIS were used to transform the interpolated data into final
property distribution maps, enabling comprehensive visualization and interpretation of
spatial patterns.

3.3. Data collection protocols and sampling methods

The data collection protocol designed for the two experiments was used to characterize the
soil physical and chemical properties, as well as to quantify the effects of SC on wheat
performance.

3.3.1. Phase 1: Non-invasive soil properties assessment

In the first experiment, hyperspectral imaging was conducted using the camera described in
Section 3.2.1. The imaging was coupled with traditional soil core sampling to a depth of 0.3
m, with samples collected using a triangular sampling pattern (n=3 per grid) within forty-
eight 10x10 m grid subplots. Core samples were extracted using a 0.3 m T-shaped soil auger
to preserve soil structure. The dual-method approach established correlations between
surface spectral signatures and laboratory-measured SC indicators, including BD (g/cm?),
gravimetric moisture content (%), and organic matter content determined by loss-on-ignition.
Multiple regression and partial least squares regression techniques were employed to develop
predictive models that could estimate SC parameters non-invasively from the hyperspectral
image data.

3.3.2. Phase 2: Controlled compaction-crop response study

The second experimental field was divided into thirty subplots with five different SC levels
(1.17, 1.19, 1.24, 1.25, and 1.3 Mg/m?). Each compaction level had six replicates. Wheat
growth parameters were measured at five growth stages. These parameters included relative
crop growth rate, crop height, emergence count, crop population, and grain yield. Soil
moisture and nutrient access were also monitored to see how SC affected the crops'
development.

3.4. Analytical approaches and statistical methods
34.1. Statistical methods
3.4.1.1. Image pre-processing

The raw hyperspectral images underwent a series of pre-processing steps from steps 1 to 3,
as outlined in Figure 3.8 under the 'Phase-One' notation, to minimize noise and prepare the
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data for analysis. First, dark current correction was applied to reduce sensor-specific noise.
Next, reflectance calibration was performed using the white reference panels to convert raw
digital numbers into absolute reflectance values. Finally, geometric correction was applied to
account for camera positioning and ensure spatial accuracy across the study area using Eq.
3.8.

Observed reflectance

Corrected reflectance = (3.8)

sin 0

where 6 is the camera angle in degrees relative to the nadir (vertical) position. By dividing
by sin 6, the formula normalizes reflectance to a nadir-equivalent value, assuming a
Lambertian (perfectly diffuse) surface. This is a simplified version of corrections used in
satellite and UAV RS (Schaepman-Strub et al., 2006; Shunlin, 2003).

3.4.1.2. Reflectance extraction

Reflectance data extraction, represented in Figure 3.8 as ‘Phase-two’ was done using two
distinct methodologies tailored to the experimental contexts:

Experiment 1: ROI-based extraction

Regions of Interest (ROIs) were manually set out using field observations and ground-truth
markers. Mean spectral signatures for each ROI were calculated by averaging pixel values
within the defined boundaries, ensuring alignment with soil properties measured at
corresponding sampling locations (Thenkabail et al., 2000). This approach minimized
variability and ensured the spectral representativeness of ground-truth data.

Experiment 2: NDVI-based binarization

For the controlled compaction experiment, the Normalized Difference Vegetation Index
(NDVI) was computed as:

NIR—Red
NIR+Red

NDVI = (

) (3.9)

Where NIR and Red represent near-infrared (780 nm) and red (650 nm) reflectance,
respectively. A threshold of 0.05 was applied to separate vegetation (NDVI > 0.05) from non-
vegetation pixels (soil/debris) (Yang et al., 2021). Only vegetation-classified pixels were
retained for analysis at the step denoted as 3 in Figure 3.8, eliminating soil reflectance
interference. This allowed isolation of compaction-induced differences in vegetation
reflectance (indirect sensing) across growth stages and their linkage to soil properties
affecting crop development (Zhang et al., 2024).

3.4.1.3. Spectral pre-processing
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The extracted reflectance spectra from ‘Phase-One’ analysis (Figure 3.8) underwent
additional pre-processing during ‘Phase-Two’ to enhance signal quality and emphasize
spectral features associated with soil properties. To reduce noise at the edges of the spectrum,
wavelengths between 350 to 395 nm, and 1010 to 1100 nm were removed.

Savitzky-Golay filtering

A Savitzky-Golay filter was applied, following the method described by Demetriades-Shah
et al. (1990), to smooth spectral signatures while preserving key features. This technique uses
local polynomial regression to calculate smoothed values for each point in the spectrum. The
filter parameters were optimized with a window size of eleven points and a polynomial order
of 2, based on cross-validation performance.

First Derivative transformation

After smoothing, the first derivative of the reflectance spectra was calculated to enhance
subtle absorption features and minimize illumination variation (Curran, 1989). The first
derivative was computed as:

dR _ R(Aix1)—R(4)

" PR (3.10)

Where R(A1) represents reflectance at wavelength Ai. This transformation highlights changes
in spectral slopes, which are often more strongly correlated with soil properties than absolute
reflectance values Gao et al., 2000).
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Figure 3.8: Schematic diagram of image pre-processing (phase-one) and spectral data
preprocessing (phase-two)

3.4.1.4. Machine Learning Models

The pre-processed spectral data were combined at Step 4 (Figure 3.8) to enhance scale
sensitivity by integrating broad-scale patterns and fine-scale spectral features. This multi-
representation approach improves the detection of subtle soil property variations by
expanding the range of potential predictors, allowing feature selection algorithms to identify
the most relevant variables (Chlouveraki et al., 2025; Tissier et al., 2019). The combined data
served as input for the analysis at ‘Phase-three’ shown in Figure 3.9, where machine learning
models were trained to predict target soil and crop growth properties.

Model development

At the ‘Phase-three’ analysis stage, several regression models were evaluated to predict soil
properties using spectral data from Step 4 of the ‘Phase-two’ analysis stage. The models
included Partial Least Squares Regression (PLSR) (Wold et al., 2001), Random Forest (RF)
(Breiman, 2001), Support Vector Regression (SVR) (Cortes and Vapnik, 1995), Gradient
Boosting (GB) (Friedman, 2001), Lasso Regression (Tibshirani, 1996), Ridge Regression
(Hoerl and Kennard, 1970), and Elastic Net (ENET) (Zou and Hastie, 2005). These models
were trained using the spectral data as predictor variables and laboratory-measured soil
properties, such as BD and moisture content, as response variables.

To optimize model performance and address multicollinearity among explanatory variables,
a feature selection process was implemented before the model training. Partial Least Squares
Regression (PLSR) was initially utilized to identify key spectral wavelengths and measured
variables most relevant for predicting the target soil properties. PLSR reduces dimensionality
by identifying variables with high loading weights that contribute significantly to the
prediction of target variables (Mevik and Wehrens, 2007; Wold et al., 2001). This approach
helped minimize redundancy in the dataset while highlighting features strongly correlated
with target soil properties.

In cases where PLSR did not sufficiently resolve multicollinearity, typically due to its limited
capacity to detect redundancy among highly correlated variables, Variable Inflation Factor
(VIF) analysis was employed to improve the selection of explanatory variables and ensure
model stability. VIF quantifies the degree of multicollinearity by assessing how much the
variance of a regression coefficient is exaggerated due to correlations with other predictors.
Variables with VIF values exceeding a threshold of five were iteratively removed to stabilize
the final models and improve prediction accuracy (Kock and Lynn, 2012; O’brien, 2007) .
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This method of feature selection strategy ensured that only the most effective predictors were
retained for model development.

Training and validation

The dataset was divided using different approaches based on sample size. For the first
experiment (n=144), the data were randomly split into training (70%) and testing (30%)
subsets. For the second experiment (n=90), leave-one-out and 5-fold cross-validation
techniques were applied (Hastie et al., 2009; Kuhn and Johnson, 2013). The adoption of
different strategies in the analysis is to address sample size constraints and mitigate risks of
overfitting and model instability. Models were trained on the training subset with
hyperparameter optimization performed using k-fold cross-validation (k=5) (James et al.,
2021). Model performance was assessed using standard statistical metrics, including
coefficient of determination (R?), root mean square error (RMSE), mean square error (MSE),
and mean absolute error (MAE) (Chai and Draxler, 2014). The combination of spectral data
preprocessing and robust feature selection enhanced the models’ ability to detect subtle
differences in soil properties.

Feature importance analysis

For models supporting feature importance analysis, the contribution of individual
wavelengths to prediction accuracy was evaluated at Step 5 in Figure 3.9 . This analysis
identified the spectral regions most strongly associated with specific soil properties,
providing insights into the underlying physical and chemical mechanisms.

Model selection

Final model selection at Step 6 in Figure 3.9 was based on a combination of prediction
accuracy (RMSE, R?), model complexity, and computational efficiency (Kuhn and Johnson,
2013). The selected models were then applied to the entire hyperspectral dataset to predict
properties for the creation of spatial maps using ArcGIS (ESRI, 2019).
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Figure 3.9: Schematic diagram of model generation workflow (phase-three)

3.4.2. Spatial analysis
3.4.2.1. Geolocation and data preparation

The experimental fields' coordinates were plotted in Google Earth Pro to capture site
conditions during the data collection period accurately. Base markers were placed to define
field boundaries and establish measurement grids within the study areas, which measured 30
x 160 m and 17 % 18.9 m. The geolocation data was exported as a KML file to preserve
spatial references for subsequent analysis.

3.4.2.2. GIS processing and map generation

Spatial analysis was conducted using ArcGIS ArcMap (ESRI ArcGIS™ version 10.7.1, 2019,
CA, USA). The KML file containing the site coordinates was imported and converted into a
layer file. It was then projected using the UTM zone 54N, which is the UTM reference for
the experimental area, to generate a shapefile. These spatial references were integrated with
both ground truth data (GTD) and model-predicted soil and crop properties to generate spatial
distribution maps.

3.4.2.3. Interpolation methods

Two interpolation techniques were utilized depending on the specific analysis requirements:
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l. Ordinary spherical kriging described in Raid et al. (2013) was used to generate soil
property maps in the first experiment. This geostatistical method was chosen for its ability to
account for both the distance and spatial arrangement of known data points when predicting
values at unmeasured locations. A semi-variogram was used to model the spatial variability
of soil properties, ensuring that the resulting maps produced smoothly varying surfaces that
accurately reflect the underlying spatial structure. The semi-variogram method was used due
to its ability to capture complex spatial patterns.

2. Inverse Distance Weighting (IDW) interpolation described by Benmoshe (2025) was
utilized for the controlled compaction experiment. The coverage parameter was set to 3 m,
while the number of points was maintained at the default settings. IDW was chosen because
it effectively preserved the distinct boundaries between treatment areas, which were
rectangular subplots with specific compaction levels. This function of IDW was essential in
ensuring the accurate representation of treatment effects.

Raster analysis was subsequently performed on the interpolated data to create finalized
property maps that visualized the spatial distribution of soil characteristics across the study
area.

3.5. Conclusions

This chapter provides an overview of the methodology and experimental design employed in
this study conducted between 2022 and 2025. The experimental site characteristics were
described, including soil properties, climatic conditions, and the treatments applied across
test fields. The research utilized innovative platforms and instrumentation, such as
hyperspectral imaging technology and laboratory analytical equipment, to ensure high-
quality results. Systematic data collection protocols and efficient sampling methods were
applied to maintain consistency and reduce experimental error during both fieldwork and
laboratory analysis.

The data analysis process incorporated innovative image processing techniques, spectral
analysis methods, and machine learning approaches to extract meaningful information from
the hyperspectral data. The statistical methods were carefully selected and applied to ensure
strong model development, validation, and interpretation of results. This methodology proves
the scientific basis of the findings presented in later chapters and offers a reproducible
framework for future research in a similar area.
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CHAPTER 4. DEVELOPMENT OF REMOTE SENSING METHODOLOGY FOR
SOIL COMPACTION ASSESSMENT

4.1.Introduction

Expanding agricultural productivity through mechanization has contributed positively to cost
reduction, output value, income, and return rate of all types of crops (Khater et al., 2023;
Peng et al., 2022). This has encouraged the introduction of more advanced technologies in
agriculture to improve productivity and solve pertinent problems in the sector.

While the use of farm machinery offers many advantages, as reported by researchers such as
Diao et al. (2016), Hasan et al. (2020), and Ma et al. (2018), its environmental implications,
particularly soil compaction (SC), cannot be overlooked (FAO, 2020). The operation of
heavy machinery during the cropping season often leads to SC, which restricts root growth,
reduces water infiltration, and restricts crop development (Askari et al., 2021; Twum and Nii-
Annang, 2015). Tillage is commonly utilized to manage SC, with conventional and
conservation tillage being the most frequently used methods. However, these traditional
approaches are energy-intensive and costly, with conventional tillage increasing soil
susceptibility to erosion (Holland, 2004; D. Singh et al., 2023).

Modern innovative tillage practices, such as PT, aim to address SC by targeting areas in a
field that require mechanical action only, such as compacted layers (Kaufmann et al., 2010;
Shamal et al., 2016). PT has been shown to reduce energy consumption during tillage while
improving crop growth and yield (Shamal et al., 2016). However, executing PT requires
detailed information about soil conditions, which is traditionally obtained through invasive,
labor-intensive, and time-consuming field and laboratory experiments (Orangi et al., 2019;
Poppiel et al., 2022). These traditional methods are less practical for large fields because data
collection and processing can take months, cutting into valuable cropping seasons.

Some research efforts have focused on developing devices and methods for assessing SC
(Kodaira and Shibusawa, 2020; Shamal et al., 2016). While these tools are robust, they often
disturb the soil ecosystem during data collection. This makes them unsuitable for fields
sensitive to marginal disturbances, such as fields with high clay content (Gtirsoy, 2021).

This chapter explores the potential of hyperspectral camera (HSC) imaging for assessing soil
conditions related to SC. It aims to establish correlations between hyperspectral signatures
and key soil properties influencing SC. Additionally, it seeks to develop a standardized
workflow for processing hyperspectral data into spatial SC maps suitable for PT planning.
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4.2. Experimental methods

This research utilizes a dual-approach methodology that combines traditional laboratory
techniques with advanced remote sensing (RS) to evaluate SC conditions in a harvested
wheat field. The experimental design integrated ground truth data collection through
established soil density and other soil physical measurement protocols with HSC imaging to
develop a novel RS workflow for PT applications.

The methodology is built upon established research that has defined critical BD and PD
thresholds for tillage decision-making (Kaufmann et al., 2010; Shamal et al., 2016). While
previous studies have validated these thresholds for PT planning, they often relied on labor-
intensive or mechanically invasive soil sampling methods, limiting practical implementation
in most cases. This research methodology addresses this limitation by developing and
validating a hyperspectral imaging approach that can rapidly assess the SC status of fields.

The experimental framework was organized to evaluate the relationship between spectral
signatures captured by HSC and soil physical properties measured through traditional
laboratory analysis. The significant contribution of this study lies in establishing a
comprehensive RS workflow that translates hyperspectral data into site-specific tillage
recommendations, thereby enhancing the feasibility of PT adoption in commercial
agriculture.

4.2.1. Field data collection method

A grid sampling method was utilized for this study; samples and data were collected from
three points in each grid. A 0.3 m T-shaped soil auger was used to extract representative soil
samples from three depths of interest (0-0.1 m, 0.1-0.2 m, and 0.2-0.3 m). In total, 432
samples were collected in two days, placed in hermetic bags, and labeled for further
processing at the laboratory.

The NH-7 hyperspectral camera was used to capture the field surface image data. A shooting
distance of 0.75 m above the field surface was set for the data collection in this study. Each
grid was scanned with the HSC three times, with a 90-degree horizontal adjustment each
time. The resolution and sharpness of the images were constantly checked and adjusted
accordingly, using a Spectralon® reference panel (Yamasaki et al., 2022). A total of 144
images were collected from the field using the HSC.

4.2.2. Data processing

The experimental process for this study is represented in Figure 4.1 below, which shows
how the two types of data collected were processed.
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Figure 4.1: Soil Compaction Assessment Research Flow Chart

The soil samples were processed at the laboratory, and the results were used as the ground
truth data (GTD). In Figure 4.1, it can be observed that the GTD is key for comparison
purposes and to achieve the final model of the soil properties. Each collected sample was
divided into two parts, the first part was used to measure soil dry bulk density (BD), packing
density (PD), soil moisture content wet basis (MCW), soil moisture content dry basis (MCD),
volumetric soil moisture content (VCM) and organic matter content (OMC). The second part
was used to determine sand (SC), clay (CC), and silt (STC) content of the soil. The data from
the GTD, shown in the left side of Figure 4.1, were processed using the statistical tool pack
from Microsoft Excel 2016 and the mean value of each grid was placed in the ArcGIS
ArcMap (ESRI ArcGISTM version 10.7.1, 2019, CA, USA) to develop the soil property
maps as seen on the right side in Figure 4.1. The HSC data was processed in Python 3.9.12
using Scikit-learn (v1.0.2), NumPy (v1.21.5), and Pandas (v1.4.2) to develop a regression
model based on GTD input. The model’s predictions were then imported into ArcGIS
ArcMap to generate maps for soil properties.

4.2.2.1. Ground truth data
Bulk density/Packing density
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Samples for BD were extracted using the ring excavation method described in Soil Survey
Staff (2014). Sampling was done cautiously to avoid large particles like rocks, wood, etc.
The samples were taken from three different depths as described in Section 4.2.1 and
replicated three times on each grid. The samples were oven-dried at 105 degrees Celsius for
24 hours. Egs. 4.1 and 4.2 were used to compute the BD and PD, respectively (Shamal et al.,
2016). For PT planning across the entire recommended depth of 0.3 m (Kaufmann et al.,
2010; Selolo et al., 2023), the average values of 0-0.3 m depth were used, and the soil
properties were computed per grid. It must be acknowledged that researchers like Shamal et
al. (2016) used 0-0.15 m, while others adopted different soil depths for similar purposes.

Oven dried weight of soil (g)

Bulk density (BD) = Volume of soil (cm3) *.D)
PD = BD + 0.009CC (4.2)
Soil moisture content

The method used for measuring soil moisture content in this experiment is the oven-drying
method. The MCW, MCD, and VMC were determined by using Egs. 4.3 to 4.5, respectively.
Soil samples were sieved through a 2 mm mesh to remove coarse fragments, ensuring
uniform particle size distribution and minimizing potential biases in subsequent analyses.

Wet soil weight (g)—Oven dried weight of soil (g)

MW = Wet soll weight @ X 100% (4.3)
MCD = MO e e oo 8 10y (44
VMC = MCp X DensityB:f water (4.5)
MCW = 0.6048 x ( MCp) + 4.8092 (4.6)
VMC = 2.379 x (MCp) — 0.8276 4.7)

The MCW and the VCM relation to the MCD can be expressed as functions generated from
this research’s data in Eqgs. 4.6 and 4.7, respectively. These equations enable the conversion
of one form of measured moisture content into another to fast-track data collection and save
the cost of acquiring multiple moisture measuring instruments.

Organic matter content

To determine the OMC of the experimental field soil, the 'Loss on Ignition' method was
adopted. The procedure outlined by Motsara et al. (2008) was carefully followed, using the
samples obtained from the moisture content experiment. The OMC for all grid points was
calculated using the formulas provided in Egs. 4.8 and 4.9.
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dried weight of soil @ 105 °C —dried soil @ 400 °C
dried weight of soil @ 105 °C

Burnt content (BC) = X 100% (4.8)

OMC = BC x 0.58 4.9)

Soil texture

The soil texture of the samples was determined following the procedure outlined by Motsara
et al. (2008). The samples were sieved through a 2 mm mesh, and the sieved portion was
dried. From this dried portion, 50 g of soil was weighed and placed into a one-liter graduated
container. The container was then half-filled with distilled water, and 10 ml of sodium
hexametaphosphate solution was added to disperse aggregated particles.

The sample was stirred for 4 minutes in a clockwise direction, followed by another 4 minutes
in an anticlockwise direction. After stirring, the container was filled with distilled water up
to the 1-liter mark and placed on a stable platform for further stirring. This time, the stirring
was done gently to avoid creating a circular motion in the solution.

At time zero, the solution was stirred and left to settle briefly before being stirred again after
20 seconds without taking any reading. The solution was then left to settle completely, and
the first sediment reading was taken at 40 seconds. A second reading was recorded after 2
hours. The sand, clay, and silt content of the soil was calculated using Eqgs. 4.10 to 4.15.

SP = SVjps X 0.65 (4.10)

CP = (1 — SVyp) % 0.015 (4.11)

STP = (SVap — SVios) X 0.5 (4.12)

sc =2 %100 (4.13)
TP

cc =L x100 (4.14)
TP

sTC =22 % 100 (4.15)

TP

SP, CP, and STP refer to the volumes of sand, clay, and silt particles, respectively, within a
1-liter soil suspension. SVaos and SVan represent sediment volume readings taken after 40
seconds and 2 hours. SC, CC, and STC denote the calculated percentages of sand, clay, and
silt, while TP represents the total particle volume.

