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ABSTRACT

Soil carbon content is vital to the way ecosystems function, and it plays an
important role in soil properties in producing food, storing water, and mitigating
climate change. Soil carbon is the key to unlocking the soil’s various economic and
environmental benefits, often known as the multi-functionality of soil carbon content.
Human activities, particularly those that include the use of fire to burn biomass,
deplete soil cover and result in immediate and enduring losses of soil organic car-
bon. We must minimize soil carbon loss due to erosion and greenhouse gas (GHG)
emissions into the environment. As a way to capture and store carbon dioxide in the
atmosphere, carbon sequestration can be used as a way to adapt to climate change
because it has been shown to have positive effects on temperature, gross primary
production, and the ability of soil to hold water. However, it is still a challenging
problem to quantify the effect of how much carbon (biochar) is applied to the soil
in terms of carbon sequestration accurately, quickly, cost-effectively, and on a large-
scale field. Many studies use expensive element analyzers with intensive labor costs
to measure soil carbon content. Several research efforts include utilizing artificial
intelligence methods or applications to acquire carbon information from the soil and
the atmosphere but lacking proper human interpretation (domain knowledge), the
results might not be reliable. Therefore, Explainable Artificial Intelligence of the
Internet of Things (XAIoT) is proposed to address the reliability issue and define
a set of Al models that are interpretable by domain knowledge from environmental
and engineering domain experts. Furthermore, the objectives that we would like to
achieve are: 1) the XAIoT empowered microwave and millimeter-wave radar sensing
as systematic data acquisition platforms for measuring soil carbon content; 2) in situ
site-specific management (SSM) systems to manage soil carbon content and using
machine learning algorithms; 3) the Digital Twin-enabled optimal soil carbon con-
tent management strategy in large-scale fields using mobile platforms such as UAVs
and UGVs for the application of biochar and manure mixtures; 4) a cognitive battery
management system for extending battery life for XAIoT smart sensing and smart
actuation subsystems. The proposed applications and solutions have the positive
potential to fight climate change, reduce carbon emissions, strengthen the quality of
life on low-income and disadvantaged farms and adjacent communities, and identify
means to gain acceptance among stakeholders in soil carbon management.
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Chapter 1
INTRODUCTION

1.1 Motivations

With the increase of the population, the corresponding demand for food is also
increasing. This means that the soil is subjected to heavy farming activities, all of
which will deprive the soil of its fertility, and worse, the loss of carbon from the soil
can lead to failure to maintain soil health and climate change effects, for example,
the water cycle in the soil, the maintenance of soil biodiversity, global warming, etc.
Much research has proposed many management approaches from precision agricul-
ture sector to meet these challenges [1-5]. However, few studies have concentrated on
soil carbon loss and emissions, nor soil carbon content management. Environmental
challenges such as climate change will be insurmountable for traditional agriculture,
which dismisses the spatial and temporal complexity of the interacting factors that
impact crop production and productivity.

The Internet of Things (IoT) technologies have been widely used in precision
agriculture in recent years [67]. IoT is described as the network of all items incorpo-
rated into devices, sensors, machines, software, and people that use the Internet to
connect, share data, and interact to provide a holistic solution between the real and
virtual worlds [8]. Compared with traditional agriculture, IoT-enabled agriculture
applications such as irrigation and water quality monitoring, soil monitoring, pest
control, crop and yield management, etc. |9] have determined the trends of agricul-
ture 4.0 [10] which evolves towards smart and precision agriculture. As a result,
when researching smart agricultural applications, two questions must be addressed
in order to empower agricultural IoT devices:

e How smart is agricultural soil carbon sensing so that one can gain awareness
not only of its current condition but also of its environmental development
given the desired performance objectives?

e How does optimal sensing performance best serve the desired site-specific man-
agement requirements?

Addressing these questions is crucial to improving the sensing results of any
IoT-enabled smart agricultural management applications. To do so, we introduced
Artificial Intelligence plus the Internet of Things (AloT) and Explainable Artificial



Intelligence plus the Internet of Things (XAIoT) to tackle the challenges. The AloT
comprises interconnected computing devices and equipment that can autonomously
acquire, transport, and execute field or industrial operations while AI processes
the collected data and assists in extracting the necessary actionable information.
[oT boosts Al through machine learning and deep learning-based data analysis and
learning capabilities, whereas IoT supplements Al with data acquisition, connectiv-
ity, and data exchange. Furthermore, to further convince human decision-maker, we
have to introduce explanations of how machine learning (ML) algorithms work as
part of having fairness, accountability, and transparency for the reasoning of their
predictions, which can be explained in human-understandable ways through devel-
oping interpretable models, methods, and interfaces that are referred to as XAIoT.

Overall, the author proposes a systematic solution to tackle agricultural carbon
emissions from smart sensing aspects by using XAloT, which mainly focuses on
sensors, sensing mechanisms, and sensing configurations. The author will justify
the importance of agricultural carbon emissions, provide a definition of XAIoT and
areview of the related research, and demonstrate smart sensing by combining XAIoT
and its applications on agricultural carbon emissions.

1.1.1 What Are Soil Carbon and Its Impact?

Soil carbon is vital for fighting climate change, supplying water, and sustaining
biodiversity. It is necessary for the important processes such as nutrient cycling and
water filtration in the environment, which benefits not only plants but also humans.
Human activities, particularly those that include the use of fire to burn biomass,
deplete soil cover and result in immediate and enduring losses of soil organic carbon.
Tillage and drainage both expose soil organic matter to oxygen and oxidation. We
must minimize soil carbon loss due to erosion and greenhouse gas emissions into the
environment, particularly carbon dioxide and other GHG.

The agriculture sector accounted for 593.4 MMT of CO, emissions in 2022 (EPA
Report [11], Feb, 2024)f] The primary contributor to nitrogen dioxide (N»O) emis-
sions in the United States was agricultural soil management, which involved fertilizer
application and other practices designed to enhance nitrogen availability in the soil.
This accounted for 75.2 percent of total NoO emissions and 49.0 percent of emissions
from the agriculture sector as a whole. Methane emissions originating from enteric
fermentation and manure management constituted 27.4% and 9.2%, respectively, of
the overall CH4 emissions caused by human activities. These sources also accounted
for 32.5% and 10.9% of the emissions from the agriculture sector (refer to Figure

'In accordance with the present reporting obligations stipulated by the Paris Agreement and
the United Nations Framework Convention on Climate Change (UNFCCC), this inventory report
provides CO2 equivalent values (or 9.4% of total U.S. greenhouse gas emissions) derived from the
GWP values of the IPCC Fifth Assessment Report (AR5)



for further details). Among all categories of domesticated animals, beef and dairy
cattle produced the most greenhouse gas emissions. Rice cultivation and agricul-
tural residue field burning constituted negligible sources of CH4. Additionally, the
management of manure and the field combustion of agricultural residues constituted
negligible sources of NoO emissions. Liming and urea fertilization contributed 0.1%
and 0.06 percent, respectively, to total COy emissions from anthropogenic activities.
These high-level carbon emissions are supposed to be absorbed by soil as needed
for carbon sequestration to increase soil health, which can improve agricultural pro-
ductivity, increase climate resilience, and healthier soils make farms more resilient
against both droughts and heavy rainfall.

200/ ™ Field Burning of Agricultural Residues M Manure Management

M Urea Fertilization M Enteric Fermentation ~
M Liming W Agricultural Soil Management T
650 M Rice Cultivation - @ o 23 "‘E § o 0
- = ~ cmmmmwggﬁggmww‘cs 2 8 2
S0 33 E2gbRg2RE R 3 Emg = 5 =
B ™M M vy v
550 gy B &
500
450
& 400
8
'_350
=
= 300
250
200
150
100
50
0
S SN MTVNLYONRIIINNTNENEY RS SN NYN®B SN
SR aEaaas88e888888c38c0800080008 88
o o ol e o 1 o = NN N N NN NN N NN N AN N AN NN AN NN NN

Figure 1.1: Trends in agriculture sector carbon emission sources ]|

Carbon sequestration is a process of capturing and storing atmospheric carbon
dioxide, which means it can be used as a method for climate adaptation due to its
established favorable impacts on soil erodibility, water retention capacity, temper-
ature, and gross primary production [5]. Furthermore, sequestration of soil carbon
on large-scale fields has the potential to significantly lower atmospheric GHG lev-
els, improve the sustainability of working landscapes, and assure the availability
of other ecosystem services such as water, food, and wildlife habitats [6]. Positive
management of fields for increased carbon sequestration in soils, manure, and plants



is vital for California to improve climate resilience while lowering atmospheric GHG
emissions as well.

One of the carbon sequestration techniques is applying biochar to soil. Biochar
is a carbon-rich product of the thermochemical conversion of organic material that
can be used as a soil amendment due to its resistance to decomposition, and its
influence on nutrient dynamics. In other words, biochar can be applied to soil to
improve soil functions and mitigate GHG from biomass that would otherwise de-
compose naturally into GHG. Through techniques like applying biochar production
to the soil to minimize soil carbon loss, detecting which agricultural region is most
in need has proven difficult. In other words, it is still a challenging problem to
quantify the effect of biochar applied to the soil in terms of carbon sequestration
accurately, quickly, cost-effectively, and on a large-scale field. This dissertation, for
the first time, is to invent an extensive lab solution to demonstrate the fine-grained
(detecting in local area) soil carbon sensing method (Microwave scanner) using a
coarse-grained platform (Unmanned Aircraft Systems (UAS)).

1.1.2 What Is Smart Sensing in Estimation of the Soil Carbon?

The smart sensing in agricultural carbon emissions needs to consider the fol-
lowing characters, such as smart sensors, sensing mechanisms, and sensing configu-
ration. Besides, according to the Smart and Autonomous Systems (S&AS) program
of NSF (Natural Sciences Foundation) [12], the characteristics of a smart system
are:

e Cognizant: should be self-aware of their own capabilities, understand their
limitations, anticipate possible failures, undertake contingency planning, and
recognize when they are operating incorrectly and react accordingly.

e Taskable: should be versatile, having the ability to accept high-level, possibly
vague, instructions from humans and be capable of translating such goal-
oriented directives into suitable plans for sensing, reasoning, communicating,
and acting.

e Adaptable: should be capable of optimizing, reconfiguring, and repairing
autonomously.

e Ethical: should adhere to an ethical system of societal and legal rules.

e Knowledge-rich: should be able to represent and reason with knowledge at
multiple levels of abstraction.

Following the smart characteristics, we would empower the edge devices with
Al to make them AloT applications, and this would provide the comprehensive



smart sensors to solve the fundamental sensing problem in carbon emissions. More-
over, smart sensing not only relies on empowering the Al on sensors but also on the
sensing mechanisms. In other words, for sensing and actuation, we also need to con-
sider the cases of effective domains such as point-wise sensing and actuation, zone
distributed sensing and actuation, and whole domain distributed sensing and actu-
ation. Additionally, we can also consider sensors and actuators movable within the
domain of interest. Therefore, the sensing problems need to ask the ”WWWWWH”
questions to get reasonable sensing results:

e Why Sense?

What to Sense?

Where to Sense?

When to Sense?

e Who to Sense?
e How to Sense?

These questions lead to sensing mechanism exploration, where to put the smart
sensors in the field, where are the optimal sensing locations, etc. Sensing configu-
ration needs to consider how many sensors would be good enough to complete the
sensing mission: one static sensor and one mobile sensor, or multiple mobile sensors
and multiple static sensors to complete the sensing mission. The UAV and UGV, as
our mobile platforms, play important roles in large scale field smart sensing. This
will be explained in the following sections.

1.1.3 What Is Smart Application of the Soil Carbon?

Smart application in soil carbon (particularly biochar) management refers to
the strategic use of cutting-edge digital technologies to optimize the application and
effectiveness of biochar for carbon sequestration in soil. This innovative approach
encompasses the deployment of AI, ML, the IoT, big data analytics, remote sensing,
and geographic information systems (GIS) to not only apply biochar more effectively
but also monitor and manage soil health and carbon levels with unprecedented preci-
sion. The goal is to harness these technologies to improve decision-making processes,
enhance the sustainability of agricultural practices, and contribute significantly to
climate change mitigation efforts.