The constants 0.65, 0.5, and 0.015 in the equations correspond to the estimated volume
proportions of sand, silt, and clay in the suspension. These values account for particle packing,
with sand assumed to have 35% pore space and silt 50% (Gartell, 1992; Walters, 2021).
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Results were plotted on a textural triangle (Figure 4.2), revealing that the majority of grid
points in the study area fall into the loam (79%), silt loam (17%), and sandy clay loam (4%)
textural classes.
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Figure 4.2: Compaction assessment study site soil textural classification

The color plots in Figure 4.2 represent the percentage of sand content (blue), clay content
(green), and silt content (red), which were computed from Eqs. 4.13 to 4.15. The soil texture
type is determined by the section of the diagram where the three lines converge, marked with
a black oval line.

4.2.2.2. HSC data processing

Figure 4.3 shows an example of an image captured using the HSC mounted on a tripod 0.75
m above the residual vegetation surface. The HSC data collected was first pre-examined to
detect defects in images. Then, the images were processed using HSAnalyzer version 12.
Each image contained three carefully selected regions of interest (ROIs) to represent the
residual vegetation components outlined in Section 3.1.1.1, namely, stubble and straw,
emerging weeds, and bare soil. Care was taken to avoid including foreign objects such as
stones or unnatural bright spots, as their presence has been shown to distort spectral
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signatures (Yamasaki et al., 2022). This selection process ensured the reliability of spectral

data used for analysis. Each ROI was about 185x187 pixels (4.89x4.95 cm) and demarcated

as shown in Figure 4.3. The spectra data was utilized in Eq. 4.16 to calculate the corrected

image spectra (Feng et al., 2023; Yamasaki et al., 2022).

I (corrected) = hoh (4.16)
I3—1I

Where 11, I, and I3 represent the raw image, dark image, and whiteboard image, respectively.

Analysis area 2

Analysi 1
alysis area »

Analysis area 3

0

Figure 4.3: HSC image of the study field with the selected regions of interest

The spectra data and ground truth data results were compiled into a single file and processed
using Scikit-learn, NumPy, and Pandas libraries in Python. The relevant wavelengths were
identified using the PLSR coefficients with 1° and 2" derivatives; further description of this
method can be found in Mehmood et al. (2012).

4.2.3. Model development and evaluation

First, feature selection was conducted as described in Section 3.4.1.4 of Chapter 3. This step
identified the most relevant wavelengths from the soil spectra data collected across all 48
grids in the study field for the ground truth data sets (GTDs). Next, various machine learning
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and statistical tools, also detailed in Section 3.4.1.4, were evaluated to find the best-
performing model. For model training and evaluation, 70% of the samples were randomly
selected as the training set, while the remaining 30% were used as the test set. The model’s
predictive accuracy was assessed using the coefficient of determination (R?), mean square
error (MSE), and mean absolute error (MAE).

The subsequent part of the prediction model development consisted of the selection of simple
correlations between key GTD’s, such as MCW versus BD, MCD versus BD, and OMC
versus BD, as illustrated in Figure 4.4. These key GTD’s were used to generate similar
correlations with the spectra data from the HSC and selected indices, then used to predict BD
and PD for the different grids. The performance of the correlation models was evaluated by
the determination coefficients (R?).

The models developed from both methods were finally evaluated based on Eq. 4.17, which
is the percent error of deviation of the predicted soil property, i.e., the PD, from the actual
GTD.

Eq =222 100 (4.17)

G

Where Eq4, Dg, and Dp mean the percent error of deviation, the ground true value, and the
predicted value, respectively.
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Figure 4.4: Model development methods

The six methods used in this research are represented in Figure 4.4, which also shows the
various paths of data processing leading to the PD data calculation or prediction. The direct
calculation of PD; Ro from Eq. 4.2 is the simplest and most direct of all the methods, but
since the process of manually extracting BD and CC data is tedious and time-consuming, it
is difficult to practice on a large scale. The study field used in this research was only 30x160
m, but for fields with a very wide area, such as the fields found in North America and Africa,
the method Ry is not practical. Hence, the need to explore the other methods, R1, R2, R3, Ra,
and Rs. These methods are classified into two sets: the first set of methods groups R, Rz, and
R4, and the second set of methods includes R3 and Rs. The first set of methods uses the
measured GTD to develop prediction models or functions. The second set of methods applies
data obtained from the HSC and uses the functions developed in the first set to predict PD.
As will be described later, the second set of methods can be used to estimate PD in larger
fields, making it suitable for commercial PT applications.

4.24. PT planning

The borders of the 30x160 m study site were marked, and files were prepared and processed
as described in Section 3.4.2 of Chapter 3. The prepared KML file, along with both GTD and
predicted soil properties, was used in ArcGIS ArcMap (ESRI ArcGISTM version 10.7.1,
2019, CA, USA) to develop maps, following the method described in Section 3.4.2.3. These
maps display different color-coded layers representing varying levels of SC (for PD maps)
or variations in specific soil properties, as illustrated in Figure 4.1. Based on the level of
compaction of an area on the PD maps, Kaufmann et al. (2010) made the guide in Table 4.1
for the type of tillage needed in every PD level.

Table 4.1: The packing density classes as related to tillage type and crop growth

PD value (kg/m?) Crop growth condition Level of tillage

<1400 Below optimum range No tillage

1400-1550 Lower optimum range No tillage

1550-1700 Upper optimum range Shallow  cultivation  or
tillage (7cm)

1700-1820 Lower limiting range Medium  cultivation  or
tillage (20 cm)

>1820 Upper limiting range Deep cultivation or tillage
(30 cm)

Research indicates the optimum PD for crop growth is approximately 1550 kg/m? (Kaufmann
et al.,, 2010). At PD levels below this threshold, crop growth remains unaffected,
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corresponding to a 'no tillage' recommendation (Shamal et al., 2016) as outlined in Table 4.1.
Conversely, when PD exceeds this optimum range, the tillage interventions recommended in
Table 4.1 become necessary to ensure proper crop development. This established relationship
between PD thresholds and tillage requirements serves as the foundational framework for
evaluating the hyperspectral camera's (HSC) capability to measure soil properties related to
compaction.

4.3. Results and discussion

4.3.1. PT relevant soil properties

Selected soil properties that were mentioned in the methods were measured on the field,
processed, and analyzed to determine the properties that have an appreciable level of impact
on SC, which is highly linked to BD by researchers like Beylich et al. (2010), Dorner et al.
(2022) and Reintam et al. (2009). The results of the correlation analysis of GTD, presented
in Table 4.2, reveal significant negative correlations between BD and key soil properties at
the 0-0.30 m depth. Specifically, MCW exhibits a correlation coefficient of -0.413, moisture
MCD shows a value of -0.269, and OMC demonstrates a strong negative correlation of -
0.571. These findings highlight the inverse relationship between BD and soil parameters
critical to SC. This trend is constant across the data for the various depth sections as well. A
negative correlation indicates two variables that tend to move in opposite directions. A
correlation around —0.50 means that there is a moderate negative relationship between a soil
property and the BD. A correlation close to 0 would mean that there is no linear relationship
between a given soil property and the BD. A correlation of +1.0 means a perfect positive
linear relationship, such as the PD and the BD. Their R? values are also quite significant, and
their relationship with the BD is evident. In the other hand, soil texture properties such as
clay content CC, sand content SC and silt content STC have a correlation close to 0 and a
quite small R?, which means that although they are important parameters to understand the
composition of the soil they are not related directly to the BD, at least not individually.

Table 4.2: R? and correlation of all soil properties with the bulk density

0-0.10 m 0.10-0.20 m 0.20-0.30 m 0-0.30 m
Soil properties | R? Corr R? Corr R? Corr R? Corr
MCW 0.156 -0.396 0.014 -0.119 0.105 -0.325 0.16 -0.413
MCD 0.155 -0.394 0.025 -0.159 0.113 -0.335 0.19 -0.269
OMC 0.063 -0.250 0.203 -0.412 0.046 -0.177 0.35 -0.571
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0-0.10 m 0.10-0.20 m 0.20-0.30 m 0-0.30 m
Soil properties | R? Corr R? Corr R? Corr R? Corr
VMC 0.141 0375 0.291 0.540 0361 0.601 0.3 0.389
CC 0.003 0.045 0.001 -0.030 0.042 -0.198 0.00012 0.014
SC 0.014 -0.120 0.0003 -0.016 0.003 0.047 0.0023 0.075
STC 0.016 0.125 0.002 0.023 0.001 -0.033 0.011 -0.082
PD 1.000 1.000 1.000 1.000 1.000 1.000 0.9993 1.0

Table 4.3 provides a summary of the mean and standard deviation (SD) values of the soil
properties. The data was obtained from the GTD. Note that the mean values of the BD and
the PD are similar and have the same units (kg/m®) with the same SD across the same depth
sections, which was expressed as a high correlation in Table 4.2. Although the other
parameters are percentage values, they can be correlated to the BD. Also note that MCW,
MCD, CC and OMC have SD values that are less than 2% for the entire depth and had the
least SD values across the depth sections, which means that they were somewhat uniform all
along the study field. On the other hand, SD values of the SC and STC were about 10%,
which indicates that the soil texture can vary significantly even for a small-sized field. The
compaction level of the field, which is evident from the BD and PD values in Table 4.3,
increases by approximately 200 kg/m? for every 0.10 m along the soil depth from 0-0.30 m.
This pattern is also seen in the MCW, MCD, OMC, and VMC data, but most of the changes
in these parameters were marginal. Thus, for the field used in this study, the difference in
moisture content and organic matter across the depth sections is marginal, and using the
average of the values for the entire depth is appropriate.

Table 4.3: Essential statistical summary of soil properties (mean + SD)

Depth

Soil 0-10 cm 10-20 cm 20-30 cm 0-30 cm
properties

BD (kg/m?®) 2165.02+179.52  2366.41+133.24 2526.19+194.91 2352.54£126.29
MCW (%) 23.23+1.94 24.86+1.52 25.44+1.40 24.51+0.99

MCD (%) 30.40+3.27 33.15+£2.34 34.18+2.41 32.58+1.68
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Depth

Soil 0-10 cm 10-20 cm 20-30 cm 0-30 cm
properties

OMC (%) 1.26+0.73 1.38+0.47 3.03+0.93 1.89+0.53
VM (%) 65.52+6.95 78.35+6.43 86.16+7.28 76.68+4.23
CC (%) 20.81+£1.65 20.36+1.54 20.31+0.87 20.55+1.14
SC (%) 38.68+11.09 40.54+10.65 38.29+11.03 39.75+£9.91
STC (%) 40.51+£10.03 39.10+9.58 41.40+10.62 39.71+9.173

PD (kg/m®)  2165.03+179.52  2366.41+133.24  2526.19+194.91 2352.54+126.29

The 0-0.3 m depth section data listed in Tables 4.2 and 4.3 can be depicted on a map, as
shown in Figure 4.5. The map of MCD in Figure 4.5 (d) and OMC in Figure 4.5 (b) have
their low values at the south-western portion, with most of the western portion having fairly
low values. The BD map in Figure 4.5 (¢), on the other hand, has its higher values on the
south-western portion of the map, which is opposite to that of MCD and OMC, which
provides backing for the negative correlation between those properties listed in Table 4.2.
This result confirms the negative correlation between the BD and the moisture content
(Ozdemir et al., 2022), in addition to results that also reported a negative correlation between
the BD and the OMC (Zheng et al., 2021).

Properties showing positive correlations with BD generally exhibit minimal influence, as
indicated in Table 4.2. However, exceptions include VMC and PD: VMC displays an R? value
of 0.3 and a correlation coefficient of 0.389, while PD demonstrates an R? of 0.9993 and a
near-perfect correlation coefficient of 1.0, highlighting their stronger relationship with BD.
From the PD map in Figure 4.5 (a), it can be observed that it has a similar appearance to the
BD map in Figure 4.5 (c), which explains the correlation value of 1.0 in Table 4.2. The
relationship between PD and BD can be found in Eq. 4.2. In this experiment, where CC
ranged narrowly between 18.99% and 24.15%, both PD and BD provided similarly effective
measurements of SC. This differs from findings by Shamal et al. (2016), where clay content
had a significant impact on SC measured as PD, with their study featuring a wider clay
content range (30.1% to 45.8%). These contrasting results suggest that higher clay content
levels have a more appreciable effect on SC measurements than lower clay content levels,
which explains why minimal differences between PD and BD as compaction indicators were
observed in this study.
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Figure 5: Maps of soil properties (0-0.30 m)- GTD (a) PD map, (b) Organic matter content
map, (c¢) Bulk density map, and (d) Moisture content dry basis
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4.3.2. Assessment of remote sensing PT data flow

Most research on RS applications for measuring soil properties relies on combinations of
contact IoT devices and spectrophotometers that collect data either from underground
trenches or through direct soil contact (Kodaira and Shibusawa, 2020; Shamal et al., 2016)
The present study explores a different approach: remotely measuring SC using hyperspectral
imagery captured above the soil surface. This indirect measurement method leverages soil
properties discussed in Section 4.3.1. These properties exhibit variability that can be
effectively detected through non-contact spectral measurements and are significant indicators
of SC parameters such as BD (Reintam et al., 2009). This research identified the different
moisture contents (MC) and OMC as key properties that explain variations in soil
composition. These properties are readily detectable using HSC, enabling estimation of their
variability across field conditions. Similar observations regarding the detectability of MC
and OMC through hyperspectral imaging have been reported in previous studies
(Bartholomeus et al., 2008; Mu et al., 2023; Xie et al., 2022; Z. Yin et al., 2013).

The selected soil properties’ ability to explain the variations in BD and PD were developed
into functions, listed in Table 4.4. The various functions listed in Table 4.4 are denoted by
methods Ro, Ri, Rz, R3a, Rap, R4, and Rs. The methods are divided into two groups, the first
set (R1, R2, and Ry) are novel functions that were generated from the GTD; and the second
set (R3a, Rap, and Rs) are the respective corresponding methods of the first set applied to the
remotely sensed data using the HSC. The meaning and relevance of the methods and their
functions are explained in detail below:

I.  Ro: This is the benchmark function that is used for this work. The source can be seen
in Table 4.4 and Eq. 4.2. The BD and CC in the function were derived from field
sampling and laboratory analysis. The data calculated from Ro were used to serve as
the basis for checking the error margin of the other methods. In addition, it was used
to generate a log function, listed as F2 in Table 4.4. F2 utilizes BD as the input
variable to enable direct PD computation from the BD data without the need for CC.
F2 is critical for predicting PD using remotely sensed data, as variations in CC could
not be reliably detected from HSC data during this study.

II.  Ry: This is the method derived from a log function between the BD and the OMC;
consisting of F1 and F2. This function enables the prediction of BD directly from
OMC and will be especially useful in predicting BD/PD from both directly measured
and remotely sensed OMC data.

III.  R2: Since MCD is one of the simplest ways to estimate the level of moisture in soil,
it was utilized in method R to generate a log function listed as F3 for predicting BD
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from MCD data. Combining F3 and F2 enables the prediction of BD and PD using
MCD. This method is key for estimating BD or PD from remotely sensed data.

IV.  Rsa: This method combines function F1 from Method R; with function F4, which
estimates OMC using HSC data. F4 employs a log function at 410 nm in the violet
spectrum region to derive OMC from HSC spectral data. The OMC estimates from
F4 are then substituted into F1 to calculate BD based on HSC data. Finally, these BD
values are input into function F2 to predict PD, completing the process of estimating
SC parameters entirely from RS.

V.  Rsp: Method Rsp adopts a similar approach to method Ria, but this time, F3 is used
instead. F3 is the function that estimates BD from MCD listed in Table 4.4. The
function F5 utilizes the Green Residual Cover Index (GRCI) as described by Kavoosi
et al. (2020) to estimate MCD from HSC data. GRCI is calculated using a
combination of Band 2 (blue) and Band 3 (green) from the visible spectrum.

VI.  Ra4: Using derived relevant soil properties to predict the BD and the PD independently
yielded satisfactory results. Hence method R4 combines these properties using the
multiple linear regression model to generate a function that could predict BD and PD.
Method R4 combines MCD, OMC, and VMC data to predict BD, listed as F6 in Table
4.4. Then, the results are used in F2 to predict the PD. This method will be useful in
instances where OMC and soil moisture levels (MCD and VMC) are measured or
estimated from a RS device.

VII.  RS: This method utilizes function F6 (from method R4) to estimate BD using HSC
data, as shown in Table 4.4. Functions F4, F5, and F7 are used to estimate OMC,
MCD, and VMC, respectively, from the HSC data. Notably, F7 uses a wavelength of
455 nm, which corresponds to Band 2 (blue) in the visible region of the
electromagnetic spectrum. The outputs from F4, F5, and F7 are substituted into F6 to
estimate BD, which is then used in function F2 to estimate PD from the HSC data.

Table 4.4: List of methods and their respective functions

Method Route Model/Functions Error (%)
Ry  PDgtp PD = BDgtp + 0.009CC — — — —(Shamal
et al., 2016; Renger, 1970)
R1 OMCgtp—BDRr1—PDrRi BDri = —610.619 x loglO(OMCGTD) +
251114 ——--F1
0.06-7.9
PDri = 5420.39 X log,o(BDgy) +
(-15919.2) — — — —F2
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Method Route

Model/Functions

Error (%)
R,  MCDgrp—BDr2o—PDr2» BDro = —2856.38 Xlogo(MCD¢;rp) +
03201 ===~ I3 4.12-23.08
PDr2 = 5420.39 X log,9(BDg,) +
(=15919.2) — — — —F2
R3, OMCusc—BD3:—PD3a OMCusc = =—0.3935 X log;o,(wl410) +
146789 — — —F4
BDr3a = —610.619 X log,0(OMCysc) +
261114 — — — —F1 0.11-12.09
PDr3a =  5420.39 X logo(BDg3q) +
(=15919.2) — — — —F2
R3p,  MCDusc—BDr3v—PDr3b  MCDusc= —5.01384 X log1o(GRCI) +
28959 — ——F5
BDr3y = —2856.38 X log;o(MCDysc) +
632011 — — — — F3 7.40-23.34
PDr3pb = 5420.39 x log;o(BDg3p) +
(—15919.2) — — — —F2
R, OMCgrptMCDgrp+tVM  BDgr4 = 2374.65 - 5.28855934(OMCgrp) -
Corp—~BDr4—PDr4 70.29(MCDgtp) + 29.74(VMCgrp) — —
—F6 0.045-2.51
PDr4 = 5420.39 X log,9(BDgs) +
(-=15919.2) — — — —F2
Rs;  OMCusctMCDusctVM  OMCusc = —0.3935 X log1q(wl410) +
Cusc—BDrs—PDrs 146789 — — — F4
MCDnsc = —5.01384 x log;,(GRCI) +
28959 — ——F5
VMChsc = 1.52371xlog,¢(wl455)+78.1602
———F7 0.19-10.22

BDgs = 2374.65 - 5.28855934(0OMChisc) -
70.29(MCDusc) + 29.74(VMCrsc) — —
—F6

PDrs =  5420.39 X log,o(BDgs) +
(=15919.2) — — — —F2

In Table 4.4 the PDgrp is the PD from ground true data, PDr1 to PDrs are the corresponding
packing densities of methods Ri to Rs, OMCgrp is the organic matter from the ground true
data, OMClhsc is the organic matter content from the hyperspectral camera data, MCDgrp is
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the moisture content dry basis from the ground true data, MCDugusc is the moisture content
dry basis from the HSC data, BDr: to BDrs are the bulk densities from methods R; to Rs,
and VMClysc is the volumetric moisture content from the HSC data.

4.3.2.1. Accuracy of the proposed method

The accuracy of the methods can be assessed using the percentage of error between the
estimated PD data and the data from Ry in Table 4.4. It can be observed from Table 4.4 that
the magnitude of the error in the second set of methods (remote sensing: R3a, R3p, and Rs) is
highly dependent on the functions in the first set of methods (R1, Rz, and R4). For example,
R4 shows the smallest error range (0.045-2.51%) among the first set of methods. Therefore,
incorporating function F6 from R4 into method Rs results in the lowest error margin (0.19—
10.22%) within the second set of methods. The estimated PD data from methods R; and R>
had error margins of 0.06-7.9% and 4.12-23.08%, respectively. These margins were reflected
in the estimated PD data of their corresponding remote sensing methods R3. and R3p, which
had error margins of 0.11-12.09% and 7.40-23.34%, respectively. Hence, the accuracy of the
estimated PD data from a scanned HSC image above the soil surface is highly dependent on
the accuracy of the GTD functions. The methods that predict PD from HSC image data offer
the added advantage of significantly reducing the time needed to extract and process soil
properties for PD determination.

4.3.3. Selecting the best remote sensing data stream

Maps displaying the spatial distribution of PD in a field can inform PT decisions. These PD
maps enable SC management decisions based on the specific crop intended for cultivation or
the current field usage requirements. Figure 4.6 presents a comparison of the measured and
modeled PD distributions along with their corresponding recommended PT strategies. The
displayed maps were generated using method Ro and the two most accurate methods: R4 and
Rs. Maps generated from the less accurate methods are included in Appendix A. Note that R4
belongs to the first set of methods, while Rs belongs to the second set of methods as discussed
in Section 4.3.2. Ry is the map generated from the GTD from the study field and serves as
the reference map for the first and second sets of methods.
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Figure 4.6: PD maps for PT recommendation (0-0.30 m). (a) ground true data PD map from
Ro, (b) PD map from R4, (c) PD map from Rs

The maps in Figure 4.6 (a), (b), and (c) are the PD maps, which show the various levels of
SC across the experimental field used. Figure 4.6 (a) corresponds to the Ro PD map, which
is the GTD map, and it shows that the south-western side of the field is more compacted,
whilst the compaction level of the mid-eastern portion is relatively low. These maps can be
used to implement PT when combined with information on PD level tillage action
recommendations in Table 4.1. The Figure 4.6 (b) map shares similar features with Figure
4.6 (a), whilst Figure 4.6 (c) shows the highly compacted zones but has less representation
for the less compacted zones.