The foundational characteristics that demarcate smart application within this
domain are:



e Precise Application: Utilizing data analytics and Al to determine the opti-
mal amounts, types, and timings for biochar application to different soil types,
maximizing carbon sequestration and enhancing soil health without adverse
effects.

e Monitoring and Analysis: Implementing [oT devices and remote sens-
ing technology to continuously monitor soil conditions (e.g., moisture levels,
carbon content, nutrient availability) post-biochar application, providing real-
time data for timely adjustments.

e Predictive Modeling: Employing ML algorithms to predict the long-term
effects of biochar on soil carbon sequestration, soil health, and crop yield, based
on extensive datasets of soil characteristics, climate conditions, and biochar
properties.

e Decision Support Systems: Offering interactive platforms that integrate
GIS and spatial analysis with predictive insights, aiding stakeholders (farmers,
land managers, policymakers) in making informed decisions about land use
practices that enhance carbon sequestration and soil health.

e Integrated Data Management: Harmonizing diverse data sources, includ-
ing satellite imagery, in-situ soil sensor data, and historical land use records,
to create comprehensive models of soil carbon dynamics and biochar effects.

In essence, the smart application of soil carbon through biochar involves:

e Optimizing Biochar Use: Leveraging digital technologies to refine how
biochar is applied, aiming for the most beneficial impact on carbon sequestra-
tion and soil vitality.

e Data-Driven Insights: Drawing on vast arrays of collected data to inform
and enhance biochar application strategies, adapting to changing conditions
and new research findings.

e Sustainable Agricultural Practices: Guiding stakeholders towards farm-
ing methods that bolster carbon sequestration, leveraging smart technologies
to achieve a balance between agricultural productivity and environmental sus-
tainability.

In practical terms, smart applications dedicated to soil carbon estimation could
serve multiple purposes, such as: 1) Guiding farmers towards adopting agricultural
methodologies that bolster soil health and augment carbon sequestration, including
but not limited to cover cropping, minimal tillage practices, or rotational cropping,



2) Providing pivotal data on soil carbon reservoirs and dynamics to inform policy
formulations related to land use, conservation strategies, and climate change abate-
ment measures, and 3) Empowering researchers to investigate the repercussions of
environmental alterations on soil carbon fluxes at various scales, from local to global.

Through the adoption of these cutting-edge technologies, the smart applica-
tion of biochar in soil carbon management not only bolsters the role of biochar in
carbon sequestration but also equips stakeholders with actionable insights for the
pursuit of sustainable land management and the broader objective of climate change
mitigation.

1.1.4 What Is XAlIoT?

XAIoT stands for explainable artificial intelligence and the internet of things.
The first time of the term XAI was used was in 2004 [13]. XAI can be defined as
an effort to make Al systems more understandable to humans; however, there is no
accepted technical definition of XAl at this time, and more clarity and consistency
are needed in terms of the terminology in use [14-16]. Transparency, interpretability,
and explainability are frequently used interchangeably, which is one of the concerns.

Interpretability relates to the extent to which a model may be compre-
hended [17], and it is also sometimes used in place of “explainability” [16]. Trans-
parency alternatively pertains to a comprehensive attribute of providing decision
makers with pertinent information about how the model operates; or it relates to
the provision of such information. This comprises documentation of the training
technique, analysis of training data distribution, code releases, and explanations at
the feature level [14,16]|18,/19]. Explainability provides insight into the rationale
for the system’s decision-making, but is commonly confused with understandability,
which was defined by consensus as “tools that empower a stakeholder to compre-
hend and, when necessary, debate the reasoning of model outputs.” In this work,
we mainly focus on explainability |20].

AT systems, also often called black box systems, that make predictions with-
out explanation are problematic for a number of reasons, including their lack of
transparency and the fact that they conceal potential biases inside the system [21].
Numerous instances of bias in Al-based predictive systems have been identified.
These systems have been demonstrated to reinforce social and historical human
prejudices, with disproportionately harmful effects on traditionally underprivileged
members of our society [22]. In [23], The authors concluded that present XAl al-
gorithms cannot provide appropriate explanations for biased behavior in sensitive
applications. Although, giving explanations can increase understanding of and trust
in a system [15,16}24], Despite delivering explanations can boost users’ understand-
ing and trust in a system, basic explanations might conceal the system’s negative
characteristics and lead users to risky or unfounded conclusions that may eventually
be unethical [17]. In other words, in agricultural carbon emission sector, providing



explainable results of carbon loss and where should put more carbon (biochar) using
edge devices, as referred as XAloT in agricultural need to be further explored.

The use of XAIoT in precision agricultural and related agricultural applications
is rooted in demand for the added value that comes from agricultural and environ-
mental professionals being able to understand how and why a machine-based decision
has been made. Thus, there is growing demand for Al approaches that not only
perform well, but are trustworthy, transparent, interpretable, and explainable for a
human expert. This also has important implications for the public, policy, and gov-
ernance as the explainability of Al tools will enhance the trust of agricultural and
environmental professionals [25]. In many ways, agricultural professionals usually
plays a guidance roles to the farmers and markets about the decision-making that
is too complex for farmers to understand and act on. However, not many mature
edge devices, and not many research studies [26] applied XAl on edge devices which
towards to XAloT.

Therefore, in this dissertation, we focus on XAI on edge devices (towards to
XAIoT) as a technician solution that can help to expose systemic bias in agricultural
carbon emissions. XAlIoT can be used to help stakeholders evaluate if predictions
are biased and defend algorithmic decisions as being fair and ethical [14H16,]27].

1.2 Dissertation Objectives and Methods

XAToT is a new field with a lot of potential for agricultural carbon emission and
biochar applications. The main goal of this dissertation is to create a methodolog-
ical framework for XAloT-enabled smart sensing of agricultural carbon emissions
that is supported by: 1) XAloT-enabled smart data acquisition platforms, such as
microwave radar, millimeter wave radar, UAVs, and UGVs; 2) Site Specific Man-
agement and cognitive battery management systems to optimize XAIoT system
extendable health and application on large-scale field sensing.

In order to accomplish the main objectives, the XAloT enabled smart sensing
for agricultural carbon emissions will be grouped into the following specific parts:

1. Employing XAI on microwave, millimeter wave radar sensors, UAVs and UGVs
towards XAloT empowered smart data acquisition platforms.

2. Establishing a set of assessment criteria to evaluate how smart and develop-
mental the radar sensing is under site-specific management (SSM) framework.

3. Validating the XAlIoT carbon emission sensing framework by simulation and
experimental results on thermal systems.

4. Designing a cognitive battery management system for XAIoT carbon emissions
sensing guarantees sensing accuracy, sustainability, and scalability for edge

devices, UAVs, and UGVs.



5. Designing a site-specific management strategy for carbon emissions sensing,
including quantification, in-situ sensing, real-time decision making, and de-
ployment of swarm mobile sensors and actuators.

6. Developing advanced virtual representation models for process soil methane
emission suppression control using UAVs.

To expand on the methodological framework for estimating soil carbon within
the context of XAloT-enabled smart sensing, the dissertation employs a multifaceted
approach that integrates cutting-edge technologies and innovative strategies. This
comprehensive method aims to enhance the accuracy, efficiency, and scalability of
soil carbon estimation in agricultural settings, leveraging the capabilities of XAloT
to address the challenges associated with carbon emissions sensing and management.
The methodology is structured around several key components, each designed to
contribute to the overarching goal of advancing agricultural carbon emissions sens-
ing.

XAIoT Empowered Smart Data Acquisition Platforms: A cornerstone
of the methodological framework is the employment of XAl on various sensors and
platforms, including microwave, millimeter wave radar sensors, UAVs, and UGVs.
These XAloT-empowered platforms facilitate smart data acquisition, enabling the
collection of high-quality data on soil carbon content and environmental conditions.
By integrating explainable Al, the research aims to improve the transparency and
trustworthiness of the data acquisition process, allowing for more accurate and re-
liable soil carbon estimation.

Assessment Criteria: Establishing a set of XAlIoT assessment criteria is
essential for evaluating the smartness and development of the radar sensing tech-
nology under the SSM framework. These criteria assess the accuracy, reliability,
and sustainability of the sensing technologies and strategies employed, providing a
benchmark for continuous improvement.

Site-Specific Management Strategy: Designing a SSM strategy is crucial
for targeted and effective carbon emissions sensing. This component involves the
quantification of soil carbon content, in-situ sensing, real-time decision-making, and
the deployment of a swarm of mobile sensors and actuators. The SSM strategy is
tailored to the specific needs and characteristics of the agricultural site, ensuring
that sensing activities are optimized for accuracy and efficiency.

Cognitive Battery Management System: A cognitive battery management
system is proposed to ensure the sustainability and scalability of XAloT carbon
emissions sensing. This system manages the power supply of edge devices, UAVs,
and UGVs, optimizing their operation time while minimizing the risk of data bias
due to power shortages or failures. By intelligently managing battery life, the sys-
tem supports continuous and reliable sensing activities, contributing to the overall
effectiveness of the soil carbon estimation framework.



Advanced Virtual Representation Models: The development of advanced
virtual representation models is pivotal to the methodology. These models are de-
signed to simulate soil methane emission suppression control using UAVs, providing
a virtual platform for testing and optimizing site-specific management strategies.
By employing XAI to enhance the interpretability and effectiveness of these models,
the research ensures that stakeholders can make informed decisions based on the
insights generated.

Validation Through Simulation and Experimental Results: The final
component of the methodology involves validating the XAIoT carbon emission sens-
ing framework through simulation and experimental results on thermal systems.
This validation process ensures that the proposed methods and technologies effec-
tively estimate soil carbon content, contributing to the accuracy and reliability of
agricultural carbon emissions sensing.

By integrating these components into a cohesive methodological framework, the
dissertation aims to advance the field of XAloT-enabled smart sensing for agricul-
tural carbon emissions. The research not only addresses the technical aspects of soil
carbon estimation but also considers the sustainability and scalability of the sens-
ing solutions, ensuring their applicability and effectiveness in real-world agricultural
settings.

1.3 Dissertation Outline

The dissertation delineates an innovative methodological framework for XAloT
that enabled smart sensing of agricultural carbon emissions. This work is situated
at the confluence of XAloT and agricultural science, aiming to advance the pre-
cision and effectiveness of carbon emission sensing in agricultural contexts. The
overarching objective is to harness the potential of XAloT to develop a compre-
hensive system that not only acquires data smartly but also manages and processes
this data to optimize agricultural practices, thus contributing to the mitigation of
climate change impacts. The dissertation is structured into several chapters, each
addressing a critical component of the XAloT-enabled smart sensing framework.

In Chapter [I], the concept of XAIoT is introduced and its application in smart
sensing for agricultural carbon emissions is discussed. The significance of soil carbon
in the broader context of climate change mitigation and soil health is underscored.
A review of existing literature on soil carbon, coupled with an exploration of the
opportunities and challenges presented by XAIoT in carbon emission sensing, sets
the stage for subsequent discussions. Definitions of smart sensing and smart appli-
cations are articulated, alongside the delineation of future research directions in this
domain.

Chapter [2| focuses on smart data acquisition platforms. It proposes the use
of advanced edge devices, such as microwave and millimeter wave radar sensors,
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alongside UAV and UGV platforms for remote and proximity sensing data collection.
A case study provides practical insights into the application of these technologies.

In Chapter |3 the dissertation explores non-intrusive methods for quantifying
soil carbon content using machine learning algorithms. The mechanics of common
classifiers and lightweight model stochastic configuration networks are discussed in
detail, supported by a comprehensive evaluation of proximal sensors’ performance.

Chapter [5] delves into the role of XAl in empowering digital twins for manag-
ing soil carbon emissions via proximal sensing. A case study on cognitive battery
management within the XAIoT framework highlights the necessity of sustainable
power management for edge devices, UAVs, and UGVs to ensure data accuracy and
mitigate additional carbon emissions.

Chapter [4] discusses the SSM strategy for soil carbon content sensing. The inte-
gration of MAS-net and the Internet of Living Things (IoLT) is examined for their
impact on sensing accuracy. The potential of Digital Twins to facilitate real-time
data exchange between physical and virtual entities is highlighted as a promising
area for future work.