The entire field’s PD in this experiment (Table 4.3) were greater than 1820 kg/m® (1.82
mg/cm?®) upper limiting range for crop development captured in Table 4.1, hence the
recommended tillage strategy for optimum crop development is a deep tillage/cultivation
which corresponds to a plowing depth of about 0.3 m. It is also worth noting that the average
difference in PD between the tillage action recommendations in Table 4.1 is about 140 kg/m?,
whilst the RMSE values of method R4 and Rs are 16.6 kg/m® and 122 kg/m?, respectively.

The methods R4 and Rs explored in this study gave comparable results to that of Ry regarding
the tillage action to be taken on the study field before the next crop is cultivated. Looking at
the PD range of 140 kg/m® in Table 4.1 and the RMSE values of R4 and Rs, it means that the
variation that is expected when the two methods are used for predicting PD for PT application
is less than the range between the tillage action recommendation values. Hence, the
developed methods can be an effective alternative to the traditional method of PD data
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collection for map generation, which is labor-intensive and time-consuming. Moreover, the
method Rs, being a RS method, can provide farmers with PD data faster and more easily for
prompt PT decisions.

Method R4 will be suitable for small fields or experimental purposes because of the time
factor in extracting the GTD, and it will not be feasible for large commercial fields in the
West or Africa. Therefore, the RS option implemented in method Rs has the potential to be
applied on a larger scale and can aid in assessing SC conditions of a wider area in PT
applications. PT estimation plays a vital role in reducing carbon footprint, as related research
by Shamal et al. (2016) demonstrated that PT applications can reduce fuel consumption by
22-44%.

The results obtained from this study suggest that it is feasible to take a PT decision or plan a
PT strategy based on remotely sensed data using an HSC. To select the best method for
applying non-contact RS to predict the soil properties relevant to SC management and
execute PT, Table 4.5 further expands the prediction errors into various categories. Error
categories are divided into 5% steps, ranging from 0-4.9%, 5-9.9%, 10-14.9%, 15-19.9%,
and 20-24.9%. The percentage of predicted data sets that fall under each error category is
listed in Table 4.5.

Table 4.5: Error percentages of predicted PD from GTD

Method Route Error | 0-4.9% 5.0- 10.0- 15.0- 20.0- Ranks
9.9% 14.9% 19.9% 24.9%

Ry PDgrp - - - - - -

R4 OMCgrp—BDRr1—PDg; 70.8%  29.2% 0% 0% 0% 2

R, MCDgrp—BDr>—PDr> 2.1% 8.3% 18.8%  58.3% 12.5% 5

R3, OMCgxsc—BD3.—PDs, 52.08% 43.75% 4.17% 0% 0% 4

R3, MCDyusc—BDgr3b—PDr3p 0% 10.42% 33.33% 33.33% 22.92% 6

R, OMCgrptMCDgp+VM  100% 0% 0% 0% 0% 1
Corp—>BDr4—PDr4

Rs OMChsctMCDysc+tVM  60.42% 35.42% 4.16% 0% 0% 3
Cusc—BDrs—PDgs

In Table 4.5, the first set (R1, R2, and R4) and the second set (R3a, R3p, and Rs) of methods are
ranked based on the amount of data that falls under minimum error categories. It is evident
that all the data obtained from method R4 has an error of 0-4.9%, hence it is ranked as number
1. Ry is the next method on the rank because 70.8% of its data has an error of less than 4.9%,
and the remaining 29.2% has an error of 5-9.9%. Rs is the 3rd-ranked method overall and the
best method corresponding to the RS set, with 60.42%, 35.42%, and 4.16% of its data sets
under 0-4.9%, 5-9.9%, and 10-14.9% of error, respectively. Note that method Rs has an
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overall error of less than 15%. Rs, although being a RS method, had a higher rank (lower
error) than R», which is a method that utilizes GTD. Method Rs demonstrates strong
predictive capability for RS applications. Figure 4.8 below illustrates the complete workflow
of method Rs, including all terms used and offering flexibility in measurement approaches.
Specifically, function F6 in Figure 4.8 incorporates the organic matter content term (-
5.2886x(0OMCuqsc)), which traditionally requires time-consuming laboratory methods to
obtain ground truth data (GTD). Function F6 also includes moisture content terms
(70.29(MCDumsc) + 29.74(VMChasc)). Unlike organic matter content, moisture content can be
measured quickly, typically within a day, depending on field size, using methods such as
oven-drying or portable moisture sensors. This creates an opportunity to enhance Rs's
accuracy by combining remotely sensed organic matter content with in-situ measured
moisture content, using Eq. 4.6 or 4.7 to estimate BD PD for PT decisions.

OMCuse = - 0.3935 x logyo(wi410) +

146789 — — — F4

MCpusc =-5.01384 x logyo(GRCI) + 28.959 —

——F5

VMCuse = 1.52371x log,, (wl455) + 78.1602

———F7

b Substituting F4, F5, & F7 into F6

BDgs = 2374.65 - 5.28855934(0OMCpusc) - | ~] BDrs=2655.8431+2.0811x logq(x) +

70.29(MCD-ygc) + 29.74(VMCpysc) — — —F6 —— 1 352.42 x log,,(y)+45.3148log,,(z) — — —F61
J L Substituting F6i into F2 J L

PDgs = 5420.39 x log,q(BDgs) + PDgs = log;,[(2655.8431 +log, o (x>08'" x

(_159192) - ——F2 :> y352.42 X 245.3148))5420.39] — 159192 — — —

—F2i

Where x is W1410, y is GRCI, and z is wl455.

Figure 4.8: Flow of method Rs

Based on the results presented, method Rs can be concluded as the recommended
methodology for transforming HSC-based RS data into practical PT information.
4.4. Conclusions

This chapter explored the potential of a RS approach for measuring soil parameters relevant
to PT implementation. The research combined grid sampling methodology with HSC data to
assess soil properties for effective SC management. Among the nine measured properties,
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two were found to have a strong influence on SC: organic matter content and two types of
moisture content.

Maps of the PD generated using the ESRI ArcMap software have a good potential to be used
for PT decisions, since all the variations in PD of the field were represented and captured in
zones. However, the results from samples taken for this study had a minimum average PD
that is above 1.82 Mg/cm?; hence, for the field used in this research, the tillage decision is
deep tillage (30 cm deep).

Six possible data flow methods (Ri1, Rz, R3a, R3p, R4 and Rs) were compared based on the
percentage of error of the PD prediction using the ground truth data of the PD obtained from
the laboratory analysis. All the errors were less than 25%, and the best method from the first
set derived from the GTD was R4, whilst the best RS method was Rs.

These results suggest that it is possible to use hyperspectral imaging to measure soil
properties related to SC. The merit of using this method lies in the ability to cover large areas
effortlessly. The HSC can be installed in a small tractor or utility vehicle to perform the field
survey. If weather conditions are favorable, it is possible to obtain hyperspectral images from
satellites. In addition, the PD results can be obtained faster in comparison with traditional
sampling methods.

The main limitation of applying this method is that for fields with uniform soil conditions,
the intention of adopting site-specific compaction management or PT cannot be achieved. In
addition, the camera's image shooting speed is 7.7 seconds, limiting the rate at which images
can be taken when a vehicle is adopted for data collection. Also, it is necessary to account
for lighting conditions because the sunlight changes during the day. A calibration panel was
adopted to account for light conditions, and the calibration procedure cannot be omitted. The
effective depth of soil properties determination might be an issue since this study considered
depths up to 0.30 m, and the prediction accuracy might change when deeper depths are
considered. Given that there are different field vegetation conditions at the beginning of crop
seasons, further research is needed for other field conditions to develop a RS device that can
operate with hyperspectral imaging for real-time SC management.
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CHAPTER 5. QUANTIFICATION OF SOIL COMPACTION EFFECTS ON
WHEAT PRODUCTIVITY

5.1. Introduction

Soil compaction (SC) impedes crop root access to water, air, and nutrients, thus inhibiting
plant development (Cambi et al., 2015; Hamza and Anderson, 2005). The compression of
soil particles increases mass per unit volume, measurable through higher bulk density (BD)
values (FAO, 2023a; Frene et al., 2024; Peralta et al., 2024). Previous studies (British
Columbia Ministry of Agriculture, 2015; Kopittke et al., 2019; Zhang et al., 2024) indicate
that SC is a significant issue across various agricultural regions, with substantial yield
shortfalls in high-input farming systems. Furthermore, SC is considered to contribute
approximately 6% to as much as 50% of worldwide crop yield drops, depending on the region
and farming practices involved (Jamali et al., 2021; Shaheb et al., 2021).

Most research focuses on specific effects of SC on crop productivity (Liu et al., 2022; Yu et
al., 2024), resulting in uncertainties about comprehensive nutrient dynamics. Some research
works have examined nutrient deficiencies (Sun et al., 2024) and root growth responses (Yu
et al., 2024). However, there is limited research about how SC influences overall nutrient
accessibility (Ishaq et al., 2001; Islam et al., 2014). Understanding nutrient accessibility
under varying SC levels is necessary for boosting crop yields and improving sustainable
agricultural practices.

Site-specific SC management, a subfield of PA, involves precisely identifying and mapping
areas within a field that exhibit various levels of SC. This approach allows farmers to address
compaction issues by targeting specific zones with tailored tillage practices known as
precision tillage (PT). While various methods have been used to study soil-plant interactions,
such as root growth imaging, nutrient uptake assessment through tissue analysis, yield-
nutrient relationship studies, and weather impact correlations, these methods often overlook
spatial variability in SC and its impact on nutrient dynamics. There is inadequate evidence
for a unified model that effectively predicts yield variations across different SC levels.

This chapter investigates site-specific SC by varying the BD of subplots to evaluate PT within
the framework of PA. The study established four distinct compaction treatments alongside a
control subplot to assess how varying levels of SC influence wheat growth and resource use.
This setup enabled the evaluation of how initial soil BD affects Triticum aestivum L. yield
and nutrient use efficiency.

To achieve these goals, this research investigated the effects of initial SC variations on wheat
crop soil nutrient access and yield. This was achieved by taking ground truth data (GTD) to
examine the degree of impact of SC levels in terms of BD on soil properties, crop growth
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properties, and yield. Spatial analysis revealed that SC impacts multiple nutrient pathways
simultaneously, demonstrating a non-linear relationship between compaction level and yield.
Notably, a moderate SC level was identified as optimal for wheat productivity, providing
compelling evidence for the relevance of PT strategies tailored to site-specific soil conditions.

5.2.Field preparation methods

The field preparation process started by marking out the perimeter of the 17x18.9 m
experimental field. Then, the field was plowed with a rotary plow before completing the
tillage process with two passes of a rotary harrower. A Nordsten row planter with a 2.5 m
width (Kongskilde Industries, Denmark) was calibrated to ensure accurate seed and fertilizer
application. This calibration was completed before initiating the planting process. A
Cambridge roller (Sugano Ltd, Japan) was run once on the field as per the standard practice
of wheat sowing in the Hokkaido region. This step enables a firm root system development
of wheat crops. Furthermore, it is a measure to limit the evaporation of soil moisture, hence,
it is very necessary for the growth of wheat (Dierauer, 2017). Table 5.1 contains the technical
data of the machinery involved in the sowing and the initial soil conditions measured through
standard laboratory processes.

Table 5.1: Initial soil conditions and machinery details

Parameter Data Remarks
Tractor for Plowing Vgﬁgegeh(‘; égkig /l}ig Massey Ferguson MF5608
Depth of 0.3m Uniform tillage level
plow/harrow

Cambridge roller Weight: 25 kg per piece 25 rings in a row

Planter 11-row planters Mechanical system

Initial moisture 22%

content-dry basis i

Initial moisture 18.1%

content-wet basis i

Initial organic 3.4%

matter i

Initial bulk density 1.18 g/cm? -

Initial cone reading 2.9 g/lcm -

Initial clay content 20.6% -

Initial sand content 39.8% -

Initial silt content 39.7% -

Seed 120 kg per ha Spring wheat

Fertilizer 70 kg per 4 ha (10-18-12-5)  Bulk blended (N-P-K-Mg)
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The field compaction treatment for this experiment has been clearly described in Section
3.1.1.2 of Chapter 3. Figure 5.1 illustrates the 5 different levels of BD associated with the
various SC treatments. The vibratory plate compactor was used four times over the more
compacted subplots, whereas it passed only once over the less compacted subplots. It was
not applied in the Control subplots, establishing distinct BD treatments. The compactor was
operated on a wooden board placed on the soil surface to prevent the compactor from sticking
to the soil and to make the compaction as uniform as possible along each subplot of land.
This field-based approach captured the soil's actual response to mechanical loading, which
cannot be effectively reproduced in computer simulations.

The SC methodology used in this study was designed to realistically simulate soil conditions
resulting from short to long-term farm machinery traffic on a piece of field. Using 1 to 4
passes of the vibratory plate compactor, a gradient of compaction types was established
(shown in Fig. 5.1), producing incremental BD rises of 1%, 5%, 1%, and 4% for 0-1, 1-2, 2-
3, and 3-4 passes, respectively. These incremental changes closely reflect field observations
under typical machinery traffic. This non-linear response aligns with literature, which shows
the highest compaction changes occur in the first few passes, with reducing effects thereafter
(Hamza and Anderson, 2005; Nawaz et al., 2013). The single-season design depicted a broad
range of compaction levels, reflecting the range typically seen over multiple seasons, thus
providing vigorous and field-relevant data on soil-plant interactions across compaction
gradients.

Plot 1 (for any Plot 2 (for yield
destructive experiment) estimation)

Experimental Farm, Hokkaido University

17.0 m

Compaction BD Percent
level (Mgm™)

| EDE 1301074 11

3.0m | [l BD 2 1252811 7
k [sp3 1.249904 6
0.5m
[]sp4 1.185859 1
Two 1.7 m tractor paths for
management such as spraying, etc. l:] Control 1.175519 0

Figure 5.1: Study field location and layout for spring wheat
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The study field included two 1.7 m-wide tractor traffic paths and 0.5 m-wide walking paths
to facilitate easy management and the application of pesticides and herbicides without
disturbing the SC treatments. Figure 5.1 shows the tractor traffic paths as vertical gaps. The
walking paths appear as horizontal gaps and as the central vertical gap between the colored
rectangles. In Figure 5.1, the subplots of land with a dark blue color indicate the hardest SC
level. The hardness level decreases as the blue color fades to white, representing the Control
subplot. The hardest subplot is denoted BD1, with BD2, BD3, and BD4, respectively, having
their compaction level decrease accordingly as indicated in the legend on Figure 5.1. On the
top right side of Figure 5.1, the satellite image (Google Maps, 2025) shows the study field
location. It can be observed that the study field is not too close to the road on the north side.
There are a total of 30 subplots, each subplot measuring 2.5 x 3.0 m. Therefore, there are 6
subplots for each compaction treatment.

5.2.1. Data collection and processing methods

The data collection started 10 days after planting with the initial seedling emergence count.
This is because wheat crops in the Hokkaido region take 6 to 10 days to fully emerge (Kazuto,
2009; NARO, 2017). The number of seedling rows that emerged on each subplot was counted.
Rows with at least three visible seedlings above the soil were counted as an emerged row.
This measurement exercise was conducted until no more rows were emerging. This data is
summarized in Figure 5.2 (a). The legend BD1 represents the average data from all six BD1
subplots. The same applies to all the other BD treatments. To differentiate between the early
development levels among the various subplots, the crop population count per square meter
was performed at the end of the emergence count exercise (Bradley et al., 2008). This was
17 days after planting, and the results are plotted in Figure 5.2 (b). The total rows per subplot
are approximately 20 rows, and by the 12" day after planting, the Control subplots and the
BD4 subplots had at least 3 seedlings emerging in every row, whilst BD3 and BD2 subplots
took one extra day to show comparable results. All BD1 subplots, which were the hardest,
took about 15 days after planting to have all rows emerge. The data plot in Figure 5.2 (b)
clarifies the developmental status of crops on each subplot by showing the average number
of crops per square meter for each subplot of land. Although the rows had emerged, the
average crop population results show that BD1 and BD2 had less crop population compared
to the Control and BD4, which is the softest, with BD3 having the highest average crop
population.
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The data collected throughout the experimental process have been grouped into four
categories: soil physical properties, crop growth data, soil chemical properties, and absorbed
macronutrient content in crop biomass. The data collection was done at five different growth
stages, illustrated in Figure 5.3, spanning from 5 to 10 weeks after planting. The wheat
development per stage diagram in Figure 5.3 was adopted from previous research (White and
Edwards, 2007).
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Area climatic condition data

3 4

Feekes scale: 1 2
IRVAR "2
Leafno.1 2 3 4 5 ! .
Heading Milk | Milk

I Tillering I /Flowering ! formation ' ripening

Growth Stage qu— s emm— ¢— {—

main stem leaves

6 7 L2 G

Activities S0il properties, & Crop growth data, soil condition Yield
Emergence count data, & HSC data data
; Heading : : G
Tillering Pinnacle / Flowering Milk formation | Milk ripening
5 weeks 6 weeks 7 weeks 9 weeks 10 weeks

Figure 5.3: Wheat growth stage and activity chart

From Figure 5.3, the first stage was the Tillering stage, followed by the Pinnacle stage,
Heading/Beginning of flowering stage, Milk formation stage, and Milk ripening stage
(Bradley et al., 2008; Wise et al., 2024). Soil physical properties data, and crop growth data
were taken at all the growth stages, while soil chemical properties data and absorbed
macronutrient content in crop biomass were taken at the Heading/Beginning of flowering
stage. The Feekes growth scale in Figure 5.3 is used in different countries to describe specific
morphological changes in wheat development. The weeks refer to the time elapsed since
planting. Figure 5.3 also illustrates the leaf count that is used in conjunction with the time in
weeks to estimate the growth stage for wheat. The number of nodes is also illustrated, which
is used to verify the approximate height of the plants. Note that the fourth node should be
evident after 9 weeks. Although intuitive, it is important to note these parameters to assess
the different development rates in different subplots of land (BD1 to Control).

The observed developmental stages consistently aligned with the Feekes growth scale
throughout the experiment. The Tillering process was at its optimum stage in week 5,
corresponding to Feekes scale 2 to 5. This began with the emergence of the first tiller from
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the axil of the first leaf, Feekes scale 2, and continued until tillers were fully formed. By the
end of week 5, leaf sheaths were strongly erected, and tillers were fully developed, though
stem elongation had not yet begun. The Pinnacle stage at week 6 corresponds to Feekes scale
6 to 10, starting when the first node becomes visible at the base of the shoot around the
beginning of week 6, corresponding to Feekes scale 6. The stem rapidly elongates as
additional nodes appear above the soil surface at Feekes 7 to 8. This stage concluded when
the head was fully developed at the Feekes scale 10, but remained enclosed within the flag
leaf sheath. Heading/ Beginning of flowering occurred at week 7, corresponding to the
Feekes scales 10.1 to 10.52. This stage began as the head emerged from the flag leaf sheath
at the start of week 7. Flowers first appeared at mid-head, Feekes scale 10.51, and continued
to develop until flowering concluded by the end of week 8. Milk formation was observed in
week 9, corresponding to the Feekes scale 11.1 to 11.5, while Milk ripening occurred in week
10, corresponding to the Feekes scale 11.4 in this experiment. The timing of these
developmental stages can vary based on environmental conditions, particularly daily
temperature accumulation and total sunshine per month. Figure 5.4 shows the environmental
conditions during this experiment. While these stages represent typical progression for spring
wheat under these specific conditions, actual development varied slightly between treatments
due to SC impact.

5.2.1.1.80il physical properties

The initial soil BD, MC, OMC, soil texture, and cone index readings were conducted between
the field preparation and planting period. These results are included in Table 5.1. In addition,
further soil sampling was conducted on the 30" day after the SC treatment. The sampling
depth was 0 to 0.3 m, and soil was collected at three depth ranges (0 to 0.1 m, 0.1 to 0.2 m,
and 0.2 to 0.3 m) using soil ring samplers. This specific depth was chosen because about 70
percent of crop root biomass is within this range (Jackson et al., 1996). The extracted samples
were used to determine the BD variation in the various subplots. These measured BD values
for each subplot served as the baseline indicators for SC conditions. The reason is to imitate
the concept of farming, where once crops are planted in the field, the SC is not manipulated
through tillage again but only through other activities like rain droplets, evapotranspiration,
etc. (Jeschke and Lutt, 2019; Shaheb et al., 2021). In that regard, the development and yield
variations in the field are linked with the initial BD level/tillage practice.