Chapter [0] presents a simulation platform for controlling soil carbon emissions
using automatic drone swarms to apply biochar. The setup allows for the testing of
SSM strategies and considers environmental factors such as wind field to simulate
greenhouse gas emission variations accurately.

Chapter [7| explores XAloT-enabled smart applications for measuring COs con-
centrations and soil moisture and their integration into UAV systems to mitigate
methane emissions.

Finally, Chapter [§] provides a comprehensive evaluation of the proposed XAlIoT
framework through real soil carbon data testing. Concluding remarks underscore
the dissertation’s contributions to the field and outline avenues for future research.

1.4 Dissertation Contributions

The main contribution of the dissertation is to have established foundation for
using XAloT for smart sensing in agricultural carbon emissions applications. The
XAIoT sensing framework was created to enable the site-specific management of car-
bon emissions using smart data acquisition platforms and advanced data analytics.
Specifically, the following contributions are listed below:

e A developing framework for XAloT-empowered radar array sensors for sensing
carbon emissions is applicable to any agricultural carbon sensing scenario.

e A set of data acquisition platforms such as UAVs, UGVs, and non-intrusive
sensors such as microwave and millimeter wave radar sensors.

e A set of machine learning algorithms have been investigated and compared for
improve assessment of identifying the microwave and millimeter wave signals.
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e A simulation platform for assessing the sensing performance of the network of
mobile sensors and actuators.

e The site-specific management strategy for agricultural carbon emissions uti-
lizes the Digital Twin concept.

e Cognitive battery management system for guaranteed the XAloT enabled
smart sensing for agricultural carbon emissions with reliable sensing results.

1.5 Soil Organic Carbon Estimation: A Review
1.5.1 Introduction to Soil Carbon Sensing

The significance of soil carbon extends beyond its role as a crucial component of
soil health; it is pivotal in agricultural productivity and climate change mitigation.
Soil carbon serves as a key indicator of soil quality, influencing water retention,
nutrient availability, and microbial activity, thus directly affecting plant growth and
ecosystem sustainability [28,29]. The measurement and monitoring of soil carbon
content have evolved significantly with the advancement of sensing technologies
marking a transition from traditional as shown in Figure [1.2

Evolution of Soil Carbon Sensing Technologies
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Figure 1.2: Evolution of soil carbon sensing technologies.

The plot above visualizes the evolution of soil carbon sensing technologies across
different years, from the early 20th century to the present day. It outlines the
progression from basic soil sampling methods to the latest advancements, including
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basic Soil Sampling introduced in the 1920s [30,31]; Infrared Spectroscopy becoming
prominent around the 1950s [32-34]; The launch of Remote Sensing Satellites in the
1970s |35H38]; The development of Ground-Penetrating Radar in the 1980s [39-43|;
The introduction of Portable Spectrometers in the 1990s [44-46]; The emergence
of Digital Soil Mapping in the 2000s [47-50]; The adoption of Drones & UAVs for
Aerial Imaging in the 2010s [51-53] and the integration of Al & Machine Learning
for data analysis in the 2020s [54-57].

1.5.2 Remote Sensing Technologies for Soil Carbon Estimation

Remote sensing has become an indispensable tool for soil carbon estimation,
leveraging non-invasive techniques to evaluate and monitor soil organic carbon
(SOC) levels efficiently over vast and varied landscapes [5859]. By detecting soil’s
reflectance and absorption characteristics, which vary with SOC content, remote
sensing technologies such as multispectral and hyperspectral imaging enable the
monitoring of soil carbon. These technologies exploit the influence of organic mat-
ter on soil’s optical properties to estimate SOC from aerial or satellite imagery,
providing a means to assess soil carbon stocks and changes over time without ex-
tensive ground sampling [60].

The benefits of remote sensing include large-scale monitoring capabilities, cost-
effectiveness by reducing the need for labor-intensive soil sampling, the ability to
conduct temporal analyses by monitoring SOC changes over time, and the potential
for integrated assessments when combined with other environmental data like land
use and vegetation cover. However, challenges such as resolution limitations, cali-
bration requirements with ground-truth data, and the complexity of data processing
highlight the need for sophisticated algorithms and computational resources. Key
studies by Angelopoulou et al. [61], Sharma et al. [62], and Singh et al. [63] have
reviewed remote sensing techniques for SOC estimation, discussed the prediction
ability of multispectral data with varying resolutions, and provided an overview of
advances in remote sensing of the terrestrial carbon cycle, respectively, underscoring
the evolution and potential of these technologies in carbon cycle studies.

1.5.2.1 Different Methodologies of Remote Sensing for Soil Carbon Es-
timation

Remote sensing techniques have revolutionized the way SOC is monitored and
estimated, offering diverse platforms such as satellites, aircraft, and UAS to cap-
ture data over varying scales and resolutions [61]. These techniques enable the
non-invasive assessment of SOC across different landscapes, leveraging the unique
capabilities of each platform to gather critical environmental data. While satel-
lites provide global coverage and regular monitoring capabilities, aircraft offer high-
resolution imagery for detailed local-scale mapping, and UAS excels in ultra-high-
resolution data collection for precise applications such as precision agriculture. The
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choice of a specific remote sensing platform depends on the requirements of the
SOC study, including the desired scale, resolution, budget, and the need to balance
the benefits of broad coverage against the precision of high-resolution data. We
summarized a Table for comparing the specifics of these platforms in a table to
highlight their altitude, resolution, coverage area, and some of the inherent benefits
and drawbacks [64-71]:

Table 1.1: Comparison of remote sensing platforms for SOC monitoring.

Platform | Altitude | Spatial Res- | Coverage | Benefits Drawbacks
olution Area
Satellite 400 km - | Coarse (> 1 | Global Global  coverage, | Limited resolution
36,000 km | km),  Mod- regular revisit | for small-scale vari-
erate  (10-30 times, diverse sen- | ations, cloud cover
m), High sors issues, calibration
(0.3-5 m) needs
Aircraft 150 m-10 | < 1m Specific re- | High spatial resolu- | Limited coverage,
km gions tion, flexibility, op- | high costs, logisti-
erates under cloud | cal challenges
cover
UAS < 120 m < 30 cm (to a | Focused Ultra-high- Limited by bat-
few cm) areas resolution, flexible | tery/weather,
deployment, lower | smaller coverage,
costs regulatory restric-
tions

1.5.2.2 Estimation Results

Spaceborne sensors, encompassing multispectral, hyperspectral, and even simu-
lated hyperspectral platforms, have progressively been utilized for SOC estimation,
with research publications on this application increasing over time. These satellite
sensors have been instrumental as auxiliary variables in mapping soil properties,
offering more precision than traditional methods like ordinary kriging when paired
with advanced geostatistical methods. For instance, Landsat 7 ETM+ data [72],
especially the panchromatic band, were found to provide better SOC predictions
compared to the normalized difference vegetation index (NDVI).

Hyperspectral data, such as from the now-deactivated Hyperion sensor, has
shown promise in estimating and mapping SOC’s spatial variability. Gomez et
al. |[73] noted that while the Hyperion data offered useful insights similar to in-field
VNIR-SWIR data, low Signal to Noise Ratio (SNR) and a 30 m spatial resolution
were limiting factors. Castaldi et al.’s simulation studies [74] on forthcoming hy-
perspectral imagers such as EnMAP, PRISMA, and HyspIRI indicated that while
resampled laboratory spectra could yield good results, actual satellite data would
be necessary for more accurate estimations.
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A key advancement was the use of data mining techniques to maximize bare
soil area detection, leveraging the short revisit time of satellites. This approach
allowed for improved reflectance retrieval from satellite images and, consequently,
moderate accuracy in soil property predictions, including SOC, as demonstrated
by Dematté [75] and Gallo’s work [76]. Gholizadeh et al. [77] further showcased
the superiority of Sentinel-2 over airborne sensors in capturing SOC variability,
particularly at higher levels, using a simple SVM model for the predictions.

In summary, while spaceborne sensors have shown significant potential for SOC
estimation, the success of these methodologies hinges on several factors, including
sensor resolution, atmospheric conditions, and the spectral characteristics of the
soil. These methodologies and their respective benefits and limitations in terms of
SOC estimation are detailed in the referenced studies and summarized in Table [[.2]

Table 1.2: Studies for SOC estimation with the use of spaceborne platforms.

Sensor Spectral Range (nm) | Algorithms R? RMSE (g-kg™') | Reference
Hyperion 400-2500 PLSR 0.51 0.73 60
Landsat ETM+ 450-2350 ANN5K 0.63 0.27 78]
EnMAP 420-2500 PLSR 0.25-0.67 0.20-0.48 79,
PRISMA 400-2500 PLSR 0.26-0.65 0.21-0.48 79|
HyspIRI 3802510 PLSR 0.23-0.60 0.22-0.48 79,
EnMAP 420-2500 autoPLSR 0.67 2.8 30
Sentinel-2 440-2200 PLSR/RF - 1.9-25.2/0.20-18.6 74,
Sentinel-2 440-2200 PLSR 0.56 1.23 73]
Sentinel-2 440-2200 SVM - 0.08-0.24 [77.

In the pursuit of SOC estimation using airborne platforms, researchers have in-
vestigated various methodologies, each with distinct benefits and concerns. Stevens
et al. [81] examined the Airborne Hyperspectral Sensor 160 (AHS-160) across differ-
ent soil types, correlating spectra with soil samples to estimate SOC content. The
study highlighted the influence of soil type heterogeneity on spectral reflectance and
the need for local calibration due to soil type variations. Challenges included atmo-
spheric correction, weather conditions, and sensor stability issues. Even with these
problems, airborne hyperspectral imaging was seen as a promising way to estimate
SOC, and changes to external parameters could make the model more accurate.

Other studies like those by Hbirkou et al. [82] and Franceschini et al. [83] fo-
cused on the effects of soil roughness, vegetation cover, and spectral mixture on
SOC prediction models. These studies underscored the importance of controlled
conditions, such as dry weather for reduced moisture content, and strategies for
distinguishing between soil and vegetation or straw residues in spectral data. While
laboratory conditions yielded more accurate organic matter content predictions, air-
borne hyperspectral sensors showed potential when external factors were accounted
for.
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The research consistently points to the necessity of atmospheric correction, as
well as the alignment between remote and laboratory spectral measurements for reli-
able SOC estimation. Approaches that leverage existing large soil spectral libraries,
such as the one by Castaldi et al. [84], suggest that airborne estimations can be
time-effective without the need for additional laboratory measurements. However,
the calibration of prediction models remains a crucial step that benefits from field
data collection. These efforts illustrate the complexity of SOC estimation from
airborne sensors and the various factors that must be meticulously controlled to
improve accuracy and reliability. The details and specific results of these stud-
ies are encapsulated in referenced Table which provides a more comprehensive
comparison of methodologies and outcomes.

Table 1.3: Studies for SOC estimation with the use of airborne platforms.

Sensor Spectral Range (nm) Algorithms R? RMSE (g-kg ') | Reference
AHS-160 430-2540 PLSR, PSR, SVMR | 0.53-0.89 3.13-6.22 31]
AHS-160 430-2540 PLSR - 1.7 85)
HyMap 450-2500 PLSR 0.34-0.83 0.76-1.10 32)]
ProSpec TIR V-S 400-2500 PLSR 0.33 3.82 33|
AHS-160 430-2540 PLSR 0.62 1.34 306
AISA-Eagle 400-1000 PLSR 0.44 4.05 37|
AHS-160 430-2540 SLR, SMLR, PLSR | 0.27-0.60 6.44-8.70 38|
AISA Dual system 4002450 SML 0.73 8.4 39
APEX 400-2500 PLSR - 4.3 34|
HyMap 450-2500 PLSR 0.73-0.85 0.19-0.25 90|

In the realm of environmental and climate variable assessment, UAS has made
significant strides, yet their integration into soil ecosystem monitoring has been lim-
ited. To date, only a solitary study [91] has been identified that explores SOC esti-
mation using this technology. This research employed a multispectral Mini-MCAG
sensor by Tetracam Inc., with a spectral range of 450-1050 nm, mounted on a UAS
to determine its effectiveness in predicting SOC levels. A meticulous operational
plan was executed to ensure optimal conditions that mitigated the impact of soil
moisture and surface roughness on the readings. The flight campaign was conducted
under ideal circumstances—a cloudless sky, scant vegetation cover, and dry soil—to
minimize the influence of soil moisture on the results.