Soil physical properties that rapidly change with time, such as MCD, MCW, VMC, and soil
temperature, were measured at every growth stage to understand the effect of BD variation
on these properties and the crop. Firstly, the standard laboratory procedures for the
determination of these properties were followed according to a laboratory procedure guide
(Motsara et al., 2008). A calibrated JXBS-500 soil sensor was utilized for a rapid soil

79



Chapter 5. Quantification of Soil Compaction Effects on Wheat Productivity

moisture measurement. As a rule, data on soil physical properties were collected only when
the soil was well-drained (approximately 2000 kPa penetration resistance). Specifically,
measurements were taken using the guide of a cone penetrometer about 72 hours after a heavy
downpour and about 48 hours after a light downpour of rain. This is in line with the standard
practice regarding the use of farm machinery in fields after rain (US Department of forest
service, 2022). The prevailing weather and climatic conditions during the period of the
experiment, obtained from the Japan Meteorological Agency (2024), are illustrated in Figure
5.4 below.

Total precipitation/month (mm) Mean daily temperature
160 30 --------------
i 5 B e
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Figure 5.4: Climatic conditions data at Sapporo city (Sapporo WMO station ID-47412)

Figure 5.4 (a) indicates the total precipitation record in mm per month; it is evident that the
total rainfall for May and June 2024 was about 50 mm, with the highest rainfall recorded in
July 2024. The precipitation during the early growth stages in May and June 2024 was
relatively low. Typically, spring wheat requires at least 70 mm of rain in a month under
rainfed conditions at the Tillering stage for optimal development (Abayomi and Wright,
1999). Figure 5.4 (b) illustrates the average daily temperature records in degrees Celsius per
month. The minimum and the maximum average daily temperature increased as the summer
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sun radiation increased, with a temperature range of 9.8 to 28.4 degrees Celsius. Figure 5.4
(c) presents the mean relative humidity in percentage per month, evidencing a mean humidity
of 65 to 81%. Figure 5.4 (d) displays the total sunshine in hours per month, indicating that
the total sunshine per day in a month was 214.6 h in May 2024 and reduced moderately every
month to 155.7 h at the end of the experiment.

5.2.1.2.Crop growth data

Crop growth and development monitoring started as soon as the seedlings emerged. The first
data collected were the average crop emergence count per subplot and the crop population
per m?, as described in Section 5.2.1 and Figure 5.2. The rate of crop and root growth per
subplot was recorded as the relative growth rate of crops (RGR-Crop) and relative growth
rate of root (RGR-Root) using Eq. 5.1. RGR was measured by gently uprooting a 0.5 x 0.5
m area of wheat crops at each growth stage and cleaning the soil from the roots, then
separating the roots from the vegetative parts. The fresh mass of roots and vegetative parts
was weighed and recorded before drying the plants at 60 degrees Celsius to a constant weight
(Bhayal et al., 2022; Liu et al., 2022; Sun et al., 2021). The RGR-Crop and RGR-Root were
calculated using Eq. 5.1. Additionally, Eq. 5.2 was applied to determine crop biomass
moisture content (Crop-MC).

Inm,—-Inm,

RGR =
dy,—dq

(5.1)

Crop — MC = [(m,, — mg)/m,,] X 100 (5.2)

In Eq. 5.1, m> is the mass of the dried crops’ vegetative parts or roots at the current growth
stage. Also in Eq. 5.1, d> is the number of days from planting to the current growth stage.
Similarly, m; and d; are the parameters from previous growth stages. In Eq. 5.2, m,, is the
fresh mass of crops’ vegetative parts, while my is the dried mass of crops’ vegetative parts.

Crop development, in terms of health and greenness, is a key parameter for evaluating the
status of field crops. Chlorophyll content was assessed using a SPAD chlorophyll meter
(SPAD-502Plus, Konica Minolta Sensing Singapore Pte Ltd., Singapore). Ten random top
leaves were measured from each subplot at every growth stage. The crop height in each
subplot, influenced by different BD treatment levels, was measured and recorded at each
growth stage using a measuring tape.

5.2.1.3.80il chemical properties and crop tissue nutrient content

For this experiment, soil phosphorus (P), potassium (K), calcium (Ca), and magnesium (Mg)
content, in addition to pH and cation exchange capacity (CEC), were considered as the soil
chemical properties of interest. This decision is in line with advice from wheat growth
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guidelines (Gelderman and Lee, 2019; Jones, 2015; Paulsen et al., 1997; Wise et al., 2024).
The total nitrogen (Total-N), P, K, Ca, and Mg content were also considered when measuring
the absorbed macronutrient levels in crop biomass.

Soil samples from 0 to 0.3 m depth and crop biomass samples were collected at the
Heading/Beginning of the flowering stage; which is a critical growth stage for wheat based
on both the measured SPAD result trend depicted in Figure 5.5, and the cumulative nutrient
uptake data reported by previous research (Jones, 2015; Paulsen et al., 1997). For each
subplot treatment, 200 g of soil and 150 g of crop biomass samples were prepared and sent
to the Tokachi Agricultural Cooperative Association Chemical Research Institute in Obihiro,
Hokkaido, Japan, for analysis. The measure of P, K, Mg, and Ca was in their oxide form,
which is P2Os, K20, MgO, and CaO, respectively, and is the form that crops access these
nutrients (Pandey et al., 2020; Paulsen et al., 1997). The reporting of P, K, Mg, and Ca as
their oxide forms in soil testing is rooted in historical chemistry practices and fertilizer
industry conventions. Thus, most wet chemistry laboratory methods often convert nutrients
into oxides during testing. This is to conform with fertilizer grades like NPK ratios, which
are usually labeled as %N-%P.05-%K-0, and to help standardize nutrient content globally.
Soil test results using nutrient oxide forms allow for direct and easy comparison with
fertilizer recommendations for farmers (Sandhya et al., 2023).
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Figure 5.5: Measured crops leave SPAD trend

A critical review of extensive documentation on wheat growing by (Gelderman and Lee,
2019; Jones, 2015; Wise et al., 2024) suggests that mid-season soil sampling during the
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Heading to Flowering stages, which corresponds to the Feekes scale 9 to 10.5, is effective
for detecting nutrient deficiencies in wheat. Wheat plants undergo rapid development during
this critical growth stage and have increased nutrient demands. By the end of the heading and
flowering stages, over 70% of the total above-ground nitrogen (N) and phosphorus (P) have
accumulated. Additionally, approximately 55% of the nitrogen and phosphorus found in the
grain is derived from the redistribution of these accumulated nutrients. Lower leaves may die
during Milk ripening because nutrients stored in the lower leaves move to the grain. This
phenomenon of critical growth stage described above was evident in Figure 5.5, the highest
SPAD readings recorded were at the Heading/Beginning of flowering growth stage, after
which the level dropped below the levels recorded in the first two growth stages.

The increasing SPAD values from Tillering through the Heading/Beginning of flowering in
Figure 5.5 indicate robust chlorophyll accumulation as the crop enhances its photosynthetic
capacity. The maximum SPAD value at the Heading/Beginning of flowering represents
optimal chlorophyll content, coinciding with the crop’s transition from vegetative to
reproductive growth.

The substantial decrease in SPAD readings in Figure 5.5 during Milk formation and Milk
ripening reflects the natural senescence process. During the Milk formation stage, wheat
plants remobilize nutrients from vegetative tissues to developing grains, resulting in
chlorophyll degradation and lower SPAD values. Trends in Figure 5.5 demonstrate efficient
chlorophyll dynamics and nutrient remobilization from vegetative to reproductive structures,
which is a key trait for grain yield. The steep decline of approximately 50% from the
Heading/Beginning of flowering to Milk ripening highlights significant nutrient translocation
to the developing grains. Table 5.5 summarizes the trends and impact of SPAD values across
subplots, with detailed analysis provided in Section 5.3.1.

5.2.2. Data analysis

GTD collection is schematized as step 1 on the top left side of Figure 5.6. The collected data
were organized into individual subplots and then processed to understand the trends and
patterns, as shown in the second step on the left side of Figure 5.6. A total of twenty-six
distinct properties were recorded, each with a minimum of three replicates, across five growth
stages for the thirty subplots shown in Figure 5.1.

The data was organized and processed using the libraries Matplotlib version 5.8.4, SciPy
version 1.15.1, Seaborn version 0.15.2, Scikit-learn version 1.4.2, NumPy version 1.26.4,
and Pandas version 2.2.2 in Python version 5.12.5. The ANOVA p-value and Kruskal-
Wallis’s H-statistic analysis methods were employed to understand the dependency of the
different data collected on the BD treatment across the five growth stages, as shown in the
third step on the left side of Figure 5.6To better understand the changes observed during
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wheat growth, the correlation between each subplot’s initial BD and the measured properties
across all growth stages was also examined at this step. Properties across the growth stages
that were strongly affected or influenced by the initial subplot’s BD treatment were identified,
and a further assessment of these properties on wheat crop yield was conducted. The partial
least squares regression (PLSR) method with leave-one-out and 5-fold cross-validation
techniques was utilized in selecting the best features from the measured properties (Wold et
al., 2001). In addition, PLSR, multilinear regression (MLR), and linear regression (LR)
suitability for a simple final yield prediction were assessed, using the influential properties
by following the third step through to the fifth step illustrated in Figure.5.6. The influential
properties, original yield data, and the predicted yield data were used in the ArcGIS ArcMap
(ESRI ArcGISTM version 10.7.1, 2019, CA, USA) application to develop their respective
data maps as seen on the fifth step of Figure 5.6. The HSC data collection and processing
methods described in Sections 3.4.1.3 and 3.4.1.4 were used to establish the RS dataset.
Additionally, the map generation methodology outlined in Section 3.4.2 (all in Chapter 3)
was applied to facilitate a comprehensive interpretation of the study results.

c GTD data

Soil sampling, sensor, Measurement, & lab test
) Experimental field
\\\ Sprir}g Wh&?at under s%te

JXBS-300 specific soil compaction
! l variation
'@Data e Crop yield map
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Figure 5.6: Research flow diagram

5.2.3. Yield assessment
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Crop yield in tons per hectare was calculated by harvesting a one-meter square area of wheat
on each subplot and applying Eq. 5.3 (Martin et al., 2011). This study examined yield
variations across different subplots by assessing the effect of initial BD treatment on soil-
plant interactions. The analysis included variations in all property groups to identify which
had the greatest impact on yield in tons per hectare.

Crop yield(>=) = (A x B X €)/10000 (5.3)

Where 4 is the average number of pods/ m?, B is the average number of grains per pod, and
C is the average weight of 100 grains of wheat.

5.3.Results and discussion
5.3.1. Soil and crop growth data profile

The initial BD treatment, established as outlined in Section 5.2, and the resulting SC levels
measured at three depths are summarized in Table 5.2. SC, which is associated with BD and
cone penetration resistance (Beylich et al., 2010; Dorner et al., 2022; Reintam et al., 2009),
was the variable adjusted in this study. Its effect on crop yield may help justify the need for
a specific level of tillage. The field-level SC methodology using controlled vibratory plate
compactor passes (1-4) provided realistic soil-load response data in Table 5.2. This approach
revealed actual soil behavior under compaction forces, offering insights that computer
simulations typically cannot capture due to the complex interactions between soil particles,
moisture, and organic matter.

Table 5.2: Average initial bulk density treatment for the study (bulk density +SD)

Compaction 0-0.1 m 0.1-0.2 m 0.2-0.3 m Mean 0- Percent
level 0.30 m

BD1 1.27440.03 1.25410.07 1.374+0.03 1.301 11
BD 2 1.276+0.04 1.23610.03 1.246+0.04 1.253 7
BD 3 1.29010.06 1.22540.06 1.235+0.07 1.2499 6
BD 4 1.19140.07 1.18040.05 1.18740.06 1.1859 1
Control (C) 1.20840.05 1.14710.06 1.17240.08 1.1755 0

From Table 5.2, the Control, BD4, and BD3 plots had their highest BD at the top 0.1 m
section, with 3%, 0.34%, and 4.45%, respectively, being the difference in BD between the
top section and the bottom section of the soil. BD1 exhibited its highest BD in the bottom
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section, whereas BD2's peak density occurred in the top section, displaying a pattern similar
to the lower three BD levels (BD3, BD4, and Control). "All plots exhibited relatively lower
BD in the mid-section of the soil profile compared to both the top and bottom sections. This
pattern can be attributed to the compaction mechanism of the vibratory plate compactor,
which typically exerts uneven pressure distribution through the soil profile. Since about 70 %
of crop roots are within the top 0.3 m of soil depth (Jackson et al., 1996). The mean BD in
the fifth column of Table 5.2 was used as the compaction level indicator for this research,
hence, all the other properties measured were evaluated against the average BD.

To understand the influence of the initial BD levels on the spring wheat growth, the data
groups described in Section 5.2.1.2 were monitored, measured, or assessed and the results
are displayed in Table 5.3 and Table 5.4. Table 5.3 covers data that was captured across the
five growth stages, while Table 5.4 lists the data that was taken at the Heading/Beginning of
flowering stage, which was the peak nutrient demand growth stage, explained with the record
of the SPAD levels in Figure 5.5.

Table 5.3: Average soil and crop growth data across growth stages

Growth BD MCD MCW VMC pH TEMP SPAD RGR- RGR- Crop- Height

stage (%) (%) (%) ‘o) Crop Root M (m)
(g/d) (gid) (%)

Tillering BD1 19.21 16.03 2499 64 29.7 38.9 0.10 0.09 7727 0.180

BD2 24.03 1933 30.11 6.6 289 38.5 0.10 0.09 77.60 0.193
BD3 21.61 17.54 27.02 6.7 323 394 0.09 0.08 7642  0.197
BD4 2324 1882 2756 6.6 293 38.7 0.10 0.09 78.70  0.195
C 2170 17.75 2551 6.8 299 38.6 0.11 0.09 77.58  0.192
Pinnacle BDI1 15.03 5.48 5.81 6.4 30.6 44.6 0.13 0.13 70.66  0.330
BD2 17.82 6.47 6.84 6.7 306 45.1 0.11 0.13 66.43 0.338
BD3 1442 5.26 558 6.6 30.6 43.4 0.14 0.17 70.95 0.342
BD4 25.08 9.07 953 64 303 44.0 0.13 0.14 68.14  0.335
C 2047 742 7.83 6.6 30.6 44.5 0.10 0.17 70.75  0.361
Heading/ BD1 2797 10.11 10.61 6.6 31.8 46.8 0.07 0.01 56.52  0.515
Before BD2 2895 1046 1097 64 322 46.6 0.06 0.02 52.43  0.517
flowering  Bp3 2658 9.61 10.09 64 322 47.4 0.10 0.04 56.03  0.498
BD4 2742 991 1040 6.5 322 45.1 0.06 -0.02 5480 0.516
C 30.15 10.89 1142 63 325 45.6 0.07 -0.04  51.07 0.500
Milk BD1l 2551 9.23 9.69 69 36.0 32.1 0.02 -0.05 59.29 0.770
formation BD2 28.04 10.13 10.64 6.7 35.0 323 0.03 -0.03 61.54 0.764
BD3 25.66 9.28 9.75 6.7 345 31.2 0.00 -0.07  57.52  0.767
BD4 2338 8.46 890 6.8 347 29.5 0.03 0.00 57.89  0.753
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Growth BD MCD MCW VMC pH TEMP SPAD RGR- RGR- Crop- Height
stage (%) (%) (%) ‘o) Crop Root M (m)
(gd) (gid) (%)
C 27.83 10.06 10.55 6.8 353 30.9 0.03 -0.01  59.74 0.720

Milk BD1 15.03 5.48 5.81 6.7 28.1 22.9 -0.02  0.05 60.19  0.732
ripening  BD2 17.82 6.47 6.84 6.6 284 25.6 -0.01  0.01 58.18  0.746
BD3 1442 5.26 558 6.6 273 23.1 0.01 0.06 52.83  0.749
BD4 25.08 9.07 953 6.6 29.0 22.1 -0.02  -0.01 56.89 0.741
C 2047 7.42 7.83 6.8 289 23.5 -0.03  -0.01 5437 0.737

The result for the properties under each BD treatment is the average value for the six
replicated subplots that represent each BD. The averages of the results observed from the
experiment indicate the moisture content of the subplots at different growth stages. Generally,
soil moisture of 50 to 70% of field capacity, which corresponds to about 25 to 35% moisture
content dry basis, should be maintained for optimal wheat growth, with a variation of about
+10% across different growth stages (Panda et al., 2003; Sela, 2024). The results in Table 5.3
show that all the subplots had an adequate supply of moisture compared to previous research
(Panda et al., 2003), even though the hardest subplot had lower moisture levels for most of
the growth stages. Hence, the key influencing factor is root access to moisture. The most
critical stage when it comes to root development is the Pinnacle stage, about 6 weeks after
planting (Kirby, 1985). At this stage, BD3 and Control subplots had the highest RGR-Root
of 0.17 g/day, followed by BD4 with 0.14 g/day. The BD1 and BD2 subplots, which are the
top two hardest subplots, had 0.13 g/day. When the level of crop development at a particular
stage is not achieved, crops usually try to make up for the shortfall, therefore resulting in
allocating valuable resources meant for the growth of other parts, yield penalties, timing
mismatch, altered root architecture, and reduced nutrient-use efficiency (Hadir et al., 2024;
White and Kirkegaard, 2010; Zhou et al., 2022). The soil pH recorded in this experiment, as
shown in Table 5.3, ranges from 6.3-6.9. This checks with the ideal soil pH for wheat
cultivation, which typically ranges from 6.0 to 7.0, with some studies suggesting an optimum
target of around 6.5 for the best growth and nutrient availability in wheat crops. Soil pH
significantly affects nutrients such as N, P, and K, which are more readily available to plants
at ideal soil pH levels (Warner et al., 2023). Lower pH levels, which are acidic soils, can lead
to nutrient deficiencies, significantly affecting wheat growth and yield (Daba et al., 2021).
Soil temperatures (Temp) that were measured were all above 30 degrees Celsius for all
subplots during the peak of summer, which coincides with the Pinnacle to the Milk formation
growth stages. The variance in soil temperature values in Table 5.3 is much more dependent
on ambient weather conditions in Figure 5.4 than subplot BD variations. The critical stage
for SPAD is from Tillering to Heading/Beginning of flowering, with BD1 rising from 38.9 to
46.8, BD2 rising from 38.5 to 46.6, BD3 from 39.4 to 47.4, BD4 from 38.7 to 45.1, and
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Control rising from 38.6 to 45.6. These were all within the safe range of SPAD values (40 to
50), which indicates healthy growth (Yin et al., 2023), with BD3 having a relatively higher
value. In terms of crop height, the maximum average mature height was observed at the Milk
formation stage with BD1 having 0.77 m, BD2 with 0.764 m, BD3 with 0.767 m, BD4 with
0.753 m, and Control having 0.72 m. Note that the general height range for mature wheat is
0.60 to 1.20 m (Rankel, 2024). It is worth noticing that the height of the wheat on some of
the subplots was reduced at the Milk ripening stage due to the weight of the grain, which
caused the weaker and slender stems to bend. The reduction in crop height on BD1 is 5%,
BD2 is 2%, BD3 is 2%, and BD4 is 1%, while the crop height on the Control subplot
increased by 2%.

Table 5.4: Soil and crop nutrient data

Properties BD1 BD2 BD3 BD4 C
CEC (me/100g) 299 30.2 30.8 29.8 29
Mg (mg/100g) 125.7 107.2 105.7 115.7 114.3
P (mg/100g) 22.8 21.6 21 214 20.5
K (mg/100g) 38.4 39 38.6 40.1 39.4
Ca (mg/100g) 565.1 559.9 548.1 552.5 539.2
Total N_d (%) 2.455 2.377 2.247 2.194 2.197
P_d (%) 0.317 0.313 0.298 0.263 0.282
Ca_d (%) 0.169 0.165 0.174 0.167 0.163
Mg d (%) 0.128 0.117 0.121 0.11 0.11
K_d (%) 2.718 2.535 2.571 2.348 243
Total N_w (%) 2.018 1.988 1.87 1.816 1.818
P_w (%) 0.261 0.262 0.248 0.217 0.234
Ca_w (%) 0.139 0.138 0.144 0.139 0.135
Mg _w (%) 0.106 0.098 0.101 0.091 0.091
K _w (%) 2.234 2.12 2.139 1.943 2.01

From Table 5.4, the properties of keen interest are the Mg, P, Ca, and Total N_d. The reason
for selecting these properties is justified in Section 5.3.3.1. The results in Table 5.4 are the
levels of the various properties measured at the critical growth stage. The BD3 treatment
subplot exhibited the lowest Mg concentration while maintaining the second-lowest
concentrations of P and Ca, with values ranking just after the Control subplot. BD4 followed
a similar pattern, ranking after BD3. This nutrient distribution pattern indicates that crops
grown in the BD3, Control, and BD4 treatments had relatively higher access to available soil
nutrients than those in the BD1 and BD2 treatments. The Total N_d, which is the total
nitrogen content dry basis in the plant biomass at the Heading/Beginning of flowering stage,
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had somewhat higher concentrations in BD1 than the rest of the subplots, with the results
trend being an increasing Total N_d content with an increasing BD level.