The methodology adopted in the study showed considerable promise for SOC
monitoring, utilizing an SVM algorithm. It achieved a mean coefficient of determina-
tion (R?) of 0.95 and a Root Mean Square Error (RMSE) of 0.21% in cross-validation
across 161 soil samples, demonstrating performance on par with standard dry com-
bustion laboratory methods. However, it was noted that there was a tendency for
overestimation at lower SOC concentrations and underestimation at higher SOC
values.
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1.5.3 Proximal Sensing in Estimation of Soil Carbon

Proximal soil sensing (PSS) is a technique involving the use of sensors in direct
contact with or close to the soil for measuring a range of soil properties [92]. This
method offers a quick, on-site analysis of soil attributes, reducing the reliance on
labor-intensive lab tests. PSS is equipped with an array of sensors suited for different
soil parameters, such as moisture, texture, compaction, and organic matter.

The advantages of PSS include its ability to provide high-resolution data that
reflects the spatial heterogeneity of soil properties within a small area. It also
facilitates real-time analysis, enabling immediate soil management decisions. This
approach is often more cost-effective than traditional sampling, especially for regular
monitoring, and it minimizes soil disturbance, thus maintaining its natural state [93].

Proximal sensors range from electromagnetic and optical sensors that infer soil
properties through electrical conductivity and reflectance, to acoustic sensors and
penetrometers that evaluate compaction [94]. These sensors are used in various
formats, from handheld devices for spot checks to vehicle-mounted systems for wider
area coverage, and even robotic systems for autonomous soil mapping.

1.5.3.1 Different Types of The Proximal Sensors

A summary and detailed explanation of various proximal sensor technologies
used for estimating soil carbon content is presented in this section. The types
of sensors discussed include digital cameras for soil color analysis, spectroscopy
for chemical composition, laser-induced breakdown spectroscopy, inelastic neutron
scattering, and ground-penetrating radar, each providing unique benefits for soil
analysis.

1. Soil Color (Digital Camera [95,96]): Digital cameras capture the visible spec-
trum of the soil to infer carbon content. The color intensity and hue variations
can indicate differences in SOC due to the darkening effect of organic matter.
This method is non-destructive and provides immediate results but can be
influenced by moisture, texture, and mineral content.

2. VIS-NIR Spectroscopy [71,/97]: This technique uses visible, near, and mid-
infrared spectroscopy to detect SOC by measuring the reflectance of different
wavelengths. It’s a rapid method that provides information on various soil
attributes, with mid-infrared offering the most direct measurement of SOC.
While highly effective, its accuracy can be affected by soil moisture and surface
roughness.

3. Laser-induced Breakdown Spectroscopy (LIBS [98]): LIBS uses a high-energy
laser pulse to create a plasma on the soil’s surface, then analyzes the light
emitted to determine the concentration of elements, including carbon. It can
analyze both the surface and subsurface layers and is effective in detecting
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SOC. However, it requires careful calibration and can be sensitive to soil het-
erogeneity.

. Inelastic Neutron Scattering (INS [99,/100]): INS involves bombarding the soil
with high-energy neutrons and detecting scattered gamma rays, which provide
a measure of carbon content within a large soil volume. It penetrates to depths
of 20-30 ¢m and is suitable for non-invasive SOC assessment over large areas.
The technique is less affected by soil moisture content but requires specialized
equipment and safety precautions due to the use of high-energy particles.

. Ground Penetrating Radar (GPR [101,[102]): GPR sends radio waves into
the ground and analyzes the reflected signals to assess soil properties. Lower
frequencies can penetrate up to 10 m, making them suitable for deep soil
analysis, while higher frequencies offer higher resolution up to 1 m deep. GPR’s
ability to estimate SOC is indirect, often requiring correlation with physical
properties that affect SOC, such as soil layering or water content.

These proximal sensing techniques offer diverse ways to estimate soil carbon,

each with its benefits and limitations.

While some provide high-resolution data

and are cost-effective, others can analyze large volumes non-invasively. Their effec-
tiveness can vary based on soil type, condition, and the specific sensor technology

used [103]. The more details are in Table [1.4]

Table 1.4: Summary of proximal sensors for soil carbon estimation

Sensor Type

Characteristics

Soil Colour (Digital camera)

Surface analysis

Soil VIS-NIR Spectroscopy

vis: 400-700 nm, NIR: 700-2500 nm, mid-IR: 2500-25000

nim

Laser-induced Breakdown Spec-
troscopy (LIBS)

190 to 1000 nm

Inelastic Neutron Scattering (INS)

Volumetric sampling up to 0.3 m®, 20-30 cm depth, 150
cm footprint

Ground Penetrating Radar (GPR)

Lower freq.: 100 MHz to 200 MHz — 10 m, Higher freq.: 1
GHz to 2.6 GHz — 1 m

In conclusion, PSS marks a significant leap in soil science, providing a practical
and scalable solution for soil analysis. With the ongoing advancement in technology;,
the integration of PSS data with digital soil mapping and modeling promises to
further augment our understanding and stewardship of soil resources. In addition,
the dissertation is focused on the PSS method and presents an entire system and
comprehensive methodologies to evaluate the soil carbon in situ, and in real-time.
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Remote Sensing Proximity Sensing
Local scale,

Global to regional scale,

Coverage . . o suitable for detailed,
allowing extensive area monitoring . s
site-specific assessments.
Cost-effective for large-scale applications Potentially higher costs for equipment
Cost due to the free availability and on-the-ground operations,
of satellite imagery (e.g., Copernicus program) but effective for focused studies
. Limited by satellite or High-resolution data capturing
Resolution . e . . . . .
aerial sensor capabilities, affecting detail level fine-scale soil properties.
Data Acquisiti Non-destructive, rapid, Non-destructive and highly accurate but more time-consuming
ata Acquisition . s
o 1 and efficient over large areas. due to smaller coverage per unit time
Affected by atmospheric conditions, - . .
. . Y HoSp ’ Limited by the need for physical access to the site,
Challenges soil moisture, vegetation cover, and the need for . . .
. . . . which may be hindered by terrain or land use
radiometric and geometric corrections ’ ’
Suitable for mapping and monitoring Ideal for in-depth soil health assessments,
Applications SOC changes over extensive areas, identifying trends, precision agriculture,
and informing large-scale land management and policy and localized soil management practices

Table 1.5: Summary of benefits and drawbacks of remote and proximity sensing for
soil organic carbon estimation

1.6 Results Reproducibility

The code and datasets of the results presented in this dissertation can be found
in the website https://andi00123456.github.com where the users can donwload
the codes for its use and evaluation.

19


https://andi00123456.github.com

Chapter 2

XAIOT EMPOWERED SMART DATA ACQUISITION
PLATFORMS AND CASE STUDIES

2.1 The Microwave Radar Array Sensor

Using a radio frequency 3D sensor called Walabot Developer (Vayyar Imag-
ing Litd, Yehud-Monosson, IsraeED, the reflectance of the surroundings being sensed
can be obtained. The frequency range for the US/FCC model is 3.3 - 10 GHz while
for the EU/CE model it is 6.3 - 8 GHz. The average transmitted energy of both
models is less than -41 dB/MHz and poses no health risks to the user . Multiple
antennas allow Walabot to send, receive, and record microwave reflectance signals.

(See Figure [2.1)).

Host device acquisition

RFIC

i
|
|
|
|
|
|
|
USB | Data
|
|
|
|
I
|
I
I
|
|

Walabot

I s e e e e e e

Environment
to be sensed

Figure 2.1: Walabot sensing strateg

'https://walabot.com/

’https://site.walabot.com/docs/walabot-tech-brief-416
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Multiple transmit-receive antenna pairs’ broadband recordings are processed to
build a three-dimensional representation of the surroundings. Analysis of picture
sequences permits the detection of environmental changes. Walabot is capable of
short-range imaging in dielectric settings such as concrete and drywall. Then, re-
searchers could detect environmental changes by examining image sequences. The
Walabot employed an antenna array to transmit radio frequency to the region in
front of it and then to receive the reflected signals (reflectance or response).

Figure 2.2: Walabot of 18 antenna array distribution front and back.

Additionally, Walabot is a programmable three-dimensional sensor that can
gaze through objects utilizing previously inconceivable radio frequency technolo-
gies. Walabot lights the area in front of it using an antenna array (18 antennas,
which are 4 transmitters and 14 receivers, respectively, the distributions are shown in
Figure , detecting and recording reflected signals via the integrated VYYR2401
A3 System-on-Chip unit. From the Walabot SDK, it offers 40 antenna pair combi-
nations as shown in Table [2.1] The reflectance strength is measured by the receivers
directly as shown in Figure [2.3]
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Table 2.1: 40 antenna pairs combinations, Tx and Rx stand for transmitter and
receiver, respectively.

Antenna Pairs 1 2 3 4 5 6 7 8 9 10
Tx, Rx 12 | 13| 16 | 1,7 | L10| 11| 1,14 | 1,15 | 14 | 1,8

Antenna Pairs 11 12 13 14 15 16 17 18 19 20
Tx, Rx 1,12 | 1,16 | 1,18 | 17,2 | 17,3 | 17,6 | 17,7 | 17,10 | 17,11 | 17,14

Antenna Pairs 21 22 23 24 25 26 27 28 29 30

Tx, Rx 1715 | 178 | 17,12 | 17,16 | 4,2 | 43 | 46 | 4,7 | 410 | 4,11

Antenna Pairs | 31 32 33 34 35 36 37 38 39 40

Tx, Rx 414 | 4,15 | 182 | 18,3 | 18,6 | 18,7 | 18,10 | 18,11 | 18,14 | 18,15

(a) Microwave signal reflectance using signal antenna pair

(b) Microwave signal reflectance using multiple antenna pairs

Figure 2.3: Microwave radar array sensor reflectance signals

2.2 The Millimeter Wave Radar Array Sensor

The IMAGEVK-74 mm-waves sensor is from Vayyaif| designed and manufac-
tured by Mini-circuit{’] It has 20 transmitter (Tx) and 20 receiver (Rx) antennas

3https://www.vayyar.com/

‘https://www.minicircuits.com/
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(shown in Figure that can be configured to transmit and receive signals in
the 62-69 GHz frequency band. Three performance-optimized transmit profiles al-
low hardware engineers and researchers to change receiver resolution and imaging
processing time with direct access to the Tx/Rx pair phasors for each swept fre-
quency point. The high-resolution profile’s 20 Tx and 20 Rx antennas and 400
raw signals make it perfect for high-resolution 3D imaging (20 x 20 of Rx and Tx
pairs). The IMAGEVK-74 mm-waves sensor evaluation kit (EVK) has the whole
mm-waves front-end and analog base band signal chain for up to 40 antenna paths
(See the functional diagram in Figure. A high-performance synthesizer produces
frequency-stepped continuous wave (CW) waveform and sweeps over transmitting
frequencies and antennas. Moreover, the Rx resolution bandwidth, start and stop
frequency points, and number of frequency points are totally customizable.

A»:_L—“NY

)

pu

Figure 2.4: Millimeter wave radar sensor front and back.

Furthermore, the maximum power of the transmitter is -10 dBm, which meets
the radar health standard . In addition, this mm-waves radar sensor is a new
product, and our literature review shows that there is currently only one work using
these sensors for material classification [105].

In addition, when installed on a personal computer, the Vayyar Application Pro-
gramming Interface (API) allows programmatic access to the Vayyar EVK engine,
enabling the integration of Vayyar’s non-contact RF sensors into user-developed sys-
tems. This simple API operates on Windows and is compatible with both Python

23



and Matlab to support a wide variety of academic and research environments. Over-
all, the total components are embedded in the sensor unit PCB are 1) Vayyar
VYYR7201-A0 system-on-chip (SoC), 2) 40 embedded Tx/Rx linear polarized wide-
band antennas, 3) digital interface that communicates with a host PC via a USB-2.0
connection. The interface is implemented using on-board Cypress micro-controller
unit (MCU), 4) A Crystal used as a clocking source for the Cypress MCU, 5) Non
Volatile Memory (NVM) used to store inventory and calibration information, and
the recording profiles are shown in Table for users to select due to requirements.

uP / USB

Radio / Signal Processor

TX Waveform ..
Digital Front End
Generator
TX1 TX2 | == TX20 RX21|*** [RX3s | |RX20
DD,:‘\:D d:,':'D
= .:DDDE:

Q
20 TX/

(]
20 RX

Antennas

Figure 2.5: Millimeter wave radar sensor front and back.
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Table 2.2: IMAGEVK-74 supports 3 predefined user-selectable recording profiles.

Profile Number of Frame Rate Transmitting EX%I;;I; les
Name Transmitting Antennas Antenna Numbers L
Application
LOW_RATE 20 Low 1-20 High resolution 3D imaging
MED_RATE 10 Med 1-10 Medium resolution 3D imaging
HIGH_RATE 4 High 1-4 2D imaging, People tracking

2.3 The Unmanned Aircraft Vehicles

Different types of UAVs are utilized for various research purposes, including
ET evapotranspiration estimation. Several prominent UAV platforms are depicted
in Figure 2.6 There are typically two types of unmanned aerial vehicle platforms:
fixed-wing and multi-rotor. Generally, fixed-wing aircraft can fly longer with a
greater payload. Typically, it can fly for around two hours, which is sufficient for a
wide field. Multi-rotors can fly with a cargo for approximately 30 minutes, making
them appropriate for short flight missions. Both have been utilized in agricultural
studies, for example [106-108|, which have tremendous promise for precision agri-

culture.

Hover Drone

Figure 2.6: The drone image, left is a fixed-wing drone, and right is a Hover drone.

As depicted in Figure the author primarily employed a quadcopter named
“Hover” to capture aerial pictures. The ‘Hover’ has a Pixhawk flight controller,
GPS, and telemetry antennae. It can fly in the mode waypoint mode over the field
(designed by using Mission Planner software). The “Hover” lithium polymer battery
has a capacity of 9500 mAh, allowing it to support a 30-minute flight mission with
cameras attached. To provide a long flight time, the “Hover” is equipped with a
highly efficient power system consisting of a T-Engine MN3508 KV380 motor, a
1552 folding propeller, and a Foxtech Multi-Pal 40A OPTP ESC.
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2.4 The Unmanned Ground Vehicles

An UGV is an autonomous vehicle that is not only capable of driving without
a human driver, but can also integrate artificial intelligence to undertake search,
proximity sensing, mapping, and tracking missions autonomously [109]. Current
UGVs are available in a variety of configurations and capacities, ranging from full-
sized tractors capable of simulating human tasks to small systems for agricultural
contexts [110]. Experts predicted a large increase in UGV deployment, particu-
larly in the agriculture sector. Two important breakthroughs are anticipated to
contribute to this exponential growth: the increased availability of improved sensor
technologies |111] and cognitive applications enabling commercial use of UGVs [112].
Advanced sensor technology enables the automation of cameras, paving the door for
UGVs to further cut agricultural labor expenses. Agricultural robots might become
a $45 billion business by 2038, according to a paper on robotics research [113].

Over the past decade, UGVs have demonstrated a great deal of potential for
their future position as the principal data collection instrument for precision agri-
culture [114]. Commercial UGVs have the ability to meet the expanding global
need for reduced labor costs. Cognitive swarming via UGVs with related system
applications is fast growing in quantity and sophistication, regardless of whether
they are utilized as a smart farmer’s companion or as a co-ecologist. Future uses are
restricted only by our imagination, similar to the early days of personal computer.

The UGVs proposed in Case Study IV that can operate in the field for more
than 5 hours (depends on battery capacity) and are equipped to collect remarkably
high-resolution thermal, near-infrared, red-green-blue standard video and imaging,
and LiDAR for 3D mapping. These data can then be used to make a number of
timely decisions, such as determining not just the plant type but also their water and
nutrient stress condition [115]. This type of applications is simply the beginning,
as we believe there are other undiscovered agriculture and environmental research
capabilities, including crop health checks (disease detection), pest control, irrigation
management, crop harvesting, and mechanized weeding, to name a few.

Technological advancements are driving UGV applications in interesting new
areas [116]. Numerous UGVs have been designed for a wide range of agricultural
applications, including soil sampling, irrigation mapping, and crop harvesting |117].
Multiple UGVs can collaborate to establish a swarming [118] for large-scale fields
in a short time where fleets of autonomous UGVs must work together to achieve a
common goal.

Recent research on swarming has focused on features of communications and
maintaining connectivity [119], such as swarm control and collision avoidance |120],
task allocation and techniques for completing numerous tasks [121], and modeling
swarm behavior by forecasting individual behaviors [122]. In these publications [123-
126], control approaches for UGV swarms are discussed. In this chapter, research
will be undertaken using the suggested UGV platform and a swarm mechanism with
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numerous UGVs will be provided. In this mode, the followers can merely track the
leader UGV based on its GPS position; however, detailed functionalities will be
created based on the need for proximity sensing. For instance, multiple UGVs can
work in tandem on a large-scale field, drastically reducing the duration of a mission.
The acquired data can also be communicated in real-time between UGVs, hence
enhancing the intelligence of the UGVs.

2.5 Case Study I: A Non-intrusive Quantification Method for Biochar
Water Retention Capacity

2.5.1 Microwave Reflectance Analysis

Due to biochars made from different raw materials or feedstock that have dif-
ferent structures [127], especially their surface has many small porous structures.
Therefore, when the microwave signal meets these structures, it will be penetrated,
absorbed, and reflected out. In other words, we can get biochar information such as
amount usage, different raw materials, water retention capacity, etc., by analyzing
the received signal (reflected signals). To better understand what kind of features
we are going to face, we draw the reflective signals in Figure We collected re-
flective signals from different kinds of biochar and show them in the time domain,
frequency domain, respectively.
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Figure 2.7: Five different kinds of biochars with soil mixture, the left column is the
microwave in time domain signal, and the right column is the signal in the frequency
domain.

In Figure [2.7] the reflective signals from different biochars show distinguishable
variations in both time and frequency domains. Since the microwave attenuated
very fast due to its shorter wavelength, here we only show 100-millisecond signal
in the time domain (no other signals beyond this time interval), and all responded
signals are distributed from 5.0 GHz to 6.5 GHz. As seen in Figure[2.7] the positions
of peaks and troughs in the frequency domain vary across various biochars, which
can be utilized to form features to classify them.

2.5.2 Microwave Reflective Signals Classification

To leverage the implicit physical knowledge of microwave reflectance relation-
ship to biochar materials, our system takes a data-driven approach by selecting
a commonly used supervised classifier, Support Vector Machine (SVM) [128], and
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Linear Discriminant Analysis (LDA) [129] to classify and visualize the biochar fea-
tures. SVM aims to find the maximum-margin hyperplane w and bias term b by
minimizing the loss function,

ol oy (T
nq}]?ngJrC;mam(l yi(w' ¢(z;) +b),0), (2.1)

where C' denotes the penalty settings used to balance the regularization term and
the training loss for labeled and unlabeled data, respectively. z; is the input data
and y; is the label. ¢ is the active function. SVM typically discovers boundaries
in regions with sparsely labeled and imbalanced data. With SVM, the system can
determine which type and how much biochar is used.

2.5.3 Evaluation
2.5.3.1 Experiment Setup

Since we already have Walabot as a microwave transmitter and receiver, we
need a processor unit to process data and store it. A portable sensing device that
consists of a Raspberry Pi 4B 2GB (RAM) and Walabot developer module as a
microwave signal transmitter and receiver are lightly placed on top of the sample,
which is a soil and biochar mixture as shown in Figure [2.8] The soil was collected
from almond tree fields and filtered for coarse-grained substances such as stone.
The biochar is made from 100% of orchard removals, walnut shells, 100% wood,
almond shell, and pinewood (labeled as 1, 2, 3, 4, 5, respectively). Following each
experiment, the soil was uniformly distributed at 100g, and biochar was added from
20%, 40%, 60%, 80%, and 100% of the soil). Both of them are well mixed.
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Figure 2.8: Five different kinds of biochar with soil mixtures.

The sampling frequency of the microwave sensor is 10.24 GHz. We sampled
each sample cup five times. Our experiments utilize a classifier, LDA, to distin-
guish biochar’s unique features. To evaluate our system’s performance fairly, we
introduced SVM to calculate average classification accuracy.

2.5.3.2 Different Kinds of Biochar

Based on the results from section the different biochars have different
features in the frequency domain. This fact motivated us to label the data for
further research. As mentioned earlier, we have five kinds of biochar (five classes)
and put 50g into every soil. Then we sampled 30 times for each class. Therefore, the
total dataset contains 180 features, and each feature has 8192 sampling points .

Since our data has a high dimension that cannot be easily processed, the LDA
algorithm can perform supervised dimension reduction by mapping the input data
to a linear subspace consisting of the directions that maximize the separation of
classes. The mathematical formulation of the multi-class LDA is shown in ,

S v = S s )" 22)

where M denotes classes that have a mean p; and the same covariance » . The
specific algorithm of implementation LDA is explained in detail in algorithm
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Algorithm 1 LDA classification for multi-class

Require:
Given a dataset contains of matrix X which n(sampling points) by p(total fea-

tures);
Matrix y (m by 1) that contains total labels.

Ensure:

[
W = O

Initialize Xirain, Xiests Ytrain, Ytest (default ratio is 4:1);
Initialize predicting confidence scores of soil samples;
Initialize parameters for the estimator;
get parameters(X,y);
fit (X,y) to transform model;
while Convergence condition not satisfied do

for each feature X; do

Transform(X);

end for

end while

: Predict test dataset Xj;
. Calculate predict log probabilities logP;
: plot classified classes in 2D or 3D.

T 3 ; ;

Figure 2.9: LDA results for different types of the biochar measurements.
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The LDA results for different types of the biochar were shown in Figure [2.9]
Label numbers represent different biochar, as mentioned earlier. There are five
different kinds of biochars with different colors, which means different biochars can
be classified by their features. However, from this 2D plot, we noticed that several
sampling points had been overlapped. Thus we plotted out LDA in 3D (Figure
to see the distribution. As we can see Figure biochars are classified and no
overlapped with other sample points.

Figure 2.10: LDA 3D results for different biochar types measurements.

2.5.3.3 Different Biochar Amount Classification

In this section, we verify how different amounts of biochar corresponds to the
microwave reflective signals in the frequency domain. We separated six sets which
put Og, 50g, 100g, 150g, 200g, and 250g biochar, respectively, into the same amount
of soil (250g). The reflective signal has been recorded after mixed well. After
the feature was collected, we divided the collected data into train and test set for
SVM multi-model development and evaluation. The train and test sets ratio is 2:1.
Figure depicts the confusion matrix, and we found that the SVM classifier
achieves 74.0% of biochar usage amount recognition accuracy. This result proves
that it is feasible to identify biochar intake and other quantities such as moisture.
This assessment establishes the practicality of deploying mobile microwave sensors
to monitor soil conditions and demonstrates the potential for cost savings as the
target area expands.
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Accuracy: 74.0%

Og

50g

100g

66.7% | 33.3%
150g

200g

33.3% 66.7%
1 2

250g

Og 50g 100g 150g 200g  250g

Figure 2.11: Confusion matrix of different amounts of biochar recognition.

2.5.3.4 Features Extraction with Different Water Usage

Based on the idea in ,, we tested our microwave signal to see whether
different water capacities could be detected within the biochar mixture, as shown in
Figure[2.12] and the LDA classifier results are shown in Figure[2.13] The magnitudes
of reflective microwaves vary from different moisture levels and can be distinguished
by using the LDA algorithm. Since the microwave attenuated fast during different
mediums, the magnitudes can be treated as the energy of the signal that expli-
cates the water amount (the medium amount for absorbing microwave is higher, the
attenuation is higher [133]). Unfortunately, the result shows in not very clear and
some prediction results overlapped in Figure[2.13] We think a Deep Neural Network
could help to improve in the future work.
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Figure 2.12: Five

Figure 2.13: LDA 3D results for different water content levels classifications.

different water content levels with biochar mixture.
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2.5.3.5 Biochar Water Retention Capacity

As mentioned earlier, combined with physical principles behind the microwave
sensing and biochar properties, we validated the biochar with the soil of water
retention capacity by comparing the same amount of soil (250g), and one of them
added biochar (100g, mixed well). Our experiment method is, both of them adding
water until it is well saturated, recorded current microwave reflective signals, then
put both samples under the sun exposure for 5 hours. After that, we measure
reflective signals again for the comparison as shown in Figure 2.14 We use a grid
cover to cover the top of the sample during sun exposure to make sure no other
substance polluted our samples.
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Figure 2.14: Microwave reflective signals in the frequency domain before and after
5 hours, respectively.