5.3.2. Soil compaction effect on soil and crop growth properties

The treatment dependency across growth stages is illustrated in Figure 5.7. The degree of
dependency or effect assessment is captured in Figure 5.7 (a). The possible impact of initial
BD treatment levels on the various properties across the five growth stages can be visualized
in Figure 5.7 (b).

Trend of Kruskal-Wallis H-statistic Across Growth Stages
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Figure 5.7: Plot treatment dependency across growth stages (a) Plot of Kruskal-Wallis H-
statistic, and (b) ANOVA p-value

The measured level and content of most properties and crop data were influenced by subplot
BD treatment at the Pinnacle stage (about 6 weeks after planting) to the Milk formation stage
(9 weeks after planting), with most properties’ p-values falling below the 0.05 mark, which
is the threshold mark for destemming dependency, represented with a black dashed line as
can be seen in Figure 5.7 (b). Some properties, like Temp, can be seen from Figure 5.7 as not
dependent on BD treatment, whereas SPAD, height, and pH were also not reliant on BD at
several growth stages.

Figure 5.7(a) shows that BD level strongly influences several properties: RGR-Crop, Ca,
K d, Crop-MC, K, Mg d, P, Mg, Total-N_d, MCD, MCW, VMC, and RGR-Root. The
variance in BD treatments explains the measured differences in these properties.

5.3.2.1.80il compaction effect

To further evaluate how initial BD treatments affected the measured properties/variables,
correlation analysis was performed between BD and all measured variables, with results
displayed in Figure 5.8. The visualization organizes correlations into four distinct data groups
(soil physical properties, crop growth data, soil chemical properties, and absorbed
macronutrient content in crop biomass) to illustrate effects across different growth stages.
Points that fall above the zero line mean that the concentration or the level was higher on
highly compacted subplots and lower on the less compacted regions; that is, a positive
correlation. Those below the zero line have lower concentrations or levels on highly
compacted subplots and higher on less compacted ones, which means a negative correlation.
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Effect of BD on Physical Properties Across Growth Stages
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Figure 5.8: Effect of BD on measured properties (a) soil physical properties, (b) soil chemical
properties, (c¢) crop growth data, and (d) absorbed macronutrient in biomass
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The results in Figure 5.8 (a) show the soil's physical properties, such as the moisture content
levels and the soil temperature across the growth stages. The expected effect of BD on
moisture content is a higher level of moisture on soft subplots and a lower level of moisture
on harder subplots (negative correlations). This effect was stronger at the Pinnacle and Milk
ripening stages, and minimal at the Tillering stage. The limited precipitation period from May
to June, shown in Figure 5.4, coincided with the critical Tillering and Pinnacle growth stages.
This drought timing likely intensified the effects of SC treatments, as evidenced by the
negative correlations observed during these stages and their impact on key growth parameters.
By the Heading and Milk formation stages, although still negatively correlated, the
compaction effect became nearly neutral, due to the fully developed crop canopy, which
helped conserve soil moisture below the surface. The phenomenon of negative correlation of
soil moisture content to BD was also reported previously (Liu et al., 2022; Romero-Ruiz et
al., 2022). The Temp measured did not align with the BD treatment; it aligned more with the
climatic conditions in Figure 5.4.

The overall trends in the results shown in Figure 5.8 (b) imply that the residual concentrations
of P, Ca, CEC, and Mg were higher in highly compacted zones than in the less compacted
ones (positive correlation). K was the opposite; it had a higher concentration on less
compacted subplots of land than in the highly compacted ones. The effect of compaction
variation on pH was almost neutral, with its variations aligning more closely with moisture
levels rather than soil BD treatment. Previous research (Arvidsson, 1999; Frene et al., 2024)
supports the fact that SC significantly decreases the rate at which crops access available soil
nutrients, while another study (Long et al., 2024) reported a 12 to 35% reduction in various
nutrient absorption rates, which subsequently affects crop development and yield.

The expected negative correlations between BD variation and crop data (SPAD, Crop-MC,
RGR-Root, RGR-Crop, and height) were observed at different growth stages for each
parameter, as shown in Figure 5.8 (¢). Most crop data exhibited positive correlations during
the Heading and Milk ripening stages, whereas the Tillering stage showed more properties
with negative correlations. The RGR-Root was lower in compacted soils compared to less
compacted soils during the Pinnacle and Milk formation stages, thus, critical periods for root
development that influence yield (Kirby, 1985; Miller, 1996). RGR-Crop’s negative
correlation at the Milk formation stage, as shown in Figure 5.8 (¢), indicates the influence of
BD in the grain formation process; thus, subplots of land with less compaction had relatively
heavier grain formed than the harder subplots.

All the absorbed macronutrients in the measured crop’s biomass (Total N_d, K d,P_d, Ca d,
Mg d, Total N w, K w, P_w, Ca w, Mg w) showed higher concentrations in highly
compacted subplots and lower concentrations in less compacted ones. This pattern
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demonstrates a positive correlation, as shown in Figure 5.8 (d). The level of the effect of BD
on the absorbed macronutrients in crop biomass concentration was dependent on the
transportation mode of that nutrient, whether it was through water uptake or diffusion. The
nutrients taken into the tissues of crops are transported via the protoplasmic connection. Crop
nutrient uptake occurs through mass flow (water-driven transport) and diffusion (Tsukagoshi
and Shinohara, 2020). SC restricts water accessibility by crop roots, impairing mass flow and
forcing reliance on diffusion alone. This limits nutrient distribution, causing localized
accumulation of diffusion-dependent nutrients that remain inaccessible for crop use,
ultimately reducing crop productivity. Nutrients like nitrogen, phosphorus, potassium, and
magnesium are part of the mobile nutrients (a higher percentage is moved by diffusion),
whilst calcium is an immobile nutrient; thus, a greater percentage is moved by water (Bayer
Group, 2024).

5.3.3. Crop yield and impact of soil compaction on yield level

The yield parameters measured/monitored, and recorded in this research are listed in Table
5.5. The number of pods per m? area was highest on subplot BD3 with 261, followed by BD4
with 235 and Control with 229. BD3 again had the highest grains per pod at 32.77, followed
by the Control at 31.77 and BD4 at 29.46. The two most compacted subplots showed
significantly lower grain counts, with BD2 being 20% lower than BD3 and BD1 being 50%
lower than BD3.

Table 5.5: Average yield data per BD treatment

Compaction Average Average number Average weight Yield, t/ha
level number of of grains per of 100 grains

pods/head per pod (2)

square meter
BD1 177 21.3 2.805 1.058
BD 2 217 27.23 3.28 1.938
BD 3 261 32.77 3.395 2.904
BD 4 235 29.46 3.285 2.274
Control 229 31.77 3.545 2.579

The average weights of 100 grains recorded for each BD treatment in Table 5.5 were within
the range of 2.805 g for the hardest subplot to 3.545 g for the Control subplot. Since the
average weight of 100 grains of wheat is 3.4 g, as previously reported (Agriculture Victoria
Connect, 2024), Control, BD3, BD4, and BD 2 are the closest to 3.4 g. However, the Control
plot produced the heaviest grains at 3.545 g.
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The results in Table 5.5, with the aid of Eq. 5.3, produced the yield result plotted in Figure
5.9. The highest average yield per BD treatment was recorded on the BD3 subplots, which
was 173.6% greater than that of the subplots with the minimum yield, BD1. The Control
subplot also recorded an average yield that is 143.4% greater than that of BD1. Since the
Control subplot had heavier grains and about 7.8% more grains per pod than the BD4 subplot,
as shown in Table 5.5, its yield is slightly greater than BD4, as seen in Figure 5.5. Previous
research (Longepierre et al., 2022) also discovered a 40% reduction in wheat yield and a 60%
reduction in corn due to SC effects. The results of soil amendments are to improve yield and,
to some extent, improve the environment (Davis et al., 2024; De Corato, 2023).

The increasing temperatures from June to July in Figure 5.4 coincided with the critical
Heading/Beginning of flowering and Milk formation stages, potentially accelerating grain
development in less compacted subplots while increasing moisture stress in highly
compacted soils as seen in Figure 5.9. The reduction in sunshine hours from July to August
coincided with the milk ripening stage of wheat and may have contributed to the observed
differences in final yield components, particularly between control subplots and those
subjected to high SC treatments.

Figure 5.10 shows that the average number of pods per m? area can be used to estimate final
wheat grain yield. Farmers commonly use this approach to quickly estimate wheat yield
during the Tillering stage by assuming each tiller is going to bear grains (Martin et al., 2011;
Paulsen et al., 1997).

3

Yield (t/ha)

Bulk density treatment

Figure 5.9: Wheat yields in tons per hectare
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Figure 5.10: Plot of yield versus number of pods per m?

However, in this research, the actual number of pods per m? is used, allowing a more accurate
prediction (R? = 0.9374) between the Heading to the Milk ripening stage. This could permit
the adoption of RS/machine vision techniques, such as unmanned aerial vehicles, to fast-
track the estimation of yield. This strong relationship in Figure 5.10 explains the observed
pattern of decreasing yield with increasing SC in Figure 5.9, with BD3 as the notable
exception. In highly compacted soils (BD1 and BD2), restricted root development limited
nutrient and water uptake, resulting in fewer pods per m?, as seen in Table 5.5. Fewer pods
per m? consequently result in lower grain yields. The significant reduction in the number of
pods under these conditions highlights the sensitivity of reproductive development to
excessive SC stress.

Interestingly, BD3 emerged as the optimal SC level for wheat production, outperforming
even the Control treatment. With the highest pod count and grain yield, BD3 represents an
optimal range of SC. The SC was firm enough to enhance soil-root contact and potentially
improve water retention during the early-season low precipitation period in Figure 5.4, yet
not so dense as to hinder root development or gas exchange.

The slightly lower performance of the Control and BD4 treatments, compared to BD3
suggests that moderate SC may be beneficial under the environmental conditions of this
experiment, which can be found in Figure 5.4. This is particularly relevant given the low
rainfall during critical early growth stages from May to June, where moderately compacted
soil improved water retention and nutrient availability in the root zone. These findings have
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significant agronomic implications. Rather than eliminating SC, managing it to achieve an
optimal level, such as BD3, could maximize wheat productivity under similar environmental

conditions.

5.3.4. Soil Properties and crop data influence on crop yield

To interpret the implications of the effect of BD treatment on the measured properties in this
experiment, the prediction/estimation of wheat grain yield using the recorded variations in
the properties across the growth stages was plotted in Figure 5.11.
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Figure 5.11: Wheat yield prediction (a) R? versus soil physical properties at different growth
stages, (b) R? versus soil chemical properties at different growth stages, (c) R? versus crop
growth data at different growth stages, and (d) R? versus absorbed macronutrient in biomass
at different growth stages

The plots in Figure 5.11 represent the four different property groups, with each plot having a
color-coded legend attached to indicate its specific properties.

Figure 5.11 (a) illustrates the R? plot of the soil physical properties’ yield predictions,
showing a low prediction tendency with R? of -0.005 to -0.075. The soil physical properties
measured in this study appear to have a limited direct influence on final yield. However, as
shown in Figure 5.11 (a), their impact, particularly from MCD and MCW, was more evident
during early growth stages and decreased as the crop matured. This suggests that soil
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moisture-dependent properties and developmental parameters are most affected during the
initial stages of crop development.

Concerning the data in Figure 5.11 (b), the level of soil P, Ca, and Mg were the properties
that had higher yield prediction tendencies. The yield prediction R? for the soil residual K
was 0.05, CEC was -0.05, and the pH was 0.1 to -0.05. These R? values are quite low, hence,
K, CEC, and pH measured levels cannot be used to explain the variance in the final crop
yield. It was observed in previous research (Ma et al., 2022) that P enhances the growth and
yield of wheat by enhancing the leaf photosynthesis, and other studies (Bradley et al., 2008;
Pandey et al., 2020; Paulsen et al., 1997) also emphasized the importance of soil P, Ca, Mg,
K, N, and other nutrients regarding wheat growth and yield.

The crop growth data in Figure 5.11 (c) also has a low yield estimation tendency for almost
all properties of the experimental setup, with R? of -0.005 to 0.15, except for the Crop-MC
at the Milk ripening stage, which predicted yield with R? of 0.6. Table 5.3 and Figure 5.9
show an inverse relationship between Crop-MC and final average yield during the Milk
ripening stage. Crops in highly compacted subplots (BD1 and BD2) exhibited 6 to 8% Crop-
MC higher than the subplots with high yield. This suggests developmental delays caused by
SC, where plants prioritize compensatory growth, which causes a reduction in grain
production. Although the direct impact of RGR-Root and RGR-Crop on final yield was less,
RGR-Root had a higher yield prediction at the Pinnacle stage, and RGR-Crop’s was at
Heading/Before flowering, while that of SPAD was almost constant across the growth stages.

Figure 5.11 (d) shows that the levels of Total N_d and Total N_w were the best in estimating
the final crop yield. The yield prediction R? for Mg_d, Mg w,K d,K w,P_d,and P_w were
all between 0.15 to 0.3, while that of Ca_d and Ca_w is zero and below. This means that the
measured levels of these properties are not able to explain the variation in the final yield with
an appreciable accuracy of at least R? of 0.6.

5.3.4.1. Crop yield prediction by soil properties and crop data

Building on established research demonstrating the collaborative effects of multiple soil
chemical nutrients on crop yields (Zorb et al., 2018). The combinations of key soil chemical
properties (P, Ca, and Mg) were assessed to predict wheat yield. Figure 5.12 (a) shows how
the best individual property performs, while Figure 5.12 (b) and Table 5.6 highlight the best
results when P and Ca are combined. This combination gave strong models with an R? of
0.855 and RMSE of 0.24 t/ha for both PLSR and MLR. These findings match earlier work
(Bonfil et al., 2004), which also found better predictions (R* = 0.83) when combining soil P
and Ca.

Table 5.6: Yield estimating models’ parameters: GTD-base
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Properties PLSR MLR/LR
R? RMSE (ton/ha) R? RMSE (ton/ha)
P only 0.8528 0.2418 0.8528 0.2418
P& Ca 0.8551 0.2399 0.8551 0.2399
P, Ca & Mg 0.9720 0.1054 0.9720 0.1054
P, Ca, Mg & SPAD 0.9734 0.1028 0.9734 0.1028
P, Ca, Mg & Crop-MC 0.9711 0.1070 0.9711 0.1070

When we added the three key soil chemical properties (P, Ca, and Mg) to the model, as shown
in Figure 5.12 (c) and Table 5.6, prediction accuracy improved significantly. The R? value
increased to 0.972, and RMSE dropped to 0.1054 t/ha for both PLSR and MLR models. This
matches the findings by (Zhao et al., 2015), who also saw better maize yield predictions (R?
from 0.76 to 0.89) when combining multiple soil nutrients, including P, Ca, and Mg. Another
research (Meng et al., 2013) demonstrated that integrated soil fertility models incorporating
multiple nutrients improved wheat yield prediction accuracy from R? values of 0.71-0.79 for
single nutrients to 0.88-0.92 for combined nutrient models. The substantial increase in
accuracy from using one to three nutrients shows how these elements interact to affect wheat
productivity.

Further analysis examined whether incorporating crop growth data could improve prediction
accuracy. Adding SPAD readings to the P-Ca-Mg model resulted in a marginal increase of
0.14%, whereas including Crop-MC slightly decreased accuracy by 0.09%, as shown in
Figure 5.12 (d) and Table 5.6. The figures displaying the performance of other constructed
models not selected due to their lower performance can be found in Appendix B. These
results suggest that once primary soil chemical nutrients are accounted for, additional crop-
based parameters contribute minimally to yield prediction under these experimental
conditions. Thus, focusing on soil P, Ca, and Mg levels provides an efficient approach for
predicting wheat yield potential, particularly in environments where SC may influence
available nutrients’ accessibility.
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Figure 5.12: Estimated yield versus actual yield: GTD-base (a) P only, (b) P & Ca, (¢) P, Ca,
& Mg, (d) P, Ca, Mg, & SPAD

Figure 5.13 presents the HSC-based yield prediction (PLSR models) developed from the
influential properties identified through GTD analysis. Although predictions were conducted
across all growth stages, the Milk ripening stage demonstrated superior performance and is
highlighted in Figure 5.13. The comprehensive model figures and performance metrics are
available in Appendix C. The predictive capacity of these HSC-based models directly
correlated with the statistical strength (R?) of the constituent properties. Parameters for the
HSC-based influential properties are documented in Table 1C, Appendix C, with the model
development methodology detailed in Chapter 3, Section 3.4.1.
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The HSC-based single-property yield prediction model utilizing P, identified as the most
influential standalone property during GTD analysis, achieved an R? value of 0.6437 with an
RMSE of 0.3762 in Figure 5.13 (a). The dual-property P-Ca model demonstrated modest
improvement with an R? of 0.6595 and RMSE of 0.3678, shown in Figure 5.13 (b). More
substantial predictive power was observed in the P-Ca-Mg model, which attained an R? of
0.7425 and RMSE 0f 0.3198, Figure 5.13 (c). Applying a 75% RMSE threshold to the P-Ca-
Mg model enhanced model performance by 17.9%, as illustrated in Figure 5.13 (d). These
findings demonstrate the possibility of HSC-based yield prediction, with the optimized P-
Ca-Mg model achieving a performance (R? = 0.9215) comparable to the GTD-based model
(R? =0.972), suggesting potential for practical implementation of hyperspectral imaging in
PA yield prediction.
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Figure 5.13: Estimated yield versus actual yield-HSC base (a) P only, (b) P & Ca, (c) P, Ca,
& Mg, (d) P-Ca-Mg with 75% RMSE threshold
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The strong predictive capacity of the P-Ca-Mg combination in both the GTD-based and the
HSC-based models can be explained by their complementary roles under varying SC
conditions. P mobility primarily occurs through diffusion and is particularly sensitive to SC,
which restricts pore connectivity and root exploration (Bengough et al., 2011). In moderately
compacted soils like BD3, improved soil-root contact may facilitate P diffusion over short
distances while preserving enough macropores to support root growth.

Ca and Mg help both crop growth and soil structure. Ca promotes better soil aggregation that
can partially mitigate SC effects (Bronick and Lal, 2005). Mg is essential for chlorophyll
production and enzyme activation in energy processes. These functions become vital when
crops are stressed in compacted soils (Cakmak and Yazici, 2010).

The strong predictive performance of the P-Ca-Mg combination (R? = 0.972 for the GTD
model and 0.9215 for the HSC-based model) is due to their interactive effects on plant growth.
Under moderate compaction (BD3), an optimal balance between soil-root contact and pore
space can enhance nutrient availability and uptake efficiency. This accounts for the higher
yields at this compaction level, even though there was a general negative relationship
between SC and final crop yield across other treatments.

Regarding increasing or optimizing spring wheat yield, the result from this research indicates
that spring wheat requires a certain level of SC to achieve an optimum yield. From the
outcome of this research, it is evident that BD3 was the best SC condition that produced high
yield; hence, running a Cambridge roller two times more on the field could facilitate the field
to approach this optimum SC condition and improve the yield of spring wheat by about 12%.

5.4.Conclusions

This chapter examined the effects of SC on soil physical properties and soil chemical
properties. It also assessed crop growth data and macronutrient uptake in crop biomass across
five growth stages of spring wheat. The effect or influence of these property groups was used
to explain the variance in the final wheat yield. There were three properties out of the twenty-
six measured, which were all soil chemical properties, and their discrete response to BD
treatment levels reflected/corresponded to the variation in the final yield. The combination
of soil P, Ca, and Mg levels allowed the estimation of yield with about a 14 % improvement
in the coefficient of determination (R2 = 0.9720) compared to the best sole property
estimation (R2 = 0.8528). Additionally, the final yields recorded in the soft subplots, Control
and BD4, were more than 100% higher than those in the hardest subplot, BD1. Results from
this research suggest that, when it comes to spring wheat, the soil needs a certain level of SC,
about 1.24 Mg/m3, to produce an optimum yield.
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These results suggest that soil amendments such as tillage affect the final crop yield, and as
such, the level of SC needs to be managed to suit the specific requirement of the crop being
cultivated. This is why the top two hardest plots, BD1 and BD2, had low moisture at the root
zones and less access to available soil nutrients, thus resulting in a low final yield. This
supports the logic behind site-specific SC, termed PT, which is to apply the required depth
of tillage to specific zones/ regions where it is essential, and the research results prove why
the PT concept is important.

Furthermore, this study demonstrates the efficacy of HSC technology in developing robust
yield prediction models for PA applications. Through systematic analysis of influential soil
properties, particularly the P, Ca, and Mg combination during the Milk ripening stage, the
HSC-based approach achieved prediction accuracy (R* = 0.9215) after applying the 75%
RMSE threshold optimization, comparable to traditional ground truth data methods (R* =
0.9720). This remarkable performance confirms that remotely sensed spectral data can
effectively capture the complex relationships between soil nutrient status and crop
productivity. These findings represent a significant development toward non-invasive,
efficient field monitoring systems that can inform PA decisions in wheat production,
potentially reducing the need for extensive ground sampling while maintaining high
prediction reliability.