We utilized the average amplitude variation to inference the water level change
in two samples. The results are shown in Table[2.3] As we can observe the variation,
after 5 hours of sun exposure, the water reduced 49.34% whereas the biochar mixture
sample only reduced 7.64% water content level. These results indicate that biochar
has more substantial water retention capacity than plain soil, which benefits the soil
for keeping moisture.
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Table 2.3: The comparison of water retention capacity for soil and soil with biochar
mixture.

Soil Soil+Biochar

Before 1.4691 x 107* | 1.8484 x 10~

After 5 Hours | 7.4419 x 10~ | 1.7071 x 10~
Percentage 50.66% 92.36%

2.6 Case Study II: Soil Carbon Content Quantification Method Using
A Miniature Millimeter Wave Radar Sensor

2.6.1 Millimeter Wave Signal Classification Method

In this section, we discuss how to construct a classification method that, based
on the time-domain characteristics of the received signal, can discriminate precisely
between various signals. We have trained various classifiers, such as the logistic re-
gression classifier, the one-versus-all SVM classifier, the K-Nearest Neighbors (KNN)
classifier, and the Decision Tree classifier. Upon evaluation, we found that although
each classifier offered unique advantages, their performance did not meet our criteria
for precision and efficiency. we opted to utilize a finely tuned Decision Tree classifier
for our classification needs.

The mathematical foundation of decision tree is that, given training vectors
r; €R", i =1,..,1 and a label vector y € R!, a decision tree recursively partitions
the feature space such that the samples with the same labels or similar target values
are clustered together.

Let the data at node m be represented by J,, with n,, samples. For each
candidate split o = (j,t,,) consisting of the feature j and threshold ¢,,, partition
the data into J'*/*(a) and J'"* () subsets [134]:

Tl (@) = {(z,y)|z; < tw},

F(@) = I\ Ja). 2

The quality of the candidate split of node m is then computed using an impurity
function or loss function H, the choice of which depends on the task being solved
(classification or regression)

nleft nright

G(Jp, ) = —H(J' ) +

Nm N

H(J'" ). (2.4)
Select the hyper parameters that minimize the cost
o = argmin,G(Jm, a), (2.5)

and act recursively for subsets J'/t(a*) and J9"(a*) until the maximum allowable
depth is reached, n,, < minsmpies O Ny, = 1.
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The adoption of a decision tree classifier is motivated by its capacity to train a
large number of largely uncorrelated models (trees) working as an ensemble of pre-
dictors more accurate than individual predictors, and it is a flexible, user-friendly
supervised learning method that, even without hyper-parameter modification, typ-
ically yields excellent results. In addition, our final objective is to develop the
machine learning model on Edge-ATI devices to do on-site soil carbon content detec-
tion.

2.6.2 Experiments
2.6.2.1 Experiments Setup

The sensing module consists of three major parts: the mm-wave transmitter
and receiver module (IMAGEVK-74), the Raspberry Pi 4B, and the visualization
interface shown in Figure[2.4, The sample is placed underneath the mm-waves radar
sensor with vertical gap less than 2 cm.

The soil was collected from almond tree fields and filtered to remove coarse-
grained substances such as stone. The biochar (we mentioned earlier shown in
Figure made from 100% of orchard removals, walnut shells, 100% yellow wood,
almond shells, pinewood. In the following experiments, the mixture ratio percentage
of soil and biochar was varied from 0% to 100%.

The sampling frequency of the mm-wave sensor is from 62 GHz to 69 GHz.
We sampled each sample 20 times for the purpose of reducing likelihood error.
We set up 150 sampling points during the frequency band we mentioned, and the
resolution bandwidth (RBW) is 100 KHz for reasonable sweep time and lower noise.
Our experiments utilize principal component analysis (PCA) to reduce the dataset
dimensions. To evaluate our system performance fairly, we introduced a confusion
matrix to calculate average classification accuracy. The 5-fold cross-validation is also
employed to adjust hyper-parameters and validate all models’ performance on our
soil carbon samples. The accuracy and confusion matrix are presented to evaluate
the classified objects’ performance.

2.6.3 Evaluation and Results
2.6.3.1 Different Soil Carbon Amount Recognition

The radar reflective signals can correlate the soil carbon content density, which
has been proven in [135]. The wavelength of mm-wavess is smaller than centimeter
waves, which means it can detect more fine-grained information than microwave. As
mentioned earlier, we select the carbon and soil ration from 0% to 100% including
the air, that make up a total of 7 classes. Then we sampled 20 times for each
class. Therefore, the total dataset contains 140 features, and each feature has 1024
sampling points (time domain features).
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Original Datasets of Different Amount of Soil Carbon
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Figure 2.15: Original datasets scatter plot with all classes. Different amount of soil
carbon.

The scatter plot of the raw data is shown in Figure 2.15] We observe with the
mm-waves is less sensitive to the different amounts of biochar mixed with soil. The
accuracy from the confusion matrix is 90.8%, as shown in Figure m a). Class
0%, air and 60% are sort of overlapped, which causes the relatively higher failure.
However, compared with microwave sensing, the classification accuracy is pretty

high [135].

2.6.3.2 Different Type of Soil Carbon Classification

In our study, we examined five distinct types of soil carbon (biochar), as de-
picted in Figure [2.16| The rationale behind this selection stems from the unique
microporous structures inherent to each biochar variant, which are believed to in-
fluence water retention capabilities and nutrient storage among other properties.
The scatter plot in Figure illustrates the variability among the biochar types.
When compared to Figure [2.15] it becomes evident that the data points for each
biochar class cluster more tightly within their respective categories than when com-
paring different amounts of soil carbon. This clustering suggests that the distinct
characteristics of each biochar type significantly enhance the classifier’s ability to
differentiate between them. Further validation of this observation is provided by
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the confusion matrix in Figure b), which reports an impressive classification
accuracy of 95.8%. This high level of accuracy underscores the effectiveness of distin-
guishing between biochar types based on their unique properties, thereby facilitating
more precise classification by the classifier.
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Figure 2.16: Five different types of biochar.
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Figure 2.17: Confusion matrix for all experiments.
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Figure 2.18: Original datasets scatter plot with all classes. Different types of carbon.

2.6.3.3 Soil Moisture Study Using mm-waves

Precision agriculture requires soil moisture monitoring, which has a consider-
able impact on crop evapotranspiration, water exchange, and energy fluxes. Nu-
merous remote sensing and proximate sensing techniques, such as thermal, optical,
and microwave measurements, can be used to measure soil moisture. Low spatial
resolution, limited surface penetration, and vegetation are nonetheless limiting con-
straints for the use of these techniques. By using a contactless method to sense
soil moisture, the work in [132] used a microwave sensor to sense the soil moisture.
However, there is no work to use an mm-waves sensor to sense the soil moisture
based on our best knowledge. We put different amounts of water on the soil until it
is saturated (Mos_100%).
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Original Datasets of Different Moisture of Soil
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Figure 2.19: Original datasets scatter plot with all classes. Different amounts of soil
moisture.

Figure [2.19 shows the sensing results in a scatter plot. As we all know, water
can both absorb mm-wavess and microwaves. On the other hand, soil and water
together can coagulate into large pieces, which is good for sensing their unique
features. The scatter plot also shows the sensed features are close to each other for
the same class. The accuracy of soil moisture is 95.7% as shown in Figure c).

2.6.3.4 The Soil Moisture Detection Under Carbon Efforts

As we mentioned earlier, combined with physical principles behind the mm-
waves sensing and biochar properties, we validated that the biochar can improve
the soil water retention capacity. The experiment shows that the same amount of
soil with 50 g of biochar can absorb up to 110% water (well saturated). Due to
biochar porous structures that can absorb soil and water, the reflectance signals are
pretty consistant and close to each other in the same scatter as shown in Figure [2.20]
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Original Datasets of Different Moisture by Adding Carbon
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Figure 2.20: Original dataset scatter plot with all classes. Different moisture levels
with the same soil carbon.

Furthermore, Figure d) shows that the classification accuracy for classifying
the different soil moisture with a fix amount of carbon is 97.5%. Overall, using mm-
waves to do soil carbon, moisture, and other related missions is pretty reliable.

2.7 Case Study III: A Field Study of Soil Biochar Treatment Response
Using Small Unmanned Aerial Systems (sUAS)

2.7.1 Introduction

Biochar is a solid material generated during the pyrolysis of biomass. Biochar
can be applied to soil to enhance soil functions and offset greenhouse gas emissions
caused by biomass that would otherwise decay naturally into GHG. The benefits of
biochar to soil fertility include the extraordinarily high binding affinity of nutrients
for biochar and other molecules (adsorption), and the biochar’s remarkable reten-
tion in the ground (stability) [135]. Additionally, sustained biochar application can
generate oil and gas byproducts that can be collected and used as fuel, resulting
in clean, renewable energy and soil improvement. This is one of the negative emis-
sions technologies (NETs) [136] that ensures that the final product becomes the real
meaning of “carbon negative”.

UAVs have been widely employed in agricultural applications as a novel remote
sensing platform, including crop yield estimation [137], irrigation management [138|
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139], and pest control [140,/141]. In comparison to satellites, UAVs may fly more
freely and often in the field. The UAVs fly at a lower height and capture pictures
of crops at a greater spatial resolution [142]. Additionally, UAVs reduce the cost of
data collecting compared with using other remote sensing methods such as satellite
sensing.

In addition, one of the objectives of our field study is to reveal the relationship of
affection between soil temperature and soil moisture with soil amendment (biochar).
This investigation requires ground truth data to map the temperature and moisture
in the temporal and spatial domain, respectively. The UAV with the benefits we
mentioned earlier is a great platform to implement our mission in the growing season.

Previous research on soil temperature and moisture has concentrated chiefly on
obtaining a soil sample and then analyzing it using an expensive analyzer [143] to
isolate the various components of soil [144]. Several researchers embedded portable
devices on soil fields and inserted sensors in the soil to detect [145]. Additionally, a
few studies employed remote sensing technology such as satellites and UAS [146,(147]
to assess soil conditions and carbon emissions (such as GHG). These prior attempts
are mainly relied on the expensive analyzer and limited to the environmental factor
(which means cannot operate their analyzer or collect valid samples due to rainy
day, human activities, etc [148]). Some works use UAV and NDVI to evaluate the
growth, especially soil moisture, evapotranspiration, and their minor element con-
tents [149-154]. However, these attempts didn’t explain which level of soil moisture
can be accurately predicted by NDVI, and also whether these image indexes can cor-
relate with soil temperature for further explaining carbon activities (such as GHG
emissions). Therefore, we designed our field study with three benefits (innovations):

e The UAV equipped with thermal and near-infrared (NIR) cameras helps us
monitor the soil amendment effects on large-scale soil in real-time.

e Compared with the different depths of VWC with NDVI to find the better
correlation.

e Introduced the VARI to build a relationship with soil temperature even if there
are disturbances (green plants) in between.

As a result, we target two challenges in this paper: 1) what’s the best sensing
mechanism for using NDVI and VARI to reflect different depths of soil water content
2) what’s the optimized fitting model of these indexes with soil temperature and
moisture. The contributions of this work are as follows:

1. To the best of our knowledge, this is the first study validating the optimized
depth of VWC correlated by the NDVI.

2. After adding biochar amendment, we revealed a solid correlation between veg-
etation index and soil temperature.
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3. We validated a field study in the winter growing season by conducting a series
of intense sUAS flight and ground truth data collection.

2.7.2 Materials and Methods
2.7.2.1 Study Field Site and UASs Remote Sensing Configuration

We established a field experiment at a wheat (winter) rotational cropping sys-
tem near the Philip Verwey Farm in Madera, CA (36.94° N, 120.378° W) in October
2021. The study site exhibits a Mediterranean climate with a mean annual tem-
perature of 18.2°C' and mean annual precipitation of 311mm. Summer is hot and
dry (e.g., July average temperature is 29.3°C' with an average precipitation of 0
mm) while winter is relatively cool and damp ( e.g., January average temperature
is 8.5°C' with a 56 mm monthly average precipitation).

Biochar used in the field trial was the Rogue biochar produced by Oregon
Biochar Solution (White City, OR, USA). The feedstock of biochar consisted of
approximately 85% Douglas fir and ponderosa pine wood waste mixture, 14-15%
almond and walnut tree pruning, and less than 1% of nutshells. Biochar particles
had diameters ranging from 3 mm to 1 cm. Manure compost and biochar manure co-
compost were prepared on-site at the Verwey farm during August - September 2021.
Briefly, the manure-only pile consisted of approximately 15.34t of fresh solid manure
and 1.32t of orchard clipping residues. The biochar co-compost pile consisted of
15.35t of fresh solid manure, 1.32t orchard clipping residues, and 1.0t of biochar.

Replicated treatment plots (2m x 12m with 2m buffer in between) were laid out
in a randomized block design (n = 4) at our study site (Figure [2.21a]). Treatments
were applied to plots (a total of 16 plots) one week before seeding. All plots were
seeded to winter wheat for the winter growing season on October 29th, 2021. The
four treatments employed in this field trial were: 1) Control with no additional
amendment; 2) Manure compost applied at 20 t/ha; 3) Biochar applied at 10 t/ha,
and 4) Biochar manure co-compost applied at 17.5t /ha. All treatments were applied
at equivalent C rates of 8 MgC/ha, see Figure [2.21b, Treatments were applied to
the surface soil and incorporated to approximate 15cm depth with a rake and tines
of a pitchfork. We also gently raked control plots to ensure consistency. A single
time of flood irrigation was adopted following the landowners’ common practices
on November 11th, 2021. Our study site received no fertilizer input during the
winter growing season, and the nutrient source for winter wheat was solely from the
decomposition of crop residues left from the previous growing season.
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Block 4

(a) Biochar plots locates at Verwey Farm

Control Compost

Biochar - Co-compost

(b) Four treatments of soil and their plants growth

Figure 2.21: (a) Replicated treatment plots (2 m x 12 m with a 2 m buffer) were laid out in
a randomized block design in four blocks. biochar (10 t/ha), compost (20 t/ha), and co-compost
(17.5 t/ha) were surface applied, and mixed. (b) Control, biochar, compost, and co-compost plots

in one replicated block.
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We employed a Hover quadcopterf] as our UAV platform. A Pixhawk flying
controller, GPS, and telemetry antenna were installed on the Hover. Additionally,
it is capable of flying over a biochar treatment field utilizing the waypoints setting
(designed by using Mission Planner software@. The Hover’s lithium battery has a
capacity of 9500 mAh, which is adequate for a 30-minute flight mission with the
Hover’s cameras mounted (this battery also powers the camera).

In this field study, multi-spectral images were collected by Survey 2 (MAPIR,
USA [ameras with 4 bands, blue, green, red (RGB), and near-infrared (NIR). The
MAPIR camera has a resolution of 4608 x 3456 pixels and a spatial resolution of
1.01 em/pixel. Besides, thermal images of the biochar treatment field were collected
using the ICI 9640 P-Series thermal camera (ICI, USA). The thermal camera has
a 640 x 480 pixel resolution. The precision was expected to be 1°C. The thermal
camera will verify whether the soil temperature can be different through different
treatments and plants. Furthermore, the flight height of the three cameras was
settled at 30m, 30m, and 40m, respectively. The overlap of Field of View (FOV)
was adjusted to 75% for all aircraft missions to ensure that the photos could be
stitched together during image pre-processing. From late October 2021 to early
February 2022, we did the flight mission biweekly on our biochar treatment field.
All cameras’ reflectance was calibrated before the flight by using a color panel.

2.7.2.2 Geospatial Interpolation with Kriging

In geostatistics, one of the common problems encountered is to spatially in-
terpret and estimate a set of unknown data locations, z(sg), from a set of sparse
observations, z(s;), at locations sy and s;, respectively. These N sparse sampling
points are taken inside a domain Q € R? to find a set of weights, \;, to estimate the
value at the unknown locations,

2(so) = Z Xiz(s;). (2.6)

For ordinary Kriging [155], a semivariogram is used to represent the spatial vari-
ability. For a given spatial distance between observations, h, the point support
semivariogram is written as,

=

1 (h)

N i (2(s;) — z(s; + h))?, (2.7)

=

=
Il

g

1

Shttps://www.foxtechfpv.com/foxtech-hover-1-quadcopter.html
Shttps://ardupilot.org/planner/

"https://www.mapir.camera/collections/survey?2
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such that N(h) is the number of observations with distance h. Using this experi-
mental semivariogram data a semivariogram model is typically fit using one of
the several common functions (circular, spherical, exponential, Gaussian, or linear).
Finally, given the semivariogram model, the kriging weights can be determined by
solving the linear system,

N
> A C(si = s5) + pl(se) = C(s; — s9), for i =1,2,..N, (2.8)
j=1

where C/(+) represents the point support covariance matrix. This covariance matrix
has an important relationship to the semivariogram, such that, v(h) = C(0) — C(h)
[155]. The estimation error variance is shown to be 02 = Var(z(sy) — 2(so)), which
for ordinary kriging, is minimized to make the estimated values Z(sq) optimal. In
order for the estimator to be unbiased (e.g. E[Z(so)] = E[2(s0)]), kriging requires
SV, A = 1 and the spatial mean to be stationary E[z(s)] = u, Vs € Q.

In this work we utilize kriging with the ground truth temperature measurements
to compare with TIR imagery and ice water calibration. The workflow is illustrated
in Fig. 2.22

Experimental Semivariogram Fit -
- - - . - —

100 200 300 400 500 600
lag distance h
Cropped TIR vs ground truth kriging

TIR pixels
best fitline

******* calibration line

0 500 1000 1500 2000 0 5 10 15

Figure 2.22: The TIR imagery is cropped in this diagram to enclose only the biochar plots.
The geolocations of the ground truth measurements are identified and used to fit an experimental
exponential semivariogram with a lag of 700 pixels. The resulting semivariogram is used to krige the
ground truth measurements to match the TIR imagery size. Lastly, the pixel-by-pixel correlation
plot between the cropped TIR image and ground truth kriging is constructed with the best-fit line.
This best-fit line’s y-intercept is then corrected using the pixel intensity and a known temperature
ice bath.
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2.7.2.3 Statistical Analysis

We decided to use the VARI and NDVI to verify whether these two indexes
can indicate the soil temperature and its moisture at different treatments based on
multiple-spectral images collected. The default equations to generate these indexes

are given by (2.9)) and (2.10]), respectively.

Green — Red
VARI = , (2.9)
Green + Red — Blue

NDVI = ———— (2.10)

The VARI method is a vegetation index that enables a quantitative estimate of veg-
etation proportions using only visible light. In other words, this index highlights the
green vegetation on the ground to make the soil, rocks, and plants clearly distinguish-
able. The NDVI method is a standardized index that permits the construction of a
visual representation of the degree of greenness in a given area (relative biomass).
This index uses the contrast between chlorophyll pigment absorptions in the red
band and the high reflectivity of plant components in the near-infrared region of a
multispectral dataset. This index returns values in the range of [-1.0, 1.0] [156].

To illustrate the variety of different treatments, we plot all the data and use a
linear regression model to seek the relationship between the index, soil temperature,
and VWC at different depths of soil. The R? and standard deviation (STD) can be
used to evaluate the strength of the relationship between soil temperature, VWC
and image indexes.

2.7.3 Experiments and Results

We scheduled our flight missions bi-weekly during the winter growing season.
Every time we captured RGB, NIR, and thermal information from the ground, the
ground truth data such as soil temperature and VWC would also be collected by
thermometer and soil suction lysimeter f| The scatter would be first to plot to
observe the potential trends relationship between these information. We extracted
two points (Kriging, see details in Section of VARI and NDVI values from
our total plots individually. Please see details in the following sections.

2.7.3.1 Correlation Analysis of The VARI and NDVI Indexes Versus
Temperature

In general, the soil temperature in November is higher than in January. The

temperature in the central valley of California was still suffering from the dry season,

and the farmers had just seeded the wheat in the early part of November, which

8https ://www.hannainst.com/suction-lysimeter-for-root-level-soil-monitoring.html
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meant the soil was exposed to sunlight, and there were no green plants on the ground.
From Figure , we can see that the average R? is the maximum (R* = 0.5), and
its dispersion is the minimum (S7'D = 0.19), which indicates the VARI index has
the potential ability to predict the soil temperature within biochar amendment.

The NDVI has a weaker indicating ability than VARI for the soil temperature.
However, the plots of adding biochar amendment still have the most significant
difference in R? and STD, which also verified that NDVI has the remarkable ability
to predict the temperature better than the other treatment blocks.

Overall, the VARI and NDVI can both reveal the soil temperature. Biochar
as an amendment would help quantify the soil temperature and VWC based on
UAV sensing. The average enhanced R? of VARI from biochar treatment is 46.77%,
compared with control, manure, and mixture treatments. Relative to the mixture
treatment, the NDVI from biochar treatment enhanced the R? was 52.94%.

VARI Vs Temperature Linear Fitting
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Figure 2.23: VARI vs. temperature. The z-axis indicates the VARI and NDVI values and the
y-axis indicates the ground truth of soil temperature, The dark, red, blue, and green lines are
represent control, biochar, manure, and mixture treatments, respectively.

49



NDVI Vs Temperature Linear Fitting
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Figure 2.24: NDVI vs. temperature. The z-axis indicates the VARI and NDVI values and the
y-axis indicates the ground truth of soil temperature, The dark, red, blue, and green lines represent
by control, biochar, manure, and mixture treatments, respectively.

2.7.3.2 Correlation Analysis of The NDVI Index Versus Different
Depths of VWC

As we know, biochar has strong water retention ability [135]. However, quanti-

fying the biochar water retention ability on a large scale is still a challenge. Fortu-

nately, the soil moisture can be indicated by the health and growth of the biomass

(NDVI). Therefore, we compared different depths of VWC with NDVT values, see

Figures [2.25], [2.26] and [2.27]
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Figure 2.25: VWC at 4cm. The z-axis the NDVI value, and the y-axis is the VWC
(range from 0 to 2. VWC > 1 means water is greater than soil in the same unit,
the same unit of y-axis for the rest of the VWC figures.
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Figure 2.26: VWC at 7.5cm. The z-axis is the NDVI value, and the y-axis is the
VWC.
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Figure 2.27: VWC at 15cm. The z-axis is the NDVI value, and the y-axis is the
VWC.

In Figure 2.28D] the correlation of NDVI and VWC at 7.5 c¢m is the most
significant. Even if the control treatment has the maximum difference in STD and
averages IR?, the biochar treatment has the minimum STD and is not too low in R2.
We believe the most reliable method is essential to improve the quantifying accuracy
by using NDVI. In Figure and Figure [2.26 the average VWC from biochar
treatments is higher than the other treatment plots, which verifies that biochar
could enhance water conservation and crop productivity. As seen in Figure [2.27]
there is barely any relationship in these different treatments where VWC is at 15cm.

2.7.4 Discussion and Challenges

At Nov 17th, we can see the fitting lines of treatments are pretty short (Fig-
ure . Based on our literature review, biochar can reflect the near-infrared
wave [157], this mechanism may affect the reflectance of biochar and natural green
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plants. However, how it affects the reflectance of the biochar, mixture, and green
plants needs more exploration in the future.