The setup of this experiment limited the cause of SC to soil densification by heavy farm
machinery, which reduces the pore spaces in the soil structure and does not affect the textural
structure of the soil particle sizes by breaking them into smaller pieces. Hence, the outcome
of this research is restricted to such a concept of compaction. Additionally, further research
is needed with different crops to fully grasp their responses to BD treatment as well. Different
crops have different nutrient requirements and physiology, which could affect their responses
to SC variation throughout their growth stages.
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CHAPTER 6. INTEGRATION OF FINDINGS INTO THE PRECISION
AGRICULTURE FRAMEWORK

6.1.Introduction

Remote sensing (RS) technology is a powerful diagnostic and analytical tool in agriculture,
enabling a comprehensive assessment of soil, crops, and environmental conditions. RS
enables the establishment of an early warning method for agricultural stakeholders to
intervene on time to curb developing problems before they largely impact crop productivity
and threaten global food security (Khanal et al., 2020).

Agricultural RS incorporates various platforms, including ground-based instruments
(hyperspectral and multispectral cameras), aerial systems (unmanned aerial vehicles), and
satellite technologies (Read and Torrado, 2009). These technologies have become important
for monitoring crop health and environmental factors, improving yields, enhancing resource
utilization, and assisting early detection of plant diseases (Karmakar et al., 2024).

Among these technologies, hyperspectral imaging (HSI) represents a promising innovation
for precision agriculture (PA). Different from the conventional RGB imaging or multispectral
approaches (Jovanovi¢ and Govedarica, 2014; Ram et al., 2024), HSI provides substantially
more detailed spectral information about crop and soil conditions, supporting improved
targeted farm management decisions (Ram et al., 2024).

A useful application of HSI can be found in the PT planning process, where soil pulverization
operations are applied only where necessary, particularly in areas with SC or compacted
layers (Kaufmann et al., 2010; Shamal et al., 2016). Successful implementation of PA
requires rapid acquisition and processing of SC data to avoid planting delays associated with
traditional laboratory methods, which are labor-intensive and time-consuming.

This chapter uses insights from wheat developmental responses under varying SC levels to
develop a wheat-specific PT framework. Building on the optimum SC level identified in
Chapter 5, PT recommendations designed to maximize yield according to experimental
results are presented. The soil nutrient management maps created from residual soil nutrients
during critical wheat growth stages provide spatial nutrient information for subsequent
fertilization planning. Additionally, the HSI and processing methodologies introduced in
Chapters 3 and 4 support an efficient workflow for rapid assessment of SC effects on wheat
development, facilitating timely and targeted interventions. This integration creates a
comprehensive framework relating RS capabilities with agronomic understanding to produce
practical, site-specific SC management solutions for wheat producers.
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6.2.Integration methodology

A comprehensive framework that uses HSC technology to study soil properties without
damaging crops or soil was developed. This looked at how wheat grows under different SC.
The results enabled wheat-specific PA implementation through targeted PT actions and site-
specific nutrient management plans. The main idea is to find the best SC for boosting wheat
yield by looking at growth data and HSC readings.

As shown in Figure 6.1, data from growth monitoring and HSC images across five important
growth stages of wheat, which you can find detailed in Chapter 5, were combined. This
method included a comprehensive analysis of yield variance, trends in yields, and what
influenced wheat growth, which is documented in Table 5.5, along with the changes in soil
properties across different test subplots.

Fractional vegetation cover (FVC), a key HSC-derived parameter, was utilized to quantify
RS-identified variance related to SC levels. This integrated approach, combining FVC-based
differentiation, soil physicochemical property variance, and crop growth data, which
supported the development of farm input management plans presented in Figures 6.4-6.7.
Furthermore, an HSC-based SC assessment and management workflow, detailed in Figure
6.2, was also developed. The resulting framework provides a practical methodology for
implementing PA strategies specifically optimized for wheat production systems under
varying SC conditions.

6.2.1. PT framework development and validation

The wheat yield data and SC impacts stated in Section 5.3.3, along with yield predictions
based on soil properties and crop data (both GTD-based and HSC-based) from Section
5.3.4.1 in Chapter 5, identified BD3 (BD = 1.24 Mg/m?) as the optimum SC level for
maximizing wheat yield. The derived models demonstrated that SC affects multiple nutrient
pathways, with the P-Ca-Mg model providing the best explanation for yield variations across
different compaction levels in both datasets. These findings informed the development of the
framework illustrated in Figure 6.1.
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Figure 6.1: Wheat-specific PT planning flow diagram

The observed yield trends established the basis for defining BD/PD ranges for effective SC
management. The set management goal is to apply targeted amendments to specific field sites
to optimize SC levels toward the ideal range (BD3 = 1.24 Mg/m?), based on measured yield
values at different compaction levels. Yield data from Table 5.5 showed that higher
compaction levels (BD1 = 1.30 Mg/m? and BD2 = 1.25 Mg/m?) produced lower yields, while
lower compaction levels (BD4 = 1.19 Mg/m? and Control = 1.17 Mg/m?®) outperformed the
most compacted experimental subplots. This pattern suggests a dual management approach:
increasing compaction in looser soils while reducing compaction in harder soils.

To further validate the management approach required to achieve the ideal wheat production
SC level derived, a field compaction test was conducted using the Cambridge roller (CR)
after a section of the field had been plowed to mimic wheat sowing conditions. The CR was
run twice on the plowed field, resulting in an average BD of 1.2486 Mg/m?® with a standard
deviation of 0.129 Mg/m®. The detailed table containing the SC level for the validation test
can be found in Table D12, Appendix D. This demonstrates that running the CR twice can
yield an SC level close to the optimum derived for maximizing wheat yield.

The workflow presented in Figure 6.1 begins with yield trend identification through either
GTD or HSC-based yield predictions (left side of Figure 6.1), proceeds to BD/PD range
definition, advances to tillage recommendation assignment, and concludes with spatial
variance analysis and mapping using ArcGIS Pro (ESRI ArcGIS™ version 2.4.0, 2019, CA,
USA). This sequential process generates spatially explicit maps with site-specific tillage
recommendations, defining PT decisions as shown on the right end of Figure 6.1.
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6.2.2. Farm input management plan development

The farm input management plan is derived from the experimental workflow presented in
Figure 5.6, Chapter 5. This workflow includes spatial residual soil nutrient mapping as its
fifth step, which has been adapted for comprehensive farm input management. These nutrient
distributions were visualized using distinct color schemes to clearly illustrate spatial
variability in underutilized soil resources.

This approach captures residual soil nutrients after crops have utilized approximately 70-
80% of their accumulated nutrient needs, enabling more precise fertilizer application rates
plan for a subsequent season. The method offers two significant advantages: first, it provides
site-specific residual nutrient data, allowing for precise determination of supplemental
nutrient requirements; second, it reduces laboratory analysis time prior to the subsequent
growing season. The validation tests indicate the best HSC-based predictions achieve R?
values of 0.75 to 0.86 compared to standard laboratory analyses for key nutrients. The full
HSC-based prediction R? per growth stages can be found in Table D6, Appendix D.

The HSC-based methodology detailed in Chapter 3 for acquiring residual nutrient data
significantly reduces the labor associated with traditional soil sampling while delivering
results more rapidly. Conventional laboratory analyses typically require 2-3 months for
processing, whereas the HSC approach generates actionable data within 1-4 days,
representing a significant reduction in processing time.

The nutrient maps generated through this process directly inform site-specific fertilizer
application rates by deducting the residual nutrient from the crop-specific nutrient
requirements, which convert residual nutrient levels to supplemental fertilizer. Validation
procedures comparing HSC-derived nutrient maps against laboratory standards indicate
lower RMSE values as seen in Figure 6.5 to 6.7 and Figure D1 to D4, Appendix D.

Certain limitations need to be considered when implementing this approach, including
environmental factors captured in Figure 5.4, and ambient light conditions that may affect
HSC readings. These variables are accounted for using the calibration panel described in
Section 3.2.1.1 and shown in Figure 3.4 to account for light conditions, and the calibration
procedure cannot be excluded.

6.2.3. Waorkflow for remote sensing of SC under wheat field

Observations and results from the controlled SC level experiments in Chapter 5 indicate that
variance in soil physical properties is significantly affected during early growth stages. Wheat
and many crops demonstrate adaptive capacity through substitutional development to
compensate for developmental shortfalls under stress conditions (Islam et al., 2022).
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Consequently, RS of SC via wheat vegetation was most effective during the initial two
growth stages (Tillering and Pinnacle).

The methodology adopted, first assessed possible combinations of measured parameters that
could explain the variation in initial SC levels, denoted as route M/ in Figure 6.2. The second
step estimated these SC-linked parameters using HSC data for SC level detection, represented
as the M2 flow route in Figure 6.2. Both routes (M and M?2) were evaluated against the
reference method of direct BD measurement and PD calculation as proposed by Shamal et
al. (2016).

Reference M1 M2
method
BD Measured HSC Image of
GTD property vegetation
Fiel/lab
determined JL
selected
properties [ HSC predicted
BD property
BD
PD PD PD
PD =BD¢rp +0.009CC  (Shamal et al., 2016; Renger, 1970)

Figure 6.2: Workflow for Remote sensing-based SC

For real-time RS monitoring of SC levels under field conditions, Fractional Vegetation Cover
(FVC) was calculated using hyperspectral imagery through a normalized difference
vegetation index (NDVI)-based thresholding approach. This method classifies pixels as
vegetated or non-vegetated based on spectral reflectance characteristics. NDVI was derived
from hyperspectral bands in the red (650—680 nm) and near-infrared (780—1100 nm) regions
using Eq. 3.8. A threshold of NDVI > 0.05 was applied to distinguish vegetated pixels from
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bare soil, effectively separating vegetation while minimizing soil background influence
(Carlson and Ripley, 1997).

This approach proved particularly valuable during the Heading, Milk formation, and Milk
ripening stages when crops had fully developed with minimal exposed soil surface. Under
these conditions, alternative methods based on soil reflectance rather than vegetation would
have produced less accurate results.

Pixels exceeding the NDVI threshold were classified as vegetated, with FVC computed as
the ratio of vegetated pixels (N,eg) to total pixels (M) Within each spatial unit:

FVC = ves. (6.1)

Ntotal

This binary classification approach offers computational efficiency and direct interpretability,
particularly advantageous for large-scale analyses where endmember extraction presents
significant challenges.

6.3.Results and discussion
6.3.1. PT framework implementation

The introduction of targeted or site-specific SC management, termed PT, has demonstrated
significant potential for enhancing environmentally sensitive agricultural practices (Godwin
and Miller, 2003; Mouazen and Ramon, 2006). This emerging approach necessitates
streamlined tillage innovations for improved crop-specific SC management. Table 6.1
presents PT decisions for wheat cultivation, formulated based on field-verified experimental
results. These management guidelines integrate insights from Chapter 5, combining
traditional GTD and unique HSC-based extraction of SC parameters as developed in Chapter
4.

The foundation of these recommendations lies in the identification of optimal SC levels for
maximizing wheat yield. In the experimental fields utilized for this study, clay content (CC)
remained below 25% within a range of 6%, resulting in PD calculations from Eq. 4.2 not
differing significantly from BD measurements. Consequently, BD values were employed for
accurate threshold establishment. In areas with higher clay content (CC > 30%) with
approximately 15% range variation (Shamal et al., 2016), PD values may substitute for BD
values in Table 6.1.

Table 6.1 comprises four essential components: established BD ranges (first column),
corresponding wheat yield level descriptions (second column), appropriate tillage
recommendations (third column), and remarks on expected improvements and recommended
practices (fourth column). This structured approach offers a comprehensive framework for
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implementing PT in wheat production systems under different SC conditions, as it
incorporates the soil’s natural response to compaction. The BD thresholds presented in Table
6.1 are based on results from actual field compaction experiments.

Table 6.1: Wheat-specific bulk density level-based tillage action recommendation

BD values R ded till
3 Wheat yield ecommen- ed Hiage Remarks
(kg/m”) action
<1170 Below optimum 2 passes of standard Originally required 1
P Cambridge roller (CR) pass of CR
1170 - 1190 Lower optimum 1 pass of standard Up to 12% yield
range Cambridge roller improvement
1240 £+ 20 i
Optimum No tillage -
performance
> 1260 . Deep tillage (0.30 m) + 143 - 173% yield
L .
imiting range 2 passes of CR improvement

In establishing the recommended tillage actions, results from Table 5.5 were utilized,
revealing that the Control treatment yielded 12.4% less than the optimum SC level (BD3).
The Control subplot required one pass of the Cambridge roller (CR) following standard
plowing and harrowing operations (detailed in section 5.2 and Table 5.1). These findings
informed the tillage actions outlined for the < 1170 kg/m?* and 1170-1190 kg/m* BD ranges
in Table 6.1. Since post-plowing-harrowing BD typically falls below the Control subplot's
BD values, the recommended tillage action consists of two CR passes to achieve the optimal
BD3 SC level. Similarly, the Control treatment requires one additional CR pass to reach the
optimal BD3 level.

The identified optimum SC level corresponds to a BD of 1240 kg/m*® with a standard
deviation (SD) of 20 kg/m?, based on the average SD of mean BD values across soil depth
sections reported in Table 5.2. As this BD represents the optimum SC for spring wheat, no
tillage is recommended for soils exhibiting this compaction level. The BD value of 1240
kg/m? (1.24 Mg/m?) serves as the benchmark for wheat-specific PT planning and establishes
a foundation for further research into optimizing additional parameters for comprehensive
wheat-specific PA implementation.

BD ranges exceeding the identified optimum represent the highest SC levels in this
experiment. The substantial yield differences between the optimum and BD2 (49.8%
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reduction) and between the optimum and BD1 (173.6% reduction) are particularly
noteworthy. Even though the incremental increase in SC from BD3 to BD2 was merely 1%
(see Figure 5.1), resulting from an increase from two to three passes of the vibration plate
compactor described in Section 5.2, the yield penalty was considerable. The incremental SC
increase from BD3 to BD1 was 5%, achieved with two additional vibration plate compactor
passes beyond BD3 treatment. These findings demonstrate that even marginal BD increases
beyond the optimum SC level can cause significant yield reductions, justifying the
recommendation for deep tillage to reset highly compacted soils to conventional tillage levels,
followed by two CR passes to achieve the optimum SC level.

To illustrate the potential benefits of the PT framework presented in Table 6.1, the
experimental plot used in the controlled compaction experiment and its corresponding BD
levels were used to develop an example PT action map shown in Figure 6.3. This figure
presents both BD-based (Figure 6.3a) and PD-based (Figure 6.3b) maps for the experimental
field. The maps feature color-graded legends corresponding to different BD/PD ranges used
in establishing thresholds, with tillage action instructions explicitly indicated for each zone.
For example, green regions represent optimum SC zones requiring no tillage. Light yellow
regions indicate SC levels below the optimum, requiring one CR passes as noted in the Figure
6.3 legend. Brown regions denote highly compacted zones requiring deep tillage (0.30 m)
plus two CR passes.

Precision Tillage Map \\6%1:‘ « | Precision Tillage Map \\é‘?,;.u, .

S Loom i) N

< PT ACTION MAP poe andPacking density range
Value (BD ranges) Tillage VALUE (PD ranges) Tillage
! 1170 - 1190 —= 1 pass of CR o - 1170 - 1190 —s= 1 pass of CR
1240 —= No tillage t 1240 — No tillage
1t S e RN o . 1 e
I above 1260 —— Deeptillage +2 5 3 7 Meters Above 1260 — Deep tillage +2 0 7 Meters|

2 1 passes of CR - A 2 7 ] passes of CR

(a) (b)

Figure 6.3: PT action map demonstrating type and level of tillage the study field, (a) BD-
based map, (b) PD-based map
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This PT action map demonstrates that high-energy conventional tillage operations are limited
to approximately 40% of the field, resulting in significant energy savings and reduced dust
pollution. Based on standard energy requirements for conventional tillage operations
(approximately 15-20 liters of diesel fuel per hectare for deep plowing) (Godwin, 2007;
Moitzi et al., 2014), implementation of this PT approach could reduce fuel consumption by
9-12 liters per hectare in the example field. The alternative approach of implementing
uniform no-till practices across the entire field could potentially result in a total yield deficit
of approximately 49.52% when adjusting BD4 yield deficit to the level of the Control subplot.
Conversely, implementing uniform conventional three-step tillage (deep plowing-harrowing-
Cambridge roller) would incur the combined costs of unnecessary energy expenditure for
deep plowing 60% of the field that does not require such intervention, plus applying CR on
20% of the field where it is not needed, ultimately resulting in a 12.4% yield deficit compared
to implementing the proposed PT framework.

These exemplary maps, combined with the framework presented in Table 6.1, provide
farmers with clear guidance regarding specific tillage actions appropriate for different zones
or site-specific SC levels within wheat fields. Furthermore, the ArcGIS-based methodology
used to create these maps, as explained in Chapter 3, enables integration with modern
smart/robotic agricultural tractors for automated implementation of PT actions based on
stored spatial information, advancing the practical application of PA for wheat production
systems.

6.3.2. Yield insight and nutrient access evaluation

The maps developed from the experimental outcomes for comparative analysis of SC level-
residual nutrient level-yield relationship are displayed in Figure 6.4. While Figure 6.5-6.7
shows the input management plan maps. In Figure 6.4 (a), the map of the BD treatment is
shown with the dark-brown and light-brown colors representing harder subplots. The orange,
yellow, and green colors indicate the medium compaction to the noncompacted subplots. The
spatial variations in final crop yield are shown on the map in Figure 6.4 (b). The dark-brown
and light-brown colors in Figure 6.4 (b) indicate regions with less yield, while the yellow,
light-green, and green colors show medium to high-yield areas. Knowledge about the precise
level of nutrients in the soil of a field, as shown in Figure 6.4-6.7, has become a key resource
in planning soil input/amendment and understanding crop yield trends, especially for recent
developments in PA practice (Hedley, 2015; Juhos et al., 2015). The colors shown in Figure
6.4 (¢)-6.4 (e) and Figure 6.5-6.7 indicate spatial variations in the nutrient contents of the soil.
The metallic-green and light-metallic-green correspond to areas with relatively high levels
of nutrients, while yellow, orange, and red colors represent areas with medium to low soil
nutrient levels.
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Figure 6.4 (b) shows that low-yield areas, which are the dark-brown and light-brown regions,
align with high concentrations of remaining nutrients indicated with the metallic-green and
light-metallic-green regions on the P, Ca, and Mg maps shown in Figure 6.4-14 (e) and Figure
6.5-6.7. These low-yield areas also correspond to the hardest subplots on the BD map shown
in Figure 6.4 (a), denoted by dark-brown and light-brown regions. These compacted subplots
fall within BD1 and BD2 subplots (1.25 to 1.3 Mg/m?), suggesting a link between soil
hardness, nutrient retention, and yield variations.

This spatial correlation in Figure 6.4 demonstrates a critical aspect of SC’s impact on nutrient
cycling efficiency. The most compacted areas (BD1 and BD2) had higher P, Ca, and Mg
residuals. This suggests reduced nutrient uptake efficiency rather than soil nutrient deficiency.
Despite adequate nutrient presence in these regions, the physical constraints imposed by
severe SC limited the crop's ability to access and utilize these nutrients effectively. This
finding supports the observation by (Lipiec and Stcpniewski, 1995) that SC primarily affects
nutrient acquisition through restricted root growth and impeded diffusion paths rather than
by changing the total amount of nutrients available.

The spatial patterns reveal a distinct non-linear relationship between SC and nutrient
utilization. In Figure 6.4 (e) and Figure 6.7, the moderate compaction level (BD3) showed
lower residual Mg than all subplots. BD3 also had the second-lowest residual P and Ca in
Figure 6.4 (c) and 6.4 (d). Only the Control treatment had lower levels of P and Ca compared
to BD3. However, as shown in Figure 6.4(b), BD3 produced higher yields than both the
highly compacted subplots (BD1 and BD2) and the less compacted subplots (BD4 and
Control). This finding supports the earlier result in Table 5.5, which informed the
development of the PT framework, indicating that BD3 represents an optimal SC level. At
this level, improved soil-root contact enhances nutrient uptake efficiency while sufficient
pore space is maintained for root exploration.

The consistent pattern observed for P, Ca, and Mg in Figure 6.4 supports the yield regression
model findings (R? =0.972) in Chapter 5, indicating that these nutrients interact to influence
wheat yield under different SC conditions. The spatial visualization highlights how SC
creates a physical constraint. This constraint affects multiple nutrient pathways
simultaneously. This multi-pathway limitation explains why multivariate models perform
better than single-nutrient models for both GTD-based and HSC-based yield models in
Chapter 5. Specifically, models incorporating all three nutrients provided substantially
improved yield predictions compared to models using just one nutrient.

The analysis revealed a rare non-linear relationship between SC levels and nutrient retention
patterns. Notably, the moderate SC level (BD3) showed optimal nutrient-use efficiency,
deviating from the linear trends observed at other SC levels (BD1, BD2, BD4, and Control).
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This demonstrates that effective site-specific management strategies focusing on maintaining
an optimal SC range, rather than simply minimizing SC levels is the best. The data trends
and spatial patterns in Figures 6.4—6.7 support adopting precision fertilizer strategies that
account for non-linear nutrient uptake efficiency, moving beyond traditional soil nutrient
content-based approaches. Furthermore, the spatial analysis of compaction-nutrient-yield
dynamics provides critical validation for the PT framework developed in Section 6.3.1, which
tailors’ tillage strategies to achieve the identified optimal SC level. By integrating residual
nutrient maps (for site-specific fertilization) with the PT framework, farmers could enhance
nutrient accessibility while maintaining soil functionality.

The soil nutrient maps generated during the Heading/Beginning of flowering stage of wheat
in the controlled compaction study (Figures 6.5-6.7) provide time-efficient and spatially
precise guidance for fertilization planning. By analyzing residual P, Ca, and Mg when wheat
had already utilized approximately 70-80% of its cumulative nutrient needs. This approach
eliminates the typical two to three-month delay associated with laboratory soil test results.
Such delays often disrupt optimal planting schedules for subsequent growing seasons.
Critically, these maps reveal site-specific nutrient concentration patterns across different field
zones, enabling precision variable-rate fertilizer applications tailored to the actual nutrient
status of each specific field location. This spatially explicit approach aligns with advanced
PA frameworks (Khosla et al., 2008) while addressing the practical timing constraints faced
by farmers. Combining spatial nutrient distribution data with SC information for specific
zones creates a suitable decision-support tool. This tool allows targeted fertilizer applications
based on observed nutrient dynamics in specific field areas. Such an approach could improve
nutrient use efficiency, reduce input costs, and lessen environmental impacts from over-
fertilization in future growing seasons.
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Figures 6.5-6.7 present spatial nutrient maps generated from two distinct datasets: (a) GTD-
based and (b) HSC-based approaches. Figure 6.5 illustrates P distribution, where the HSC-
based map in Figure 6.5 (b) demonstrates strong potential for rapid P estimation, achieving
an RMSE of 0.3544 mg/100g. This low error margin indicates that RS-derived P levels align
closely with ground truth measurements, supporting the viability of hyperspectral methods
for precise, large-scale phosphorus monitoring (Chlouveraki et al., 2025; Raju and
Subramoniam, 2024).

Figure 6.6 displays Ca distribution, with the HSC-based map in Figure 6.6 (b) yielding an
RMSE of 4.9696 mg/100g. While this error is higher than that of P, it remains within
acceptable limits for field-scale nutrient management, particularly given the natural
variability of Ca in agricultural soils. Figure 6.7 focuses on Mg, where the HSC-based map
in Figure 6.7 (b) achieves an RMSE of 2.6995 mg/100g, reflecting moderate predictive
accuracy suitable for identifying broad Mg availability trends (Chlouveraki et al., 2025; Peng
etal., 2021)

6.3.3. Remote sensing-based SC detection

Field crop growth patterns reveal valuable information about environmental conditions,
particularly soil properties (Xue and Su, 2017; Zhang et al., 2019). Plant responses can
manifest as severe deficiencies visible to the naked eye (RGB spectrum) or as subtle
differences detectable only in specific non-visible wavelengths. In this study, wheat field
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assessment was conducted through vegetation appearance analysis and crop density
quantification using FVC.

Table 6.2 presents the subplot treatment average FVC values across five critical growth
stages. The growth stages are displayed in the first row, while SC treatments are listed in the
first column. A distinct temporal pattern emerges across all SC treatments: FVC increases
from the Tillering stage through Pinnacle stage, reaching maximum values at the
Heading/Beginning of flowering stage. This pattern then shifts as FVC decreases by 6-9%
during the Milk formation stage, followed by a modest 1-4% increase during the final Milk
ripening stage. This phenological pattern reflects normal wheat development dynamics,
where vegetative growth peaks at Heading before resources are redirected toward grain
development (White and Edwards, 2007).

At the Tillering stage, FVC patterns across SC treatments indicated an inverse relationship
between SC and vegetation cover. The Control treatment exhibited the highest FVC, showing
approximately a 5% difference compared to BD1 (the most compacted) and a 1% difference
relative to both BD2 and BD3 treatments. Notably, BD4 and Control treatments displayed
nearly equivalent FVC values during Tillering, implying that HSC monitoring effectively
detected SC-induced differences in early crop development under the experimental
conditions. Visual evidence supporting these Tillering stage results can be found in Figure
6.8. The images illustrate progressively increasing crop cover from BD1 (sparsest) shown in
Figure 6.8 (a), through BD2 in Figure 6.8 (b), and BD3 in Figure 6.8 (c¢), with BD4 in Figure
6.8 (d) and Control in Figure 6.8 (e) exhibiting the most extensive vegetation cover.

Table 6.2: Remote sensing-based wheat development monitoring using FVC

Bulk Tillering Pinnacle Heading/ Milk Milk ripening
density Beginning  formation
of flowering

BD1 0.8051 £0.04 09061 £0.05 0.9751 £0.02 09164 +0.02 0.9263 £ 0.00
BD2 0.8410 £ 0.08 0.9302+0.04 0.9772£0.02 0.9186 £ 0.03 0.9561 + 0.01
BD3 0.8498 + 0.03 0.9593 £0.02 0.9839 £0.01 0.9267 +0.03 0.9335 + 0.03
BD4 0.8526 £ 0.04 09610+ 0.02 0.9887 +0.00 0.9226 +0.02 0.9276 £ 0.02
Control  0.8531 £ 0.5 0.9356 £ 0.03 0.9690 +0.02 0.8794 + 0.05 0.9158 £ 0.02
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Figure 6.8: Tillering growth stage FVC indicating SC impact on wheat development (a) BD1,
(b) BD2, (c) BD3, (d) BD4, (e) Control

During the Pinnacle stage, FVC patterns shifted significantly, with moderate SC levels (BD3
and BD4) displaying the highest values. These treatments exceeded Control by 2-3% and the
two most compacted subplots (BD1 and BD2) by 2-6%. This pattern suggests enhanced root
system development at this stage in moderately compacted soils, potentially benefiting from
improved soil-root contact that optimizes nutrient and moisture transport pathways (Correa
et al., 2019; Lipiec and Hatano, 2003). This advantage of moderate compaction continued
through the Heading/Beginning of flowering stage, though percentage differences between
BD3/BD4 and other treatments decreased to approximately 1%, as shown in Table 6.2.

Similar patterns persisted during Milk formation, but with the Control subplot lagging
approximately 5% behind BD3 and BD4, and 4% behind the two most compacted subplots.
This unexpected pattern likely results from differential resource allocation; Control subplots
plants were channeling resources predominantly into grain formation (as evidenced in Table
5.5), while highly compacted treatments continued vegetative growth to compensate for
developmental limitations imposed by SC stress (Asseng et al., 2011; Sadras et al., 2005). By
the Milk ripening stage, no discernible pattern remained, as senescence had initiated and
wheat plants had begun withering across all treatments (Barraclough et al., 2010).

These findings indicate that the Tillering stage provides the most accurate window for
monitoring sequential SC impacts on wheat using FVC. While Pinnacle and Heading stages
show potential for SC differentiation, results during these periods tend to favor areas with SC
levels approaching optimum conditions for root-soil interactions rather than directly
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reflecting compaction stress. This temporal specificity in RS-based SC assessment has
significant implications for PA timing and intervention strategies.

6.3.4. HSC-based SC assessment: Field applications and future directions

The framework for HSC-based SC detection extends beyond FVC analysis by incorporating
soil physical properties, chemical properties, and crop growth data that demonstrate
significant response to SC. This comprehensive approach builds upon the analysis presented
in Chapter 5, where Kruskal-Wallis ANOVA and H-statistic analyses were employed to
evaluate the dependency relationships of all measured and monitored properties across five
critical wheat growth stages.

Table 6.3 presents detailed results of property selection using PLSR feature selection
methodology, which was informed by the dependency test outcomes. The table is structured
with data groups in the first column: 'All' representing the complete set of combined
properties; 'Chemical' encompassing soil chemical properties exclusively; 'Physical’
designating soil physical properties only; and 'Crop growth data' containing plant
development parameters. These explanatory variable groupings are evaluated against the five
sequential growth stages presented in the first row. For each combination, the selected
features are accompanied by coefficient of determination (R?) values and Root Mean Square
Error (RMSE) metrics, quantifying the accuracy with which the selected properties explain
variance in SC as measured by BD.

This methodological approach enables identification of the most relevant parameters for SC
assessment at each developmental stage, providing a foundation for temporally-specific RS
protocols in PA applications.

Table 6.3: GTD-based feature selection for bulk density prediction using PLSR

Selection of Model  Tillering Pinnacle  Heading/ Milk Milk
properties  score Beginning formation ripening
of flowering
P, Mg, MCW, Mg w Ca K
RGR _Crop, Temp
VMC,
RGR_Root,
Height,
All Crop MC,
SPAD,
CEC
R?/ 0.702/ 0.45/0.05 0.54/0.04 0.33/0.05 0.33/0.05
RMSE  0.034
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Selection of Model  Tillering Pinnacle = Heading/ Milk Milk
properties  score Beginning formation ripening
of flowering
P, Mg P, Mg P, Mg K Ca
Chemical R?/ 0.50/ 0.04 0.50/0.04 0.52/0.04 0.41/0.05 0.39/0.05
RMSE
MCW, MCD, VCM, Temp MCW, MCD
VMC Temp Temp, VMC
Physical
R?/ 0.72/0.03 0.20/0.06 -0.01/0.06  -0.14/0.07  0.13/0.06
RMSE
Crop MC SPAD, RGR Crop, Crop MC, RGR Root
Height Crop MC, RGR _Root,
Crop RGR_Root, SPAD
growth Height
data
R?/ -0.004/0.06 -0.12/ 0.26/ 0.05 0.17/0.06 -0.03/0.07
RMSE 0.066

At the Tillering stage, soil physical properties demonstrated the strongest predictive capacity
for SC, achieving an R? value of 0.72 with a corresponding RMSE of 0.03 Mg/m?. This was
closely followed by the comprehensive "All" category, which yielded an R? of 0.70 and
RMSE of 0.034 Mg/m?. Despite the "All" category incorporating nine combined physical-
chemical-crop parameters, the superior performance of just two parameters under the
"Physical" category justified their selection for modeling purposes. This finding aligns with
established research by Hu et al. (2020) and Hosseini et al. (2016) that confirms soil moisture
content, which was the selected feature under "Physical" in Table 6.3, significantly influences
soil BD levels through its effects on soil particle cohesion and aggregation.

By the Pinnacle stage, a notable shift in predictive parameters occurred. Soil chemical
properties, specifically P and Mg, emerged as the only selected features achieving an R? of
0.50. All other property groups showed diminished predictive capacity, with selected crop
growth data (SPAD chlorophyll readings and plant height) recording negative R? values. The
influence of soil physical properties declined dramatically during this developmental stage,
suggesting a transition in how SC manifests in the plant-soil system as wheat development
progresses.

At the Heading/Beginning of flowering stage, cumulative soil chemical properties level
demonstrated stronger predictive power, with the same P and Mg features selected, yielding
an R? 0f 0.52 and RMSE of 0.04 Mg/m?. All other property groups exhibited R? values below
0.5 at this growth stage. This pattern continued through the later growth stages, with
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cumulative soil chemical properties level consistently selected as the best predictors. At the
Milk formation stage, K emerged as the strongest predictor (R?=0.41, RMSE = 0.05 Mg/m?),
followed by Ca (R? = 0.33, RMSE = 0.05 Mg/m?). During the final Milk ripening stage, Ca
(R? = 0.39, RMSE = 0.05 Mg/m?) and K (R? = 0.35, RMSE = 0.05 Mg/m?®) remained the
dominant predictive elements.

This temporal shift from physical to chemical soil properties as predictors of compaction
effects aligns with research by Lipiec and Hatano (2003) and Colombi et al. (2018), who
demonstrated that SC initially affects soil physical properties before manifesting in nutrient
availability and uptake patterns. As plant roots encounter mechanical impedance in
compacted soils, nutrient acquisition pathways, particularly those involving relatively
immobile nutrients like P and cations such as K, Ca, and Mg, become increasingly
compromised (Nawaz et al., 2013; Tracy et al., 2011).

This feature selection analysis, conducted using GTD-based parameters and PLSR, provides
valuable insight into which properties might effectively support HSC-based SC modeling as
presented in Table 6.4. The sequential transition from moisture-dominant to nutrient-
dominant predictors throughout the growing season suggests that temporal specificity must
be considered when developing RS protocols for SC assessment in wheat production systems.

The HSC-based SC models presented in Table 6.4 represent the best-performing models at
each crop growth stage, informed by the GTD-based feature selection in Table 6.3.
Additional models generated from alternative feature combinations are documented in Tables
D7-D11, Appendix D.

At the Tillering stage, the HSC-based equivalent of the strong GTD-based model (R*=0.72)
performed poorly with an R? of -0.0065 as shown in Table 6.4. This substantial performance
gap can be attributed to the limited ability of HSC to accurately predict soil moisture content
during early growth, a critical factor for SC assessment. As documented in Table D6
(Appendix D), HSC-based soil moisture prediction at the Tillering stage was notably weak
(R? =-0.01 to 0.06), with optimal moisture prediction occurring during the Milk ripening
stage (R? = 0.81). Despite soil physical properties (particularly soil moisture content) being
identified as the most important explanatory variables for SC, HSC's capacity to measure
these parameters accurately during early growth was limited. This limitation likely stems
from sparse vegetation cover at the Tillering stage, providing insufficient spectral
information for reliable soil moisture estimation through vegetation appearance (Sadeghi et
al., 2017). Nevertheless, the potential exists to supplement HSC data with in-situ soil
moisture sensors as described in Chapter 3 to achieve accuracy comparable to GTD-based
models (Babaeian et al., 2019).
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The Pinnacle stage models, detailed in Table D8 (Appendix D), showed improvement with
the best-performing parameter combination, MCD from physical properties and P from
chemical properties, achieving an R? of 0.24 and RMSE of 0.054 Mg/m?. While representing
significant improvement from the Tillering stage, this performance remains suboptimal. The
moderate performance can be attributed to the developmental shift where wheat growth
begins to favor moderate SC levels rather than displaying a simple inverse relationship
between compaction and development. Thus, despite enhanced HSC sensing capability due
to increased vegetation cover, the biological tendency toward optimal SC defeats
straightforward model development.

The Heading/Beginning of flowering stage produced the most effective HSC-based SC
model, despite being influenced by optimal SC effects. Enhanced HSC sensing capabilities
resulting from combined vegetation development and peak SPAD chlorophyll levels (as
shown in Figure 5.3, Chapter 5) contributed to this success. The optimal model at this stage
incorporated magnesium absorption (Mg w) in crop biomass measured on a wet basis,
achieving an R? of 0.45 and RMSE of 0.045 Mg/m?, as presented in Table 6.4.

Models for the final two growth stages featured Ca and K as key parameters. The Milk
formation stage model achieved an R? of 0.38 with RMSE of 0.051 Mg/m?, while the Milk
ripening stage produced comparable results with R of 0.37 and RMSE of 0.052 Mg/m?®.

Table 6.4: HSC-based BD predictions using LR/MLR

Growth Stage Combination MLR/LR-HSC

R? RMSE
Tillering MCW-+VMC-BD -0.0065 0.0629
Pinnacle MCD+P -»BD 0.2365 0.0543
Heading/Beginning Mg w —»BD 0.4518 0.0451
of flowering
Milk formation Ca+K -»BD 0.3832 0.0510
Milk Ripening Ca+K -BD 0.3714 0.0515

This comprehensive HSC-based analysis reveals that while soil physical properties are strong
indicators of SC at the Tillering stage, sparse vegetation establishment limits spectral
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information acquisition, preventing development of robust RS models (Kong et al., 2018).
The optimal growth stage for HSC-based SC assessment occurs during Heading/Beginning
of flowering, confirming the SPAD measurement patterns observed in this experiment.

6.3.4.1. Implementation guidelines

For the practical implementation of these recommendations in the field, various approaches

are advised:

1. Growth stage selection:

1.

ii.

iil.

For new fields with spares or less vegetation, complement HSC data with in-
situ soil moisture sensors,

For fields at the Heading/Beginning of flowering stage, HSC-based
assessment is recommended by utilizing magnesium absorption indicators,
and

For late-season assessment in wheatfields, focus on calcium and potassium
spectral signatures.

2. Hybrid sensing strategy:

1.

il.

1il.

Install soil moisture sensors at field edges or representative sampling locations,

Combine the sensor data with an overhead HSC image data taken at optimal
growth stages, and

Integrate data streams using the models provided in Table 6.4.

3. Field condition considerations:

11

1il.

For fields with varied initial SC, account for the "optimal SC phenomenon"
when explaining results,

For fields with uniform initial SC, models can be used directly without
modification, and

Consider soil type differences when adapting models to new locations (Keller
et al., 2019)
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4. Temporal implementation:

i.  Schedule primary SC assessment during the Heading/Beginning of flowering
growth stage,

ii.  Use early-season assessments as initial indicators only, and
iii.  Conduct late-season assessment to inform next-season management decisions,

These implementation guidelines provide a practical framework for adopting HSC-based SC
assessment within PA methods while acknowledging the merit and demerits identified
through this research.

6.4.Conclusions

This chapter mainly consists of creating a framework for managing SC specifically for wheat.
It uses field experimental data to find the best SC level to help farmers understand how SC
affects wheat growth at different stages. This framework gives helpful recommendations for
managing SC better and helps farmers avoid problems like soil getting too compacted while
boosting wheat yields.

One important part of this study is how it predicts soil bulk density (BD) using HSC data
alongside other soil and crop information. This method shows that RS can give reliable SC
estimates, making it a quicker and easier option than regular field tests. By including these
HSC models in the soil management framework, farmers can monitor soil compaction and
make timely decisions about tillage.

The research also studied how crops and soil nutrients interact, resulting in the development
of residual nutrient maps that show how nutrients and compaction vary across the field. These
maps could help in implementing targeted fertilizer application, which could save resources
and reduce environmental impact. By combining advanced RS with regular soil testing,
assessing soil condition becomes simpler and cheaper.

Using vegetative indices like fractional vegetation cover (FVC) to monitor SC highlights
how useful it is to mix crop and soil data for managing fields. This method cuts down on the
need for multiple sampling and allows for real-time monitoring during the growing season.

In the future, more research should validate this framework and the SC models with different
wheat types, soil kinds, and weather conditions to make them more effective. Also,
integrating this framework into existing farm management systems could help farmers make
informed decisions based on changing conditions. Overall, this research is a good step
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towards improving wheat farming sustainably with smart and data-driven soil management
practices that boost yields while keeping the soil healthy for the future.
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CHAPTER 7. CONCLUSIONS AND RECOMMENDATIONS

7.1.Synthesis of key findings

This thesis examines how the use of hyperspectral camera (HSC) technology with PA can
help address SC issues in wheat farming. The research followed a two-phase testing approach
that demonstrates the possibility of assessing SC without needing to collect samples in the
traditional manner, and shows that this information can be valuable for planning PT.

In the first part of the experiment, it was found that RS using HSCs can effectively measure
soil properties important for evaluating compaction levels. The study highlighted moisture
levels and organic matter content (OMC) as key factors that can be measured accurately
through spectral data, facilitating the creation of predictive models for SC without invasive
sampling methods. The optimized model based on the GTD had an overall error below 5%,
while the optimized model based on HSC data had an overall error of about 10%.

In the second part, field trials with spring wheat identified a new ideal SC level at a BD of
1.24 Mg/m?3. This level led to a 12% increase in wheat yields compared to fields that were
plowed uniformly (Control subplot). These results challenge the common belief that less
compaction is always better, showing that there are specific compaction levels that can help
maximize yield for different crops.

Based on these findings, a decision framework was created specifically for wheat production.
This framework takes hyperspectral data and turns it into actionable tillage plans aimed at
attaining the optimal compaction levels needed for different areas of a field. Instead of using
the same tillage method everywhere, this approach focuses on targeted interventions that suit
the unique needs of the soil and crop.

Overall, the research suggests that using data from hyperspectral sensors for PT could
improve wheat production while possibly lowering the negative environmental effects that
come with traditional tillage practices. The methodology offers a solid base for combining
advanced sensing technology with practical farming strategies.

7.2.Practical implications for precision tillage implementation

The research demonstrates effective methods for utilizing PT in farming activities. The new
HSC-based approach would allow farmers to monitor SC in their fields without disrupting
the soil ecosystem or causing the usual delays associated with traditional laboratory testing.
This represents a significant improvement over conventional sampling, which is time-
consuming and provides limited information.
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Identifying the best compaction level for wheat (BD = 1.24 Mg/m?®) gives farmers a clear
target for their tillage. Instead of trying to keep compaction to a minimum everywhere, they
can do variable-depth tillage to reach this target in different parts of the field. This site-
specific approach can reduce extra tillage work in regions of the field that are already good,
which can save on fuel, reduce wear and tear on equipment, and lower costs.

To put this into practice, farmers would attach calibrated HSCs to drones or other farm
machinery to check soil SC condition in real time. Then, they can adjust tillage depth
automatically based on the data they get. Plus, the ability to measure moisture and organic
matter adds more benefits for managing soil beyond just compaction. For this wheat-specific
PT method to work well in the field, it needs some specific software, like ArcGIS, to turn
complex data into easy-to-understand tillage suggestions. These suggestions are made to help
farmers at all technological levels and are a key part of the decision support system for PT.

7.3.Economic feasibility assessment

The cost-effectiveness of adopting the HSC-based PT system comes down to key factors.
The main difficulty is the upfront costs of the hyperspectral imaging device and the software
needed to process the data. Nonetheless, it is important to weigh those costs against the
possible benefits, which include:

1. Yield boosts of around 12% are seen in trials, making a real difference to farm profits.

2. Less need for tillage in areas where soil conditions are already good, leading to
savings on fuel and less wear on equipment.

3. A potential better use of nutrients thanks to improved soil conditions, which could
lower the amount of fertilizer needed.

4. A potential longer lifespan for equipment because it will be used less and will not
wear out as fast.

A solid cost-benefit analysis should consider farm size, since bigger farms can spread out
that initial investment over more land. For smaller farms, teaming up with others to share
costs or using service providers might be a good way to access the technology without
bearing the high initial cost.

Looking at the potential for yield increases, medium to larger wheat producers could see their
investment pay off within 2-3 growing seasons, especially in areas where soil conditions are
a big problem for yields.

7.4.Future research directions

Here are some possible research directions from this study:
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Crop-specific optimization: Since different crops might require different compaction
levels, it would be helpful to apply this research to major crops like corn, soybeans,
and rice. This could create a useful database of ideal compaction targets for each
staple crop.

Temporal dynamics: It would be interesting to look into how the best compaction
levels (when undisturbed) could change over several growing seasons and with
different weather. This would likely require long-term field tests.

Technology integration: Mixing hyperspectral data with other technologies, like
ground-penetrating radar, could give a clearer picture of soil profiles, especially at
depths greater than 0.30 m.

Better camera technology: Improvements in HSC technology, like quicker image
capture and better resolution, could help fix the slow image capture issue (7.7 seconds
per image). This would make field assessments quicker and support timely tillage
advice.

Handling light changes: Researching ways to calibrate systems for varying light (sun
radiation) conditions without manual calibration would improve how these methods
work in the field.

Assessing deeper soil: Figuring out how to assess soil properties deeper than 0.30 m
would make soil management more effective, especially for crops with deeper roots

7.5.Technology transfer pathways

Getting technology from research to real-life use takes some careful planning. Here are a few

ideas:

1. Demonstration farms: Setting up local farms where people can see the
technology being used. This would help farmers trust the new approach and
see its real benefits.

2. Collaboration with manufacturers: Partnering with agriculture equipment
makers to add new sensing technology to their existing equipment. This way,
farmers can buy it through familiar channels.

3. Simple tools: Creating easy-to-use software that turns complex data into clear
tillage suggestions. This means farmers don't need to be technology experts
to benefit.

4. Training programs: Developing educational resources and training through
extension services. This could help farmers and their advisors feel confident
using the technology.

5. Financial incentives: Working with policymakers to create rewards for
farmers who adopt PA practices, such as PT, that are better for the environment.
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6. Data sharing: Starting a data collation and sharing platform, where farmers
can share access to information about the technology. This would build a
useful database that keeps improving recommendations.

7. Different options for implementation: Offering a range of packages, from
basic assessments to full real-time systems. This way, farms of all sizes can
find a fit for them.

These strategies can help turn research into practical applications, leading to more sustainable
and productive farming systems.
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Appendix A- Packing density and properties maps from the first experiment
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Figure A1: PD maps from the different models
BULK DENSITY-DEPTH 1 BULK DENSITY-DEPTH 2 @ BULK DENSITY-DEPTH 3 @ BULK DENSITY-MEAN @
. ER BB

In Wl

Legend Legend
Oepinz_80. Dopth3_Buik_donsi
aLue VALUES

I 1 o7 211003102 s [ preE—— T R—
o 1902 14852 - 2 186 785075 — [0 2300 072088 - 2 32 rerazy 263 710084 - 2100 813TTY

T
i
H
T
i
T
i

Legend
<VALUE>
[ pe—
20 rsm 22m 208

[ 21 resome 2301 cveny e T 230 707023 2302 sexsr beorern] ] 2tmata722. 2 160 ov7308. b= o] [ 22m0 200000 2387 200000
[ 2 302 as300a - 2422 130601 [ 2151 9173% - 2223 020006 (] 2357 24032 - 2438 200063
I 2 2 s 2001 130 I 22 02002204 20634 I 2 03 3000ut- 218 208

2000 80137 ] 2304 vaak0 - 2345 220278 aia 3000ms. 280C S

= = == = = T = == = =

(b) (c) (d)
Figure A2: BD spatial maps (a) 0.2-0.3 m (b) 0.1-0.2 m (c¢) 0-0.1 m (d) 0-0.3 m
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Figure A3: PD spatial maps (a) 0.2-0.3 m (b) 0.1-0.2 m (c) 0-0.1 m (d) 0-0.3 m
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Appendix B: GTD-based yield prediction models
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Appendix

Appendix C: HSC-based properties and yield prediction models

Table C1: HSC estimation of highly influential properties

PROPERTY R"2 RMSE Data
0.5583 0.5107 Original reflectance
0.5629 0.5080 Original + Savitzky-Golay
0.6796 0.4349 Savitzky-Golay
’ 0.7509 0.3835 1% derivative
0.6741 0.4387 All combine
0.7873 0.3544 1% derivative + VI
0.3339 7.3788 Original reflectance
0.3968 7.0221 Original + Savitzky-Golay
Ca 0.4880 6.4690 Savitzky-Golay
0.6979 4.9696 1™ derivative + VI
0.6239 5.5445 All combine
0.6375 4.2963 Original reflectance
0.5298 4.8930 Original + Savitzky-Golay
Mg 0.6441 4.2573 Savitzky-Golay
0.8364 2.8866 All combine
0.8569 2.6995 1" derivative + VI
0.4651 0.0623 Original reflectance
0.4939 0.0606 Original + Savitzky-Golay
Total N_d 0.5205 0.0590 Savitzky-Golay
0.4567 0.0628 All combine
0.72 0.05 1" derivative + VI
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Appendix D: HSC predicted and GTD properties map

Table D1: Features for HSC predicted properties- Tillering

PROPERTIES FEATURES

RZ

RMSE

Mg

CARI, GRVI, NGRDI, SAVI, NDVI, GNDVI, FVC
PR14, PSRI, ARI, WI, HNDVI

> 0.1535

6.6267

wl820der, wl905der, wl940der, wl465der, wl775der,
wl1600der, w1945der,w1590der, wl545der, wl795der,
wl815der, wl910der, wl800der, wl790der, wl870der,
wl1760der, wl805der

0.481

0.5683

MCW

w1690, w1985, w1640, w1925, w1700, wl1950, wl890,
w1760, w1770, w1800, wi980, w1940, wl910, w1990,
w1960

0.0483

1.5593

VMC

wl1800der, w1935der, wl580der, wl545der, wl540der,
wl585der

-0.0105

2.857

Crop MC

GNDVI, wl415der, wl975, wl775der, wl585der,
w1980, PSRI, ARI, wi545der, wl775der, wl570der,
NGRDI, wl680der, wl575der, wl925der, wl480der,
wl1800der, wi580der, wl765der

0.6098

2.6203

RGR_Crop

w1720, wl465der, wi865, wl600, wl650, wi925,
wi840, wi895, wl480der, wl400sg, wi510, w1740,
wl885, wl970

0.6126

0.0041

RGR_Root

wl570der, NGRDI, SAVI, wl915der, wl575der,
wl1690der, PR14, wl675der, wl910der, wl560der,
wl835der, wl490der, wl595der, wl590der, wi1940der,
wl1780der, wl945der, ARI, wi580der, wl790der

0.5881

0.0065

CEC

w1775, wl985, w1935, wi855, w1900, w1965, wi600,
wl1910, wi1740, wl400sg, wi970

0.3992

0.4641

Table D2: Features for HSC predicted properties- Pinnacle

PROPERTIES FEATURES

R*2

RMSE

Mg

wl1580der, w1590der, wl745der, wl565der, wi555der,
wl1910der, wl560der, wl750der, wl865der, wl860der,

wl755der, wl760der, wl595der, wl550der, wl770der

0.7573

3.5702
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PROPERTIES FEATURES

R*2

RMSE

ARI, PSRI, wi545der, SAVI, WI, GNDVIL, PR14,
FVC, CARI

0.487

0.56

MCW

wl510sg, wi575sg, wl900sg, wl570sg, wl490sg,

wl1940sg, wl750sg, wl1000sg wl980sg, wl975sg, 0.5496 1.2794

wl460der, wl935sg, wl465, wl485der

MCD

wl510sg, wi575sg, wl900sg, wl570sg, wl490sg,

wl1940sg, wl750sg, wl1000sg, wi980sg, wl975sg, 0.5496 3.5758

wl460der, wl935sg, wl465der, wl485der

Table D3: Features for HSC predicted properties- Heading/Beginning of flowering

PROPERTIES FEATURES R*2

RMSE

Mg

wl685sg, wl475der, wl900sg, w1500der, wi850sg,
wl1925sg, wi830sg, wl970sg, wl945sg, wl465der, 0.3901
wl855sg, wl660sg, wi825sg, wi820sg, wl480der

5.5728

wl1830sg, wl875sg, wl500der, wl475der, wl785sg,
wl795sg, wi825sg, wl820sg, wl970sg, wl965sg, 0.4172
wl1790sg, wl480der

0.5866

Mg w

wl705sg, wi875, wl705, wl690sg, w1690,

wl695sg, wl700sg, w695, w1700 0.6904

0.0032

Crop MC

HNDVI, wl660der, wl935der, wi820der,

wl1700der, wi885der, wl750der, wl795der,

wl705der, wl860der, wl865der, wl715der, 0.6455
wl755der, wl760der, wl800der, PSRI, wl550der,

PR 14, ARI

4.3271

RGR_Crop

wl810der, wl815der, CARI, wl770der, wl595der,

HNDVI, wi820der, GNDVI, ARI 0.5693

0.0168

RGR_Root

WI1810der, RECI, wl785der, wl600der, wl595der,

wl550der, ARI 0.7693

0.0211

Height

Canopy height model (CHM) = digital surface
model (DSM) — digital terrain model 1
(DTM)]/sin(camera angle)

0.00

Table D4: Features for HSC predicted properties- Milk formation
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PROPERTIES FEATURES R”2 RMSE
w1755, wl660, wl725, wl735, wl685, wl765,
Ca w1990, wl470, wl1950, wl905, wi835, wi980, 0.857 3.4192
w1840, w1700, w1935, w1870, w1730
WI1830der, W1910der, wl775der, wl755der,
wl1770der, W1930der, W1840de, rwl765der,
K wl880der, WI810der, wl485der, w1580der, 0.6691  0.3489
wl555der, wl560der
wl740der, W1940der, wl755der, wl565der,
wl545der, wl560der, wl620der, W1945der,
Crop_ MC WI810der, wi890der, wl895der, wl790der, 0.6924 1.154
wl850der, wl785der, wl580der, ‘wl780der,
WI815der, W1845der
wl685der, W1910der, W1945der, wl605der,
wl575der, wl755der, NGRDI, W1915der, PR14,
RGR_Root L 1875der, WIS15der, PVI, NDVI, Wigl0der, O/ 70° 00234
wl555der, wi560der, wl880der, wl770der
Table D5: Features for HSC predicted properties- Milk Ripening
Properties Features R*2 RMSE
NDVI, wl495der, wl740der, PR14, wil845der, CARI,
wl1785der, HNDVI, wl600der, wl770der, wi850der,
Ca wi830der, wl775der, GNDVI, wl680der, wig00der, 0033 33259
wl875der, wl780der, wi815der, PSRI
wl625sg, wl655sg, wl490sg, wl970sg, wil805sg,
K wl455der, wi855sg, wl765sg, wl620sg, wl800sg, 0.6276  0.3702
wl1860sg, wl460der, wl480der
wl795sg, wl625sg, wl970sg, wl620sg, wl855sg,
MCD wi850sg, wil845sg, wi800sg, wl655sg, wl465der, 0.8522  2.2013

wl455der, wl460der, wl480der

Table D6: Measured soil and crop growth properties with R*2 and RSME for HSC prediction

model
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Property Tillering Pinnacle Heading/Beg Milk Milk ripening
inning of formation
flowering
R? RMSE R? RMSE R?> RMSE R?> RMSE R? RMSE
Physical properties
MCD -0.01 240 0.33 4.36 033 2.56 0.71 2.66 0.81 2.50
MCW 0.06 1.55 0.33 1.56 033 0.92 0.71 0.95 0.81 0.89
VMC -0.01  2.85 0.33 1.62 033 0.95 0.71 0.99 0.81 093
Chemical properties
PH 024 0.34 0.23 0.1 0.66 0.16 0.64 0.12 0.86 0.06
CEC 047 043 0.29 0.49 042 0.44 0.76 0.28 0.77 0.28
Mg 0.19  6.47 0.75 3.63 0.38 5.61 046 5.23 0.84 2.86
P 047  0.57 0.50 0.55 042 0.59 0.73 0.40 0.75 0.38
K 0.63 0.37 0.46 0.45 0.65 0.36 0.65 0.36 0.55 041
Ca 0.55 6.14 0.49 6.50 0.50 6.39 0.86 3.44 0.65 5.35
Crop data
Height C 1 0.00 1 0.00 1 0.00 1 0.00 1 0.00
HM

Height R 0.46 1.30 0.75 0.99 0.64 1.58 0.83 1.13 0.85 0.62
ef

SPAD 0.58 1.49 0.64 1.12 045 1.24 0.90 1.00 093 0.73
Crop MC 0.63  2.56 045 1.88 0.64 4.39 0.71 1.12 0.63 1.99

RGR 0.64  0.00 0.38 0.02 0.57 0.02 0.63 0.01 0.86 0.01
Crop
RGR 0.60  0.01 0.57 0.03 0.77 0.02 0.76 0.02 0.76  0.02
Root

Number 0.32 2272 0.60 17.35 046 19.72 060 17.04 081 11.79
of Pod

per m?

Number 0.42 3.18 0.60 2.62 046 19.72 0.60 2.56 072 2.16
of Grains

per pod

100 0.43 0.19 0.53 0.17 0.39 0.19 0.69 0.14 0.74 0.13
Grains

weight

Yield 0.39 0.51 0.55 043 049 045 0.52 043 0.74 0.32
ha/ton
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Table D7: Tillering SC models

FUNCTION MIN MAX 0- 5- 10- 15-
ERRO ERR 49% 99% 149 20%
R OR %

T1: BD ;rp=-1.3307+0.0529P- 0.0080 12.67 81.7% 15.5% 2.8% O

0.0004Mg+2.3362RGR_Crop+0.00

06VMC-

1.4412RGR_Ro0t+0.0022Crop M

C+0.0398CEC

T2: BD ;rp= 0.1171+0.0696P- 0.0173 12.58 80.3% 16.9% 2.8% 0

0.0033Mg

T3: BD;rp=1.5132- 0.0130 1296 90.1% 8.5 14% 0

0.0727MCW+0.0379VMC

T4:BD y5=-0.6908+0.0696P- 0.1297 1625 80.3% 12.7% 4.2% 2.8%

0.0046Mg+1.7151RGR_Crop+0.00

13VMC-

0.7659RGR_Root+0.0031Crop_M

C+0.0197CEC

T5: BDygc= 0.3329+0.0650P- 0.1693 14.58 80.3% 14.1% 5.6% O

0.0043Mg

T6: BDygc=1.7439-0.0101MCW-  0.0578 18.79 74.6% 19.7% 2.8% 2.8%

0.0123VMC

Table D8: Pinnacle SC models
FUNCTION MIN MAX 0- 5- 10- 15-
ERROR ERROR 49% 99% 14.9% 20%

P1: BD ;rp=1.3460- 0 o 0

0.0162MCW 0.1922 14485 67.9% 26.8% 5.4% 0

P2: BD ;rp=0.0949+0.0695P- o o o

0.0031Mg 0.1009  12.3065 80.4% 17.9% 1.8% 0

P3: BDGTD:1'3444' 0 N 0

0.0058MCD 0.1922  14.4848 67.9% 26.8% 5.4% 0

P4 BDGTD:0'4092' 0 N 0

0.0039MCD--0.0419P 0.0536  12.1083 82.1% 16.1% 1.8% 0

P5:BDygc= 1.3314-

0.0141MCW 0.0386 153959 64.3% 32.1% 1.8% 0

P6: BDpsc=0.3273+0.0520P- ) 5295 164132 83.9% 89% 54% 1.8%

0.0019Mg
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FUNCTION MIN MAX 0- 5- 10- 15-
ERROR ERROR 4.9% 99% 14.9% 20%

P7Z BDHSC= 13300- 0 0 0 0

0.0050MCD 0.0386 153959 64.3% 32.1% 18% 1.8%

P8: BDggc= 0.5564- o o o

0.0040MCD-+0.0350P 0.0249 14.7654 76.8% 17.9% 5.4% 0

Table D9: Heading/ Beginning of flowering Sc models

FUNCTION MIN MAX 0- 5- 10- 15-
ERROR ERROR 49% 99% 14.9% 20%

HI: 0.045 14.0153 85% 11.7% 3.3% 0

BD ;rp=0.4687+7.8472Mg w ’ ) ’ ’

H2:

BD ;rp=0.1247+0.0689P- 0.0137 12.6534 80% 16.7% 3.3% 0

0.0033Mg

H3: BDGTD: 11418

+0.0021Crop_MC-

0.5316RGR_Crop + 0.14 18.872 70% 25% 33% 1.7%

0.6164RGR _Root -

0.0004Height

H4:BDHSC:

0.4648+7.895TMg w 0.0034 18.0913 86.7% 11.7% 0 1.7%

H5: BDygc= 0 0 0 0

0.2794+0.0510P-0.0012Mg 0.1795 184746  85% 11.7% 1.7% 1.7%

H6: BDHSC: 10907

+0.0016Crop_MC-

0.0833RGR_Crop + 0.1568 21.3133 70%  26.7% 0 1.7%

0.4609RGR_Root -

0.0006H6ightﬂsc_cﬂm

Table D10: Milk formation SC models

FUNCTION MIN MAX 0- 5- 10- 15-
ERROR ERROR 4.9% 9.9% 14.9% 20%

MF1: BD¢rp=- 0.0025 13.0054 71.1% 22.2% 6.7% 0

1.0663+0.0042Ca
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FUNCTION MIN MAX 0- 5- 10- 15-
ERROR ERROR 49% 9.9% 149% 20%

MF2: BD grp=3.8450- 0.0919 16.7795 84.4% 89%  4.4% 2.2%

0.0668K

MF3: BDgrp=1.0285 + 0.1382 16.6626  62.2% 26.7% 8.9% 2.2%

0.0032Crop MC -

0.4030RGR_Root

MF4: BD ;rp=1.6280 - 0.0549 13.6261 82.2% 15.6% 2.2% 0

0.0494K + 0.0028Ca

MF5:BDygc= - 0.0753 15.2314  75.6% 20% 2.2% 2.2%

1.0078+0.0041Ca

MF6: BD ygc=3.7390- 0.2721 14.7157  71.1% 24.4% 4.4% 0

0.0640K

MF7: BDygc=1.1828 + 0.2687 17.7146  66.7% 26.7% 4.4% 2.2%

0.0007Crop_MC -

0.3516RGR_Root

MF8:BDygc= 0.0037 12.8819  77.8% 20% 2.2% 0

1.3309+0.0032Ca — 0.0477K

Table D11: Milk ripening SC models

FUNCTION MIN MAX 0- 5-9.9% 10- 15-
ERROR ERROR 4.9% 14.9% 20%

MR1: BDgrp=3.8450 — 0.0919 16.7795 86.7% 8.9% 2.2% 2.2%

0.0668K

MR2: BD grp=-1.0663 - 0.0025 13.0054 71.1% 22.2 6.7% 0

0.0042Ca

MR3: BD grp=1.3296 - 0.1429 14.7274  66.7% 26.7%  6.7% 0

0.0052MCD

MR4: BD grp=1.6342 - 0.0549 13.6261 82.2% 15.6% 2.2% 0

0.0495K + 0.0028Ca

MRS5:BD ygc=3.8339 — 0.0740 13.6814 733% 244% 22% 0

0.0665K
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FUNCTION MIN MAX 0- 5-9.9% 10-
ERROR ERROR 4.9% 14.9%
MR6: BD ygc=-0.9950 + 0.1647 13.6814 733% 24.4% 2.2%
0.0040Ca
MR7: BDygc=1.3260 - 0.2086 15.6126 64.4% 31.1% 22%
0.0050MCD
MRS8:BD ygc=1.4380 - 0.0211 15.1289  77.8% 20% 0
0.0430K - 0.0430Ca
Table D12: Optimum SC validation test data (n=7)
BULK DENSITY (MG/M?)
DEPT (M) MEAN MIN MAX
0-0.10 1.122 £+ 0.038 1.0703 1.1873
0.10-0.20 1.198 £ 0.122 1.051 1.4001
0.20-0.30 1.426 + 0.045 1.3582 1.487
Average 1.2486 + 0.129 1.1598 1.3581
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