In November, the VWC is much higher than the rest of the month because
farmers did flood irrigation once on the whole field. Although wheat growth is
related to soil water content, correlation directions are different where VWC is at 4
cm and 7.5 cm. All biochar treatments have a positive correlation with VWC at 4
cm. However, the correlations of VWC at 7.5c¢m are various. This would also need
to be further explored.
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Figure 2.28: a) The R? and STD for the VARI and NDVI versus soil temperature. b) The R?
and STD of NDVI versus three different depths of the VWC.
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In the future, we will provide further statistical analysis for our proposed re-
gression model. We would plan to train the comprehensive model as well to fit
these indexes with soil temperature and moisture so that we can use these indexes
to explain soil carbon activities, such as methane and CO, emissions. We believe
an effective method of quantifying carbon emissions still needs to be explored.

2.8 Case Study IV: Smart Bi-eBikes (SBB) - A Low Cost UGV Solution
for Precision Agriculture Applications

2.8.1 Introduction

Crop pest management has vast economic consequences vital to agriculture,
natural lands, and even public health. In this work, we contribute a new low-cost
UGV solution to solve this precision agriculture problem. This UGV is made of two
electric bikes (bi-eBike) that are commercially off the shelves (COTS) and driven by
a ROS (robotics operational system) compatible UGV. Our bi-eBike system offers a
mobile platform that can be used as a mobile sensing service with multiple sensors
such as multispectral cameras, microwave scanners, etc., as well as a mobile actu-
ation/application service with actuators such as UV-C light insecticide, beneficial
bugs, growth stimulant spreaders or sprayers, etc. By mapping and imaging plants
in the field, farmers can treat individual plants instead of troubleshooting the en-
tire field, reducing both their costs and negative environmental impact. This smart
bi-eBike system can be supplemented with solar panels (photovoltaic) and a UAV
landing/charging pad. Thus, one can expect that the SBB can have a long opera-
tional duration (10 hours or more) and large coverage of acreages where UAVs are
used for variability mapping for site-specific treatment. This section describes the
system level concept, subsystem designs and integration, vehicle control electronics,
autonomous navigation architecture, and some preliminary experimental results.

Previous pest management work has included biological control, artificial con-
trol, and organic control. Biological control involves using naturally occurring par-
asitic wasps and other spiders that prey upon Lygus’ eggs and larvae. However,
removing Lygus bugs in this manner is time-consuming and rarely achieves accept-
able economic results. Artificial control is done by removing weeds from areas where
strawberry fields, ditches, and field borders meet?] This stops Lygus from laying
eggs in the weeds. Organic control utilizes non-chemical methods such as bug vacu-
ums [158,/159] to remove the lygus bugs. However, these methods have many disad-
vantages, and overall are inefficient at controlling insect populations. Bug vacuum
machines are too expensive (approximately $200,000), and are rarely economically
viable for farmers. Thus, removing pests in a manner that maximizes strawberry
yields with a low-cost solution is an important question. Although there are other
similar products that use UGV for pest control management in the field [160], they

Yhttps://www2.ipm.ucanr.edu/agriculture/strawberry/Integrated-Weed-Management/
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are expensive or otherwise in the lab stage, which means they cannot scale up as nec-
essary. Therefore, controlling pests that cause low strawberry yields with a low-cost
solution is an essential challenge.

Ultraviolet (UV-C) irradiation has been shown in numerous studies to kill bugs
and microorganisms. The UV-C light can deteriorate the pests’ DNA with sufficient
illumination, and the pests won’t be able to repair their DNA if they are kept from
direct sunlight for a period (dark period) greater than four hours [161]. Adjusting il-
lumination time and frequency per week would significantly reduce the pests without
impacting the overall health of the crop. Here, we present a low-cost solution using
two mountain bikes converted to electrical bi-bikes. A fitted chassis turns them into
a UGV mobile platform. By mounting UV-C light tubes and cameras, we enrich
our SBB system’s potential applications. Solar panels and UAV landing/charging
pads would be future procedures to enhance the sensing and actuating coverage of
the field.

The contributions of this work are as follows:

e We present a low-cost solution platformed on smart bi-eBikes for pest man-
agement (UV-C light) in large-scale fields.

e We perform a cost analysis to prove the cost efficacy of the SBB system in a
commercial setting and demonstrate its value for the agricultural industry.

e We discuss the potential applications of mounting different sensors and actu-
ators that make our SBB system scalable and robust.

2.8.2 The UGV Architecture

The UGV platform is made up of two electric bikes (bi-eBike) COTS driven
by a ROS-compatible UGV. The bikes themselves are converted to electrical bikes
from general bikes (COTS one). The total motor torque, power for max payload,
and many other details are described in Section [2.8.2.1] Since we have two eBikes, a
comprehensive chassis design is essential for eBikes to run smoothly and enhance the
maximum pest management performance described in Section 2.8.2.2] Finally, the
most important component is the eBike brain, which consists of a ROS-compatible
platform on which the motor controller, eBike movement, and navigation system

are implemented (Section [2.8.2.3)).

2.8.2.1 Fundamentals of Bikes

To consider the off-road ability of our system, we decided to choose the moun-
tain bike as our basis. It has a lightweight aluminum frame and a suspension fork to
smooth out rough roads and trails. Alloy wheels with knobby tires for improved grip

off-road. The original height is 40 inches, and the wheels are 26 inches in diameter,
making them suitable for crop height (See Figure [2.29al).
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(a) General mountain bike (b) Electrical motor kit with battery

Figure 2.29: a) The general mountain bike with 26 inches tires,b) The electrical
motor kit with battery, display, and controller.

An electrical motor kit for 26-inch bicycles is shown in Figure The thumb
throttle controls acceleration by adjusting the duty cycle for the PWM wave. The
nominal voltage and power are 48 V and 500 W, respectively, and the torque of the
motor is 65 Nm. Therefore, based on these parameters, assuming ideal conditions,
we can estimate the max payload of SBB as follows:

T=Fr, (2.11)

f=uMg=F, (2.12)

where total torque should be 130 Nm (we have two motors as front wheel drive),
radius r is 13 inches, g is 9.8 m/s?>. The maximum payload means that, after the
bikes achieve the desired speed, the motor force equals friction, given rolling friction
coefficient p = 0.0§™] we have

M = - ~502.47 Kg ~ 1107.76 1bs. (2.13)

Hrg
Thus, our basic fundamental eBike framework has been established and the maxi-
mum payload is 1107.76 1bs, which would be optimal for accommodating a host of
periphery such as crop-dusters [162], liquid sprayers, liquid tankers, generators, and

so on. After that, we will aim to build a chassis to connect two bikes to form our
UGV platform.

Ohttps://www.school-for-champions.com/science/friction rolling coefficient.html
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2.8.2.2 Chassis Design

A successful chassis design serves to provide a configurable, robust platform
that optimizes for strength and cost. The proposed solution seeks to integrate the
preexisting platform afforded by the use of the predefined elements (bicycles in par-
allel) and retain the functionality of a traditional chassis. A primary constraint
guiding the design of the project is the emphasis placed on the use of prefabricated
components. Rather than engineering an entirely novel approach, a straightfor-
ward solution comprised of readily available materials, open-source software, and
an emphasis on affordability relative to existing solutions is the chief pursuit.

The final prototype utilizes a collection of prefabricated one-inch rails, fittings,
and fasteners that together provide a rigid, relatively strong, and entirely modifiable
frame that suitably joins the two bicycles together. Three points of contact are
made at separate regions on the bike frame. The first six foot member, labeled 1
in Figure [2.30h, runs between the stems of each bicycle, replacing the fitted slot
normally occupied by the handle bars. On each bicycle frame, a rubber-cushioned
U-bolt with a top plate is fixed to the top tube. At both terminating ends of the
U-bolt, rubber cushioned clamping mounts are fixed. The assembly is visible in

Figure 2.30pb.

27



Figure 2.30: (a) A CAD model of the finalized chassis prototype, (b) The assembly
connecting a spanning rail to the top tube of the bicycle, (¢) Adjustable screws
controlling the tensions at each terminal of the T-joint, (d) A minimal superposition
of chassis geometry with component numbers as in (a), (e) Chassis is equipped on
our smart Bi-eBikes.

A second six-foot rail travels the distance parallel to the first spanning member,
inserted through the four clamp mounts of each U-bolt, labeled 2 in Figure [2.30h.
The first and second rails are fixed together using a shorter member with through-
hole T-joints on each end, the angled members running between points 1 and 2.
The seat posts are replaced with a shorter rail with a T-joint on its terminating
end, the rails being perpendicular to those as labeled 3 in Figure [2.30h. The final
six-foot member spans the distance between the seat tubes of each frame, inserted
into each T-joint provided by the replaced seat posts. In bicycles with through-hole
seat tubes, as used in the project, a second T joint can be placed on the lower end
of the member, replacing the seat post. An added six foot member can be placed
through this last set of T-joints for increased stability. A rail traveling the length
of the top tube connects the rail joining the seat posts and the rail attached top
tube, the members spanning the transverse between points 2 and 3 in Figure [2.30a.
Each T-joint used features three screws at each through-hole terminal, visible in
Figure[2.30c. The correspondence of the chassis prototype to real hardware is shown
in Figure [2.30d.

We also considered that using versatile fasteners allows for increased modularity
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where each member can be swapped for longer or shorter components, and the span
between bicycles can be modified as desired. These adjustable chassis dimension
mean the vehicle can be manually adjusted to suit its environment. It is important
to note that the stem and seat tube clearances are constraints for the design. Both
dimensions were designed by the manufacturer for one inch diameter components.
Finally, as shown in Figure [2.30f, we can see how the chassis is attached to the
bi-eBikes.

2.8.2.3 SBB Smart Brain

With a suitable chassis and means of locomotion, a control center is needed to
allow for the UGV’s primary capabilities. These functions are carried out through
the use of computer vision and machine learning techniques on the edge, otherwise
known as edge-Al device, by utilizing an on-board computer (e.g., Raspberry PiED
using RO@ to drive the UGV kinetic movement [163,/164], visual signal processing,
and pest management [165], such as controlling UV-C light presenting time. How-
ever, as building a control center as mentioned above from scratch is expensive, we
decided to use an affordable ROS-ready robot to control our SBB ROS-ready, which
is also referred to as a robot-driven robot. By hacking into this affordable robot
and using the existing motor control logic to control the motor of our SBB, we can

continue working on the navigation guidance on the robot’s brain (Raspberry Pi).
See Figure for this affordable robot (less than $250) we chose.

Uhttps://www.raspberrypi.com/products/raspberry-pi-4-model-b/

P2https://www.ros.org/
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Figure 2.31: a) The STM32 board of motor controller and its extendable platform
for related sensors, b) Switches and reserved holes.
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The motor control board is equipped with the STM32F405RGT6 chipslﬂ This
STM32 can communicate with the Raspberry Pi through USB and provide 5V/5A
for an external GPU such as the Jetson nano. This robot is open-source and can
be programmed as needed to control the SBB. With this SBB “brain”, we can im-
plement various behaviors, such as real-time obstacle avoidance, autonomous navi-
gation, etc., with reduced effort.

2.8.3 Navigation Guidance from Image Segmentation

Our first mission is to train our SBB to recognize the road and strawberry fields.
Then we can let our SBB move towards the correct path without colliding with any
plants. Thus, image segmentation would be our first choice when it comes to visual
processing. Image segmentation is a computer vision concept that labels certain
sections of an image based on what is being presented. The purpose of semantic
image segmentation is to assign a class to each pixel in a picture that represents
what is being represented. This assignment is known as “dense prediction” because
every pixel in the image is predicted.

Jetson TXQEl is used to implement an image segmentation algorithm to achieve
the cognitive process in real time. Figure depicts the findings of a field road
detecting experiment. The Jetson TX2 is a very powerful and energy-efficient em-
bedded AI computer device. It’s also based on an NVIDIA GPU with 8GB of RAM
and 59.7 GB/s of memory bandwidth, allowing the SBB to react more quickly in
real-time pest monitoring. If an object unexpectedly enters the SBB path, a cut-off
command would be implemented immediately that can prevent danger to employees
Or Crops.

Figure 2.32: Field road recognition, green color indicates true positive, red indicates
false positive, and purple represents false negative.

Bhttps://www.digikey.com/en/products/detail/stmicroelectronics/STM32F405RGT6TR /4755958

Yhttps://developer.nvidia.com/embedded/jetson-tx2
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Furthermore, researchers can use SBB, which contains an artificial intelligence
platform, to undertake proximal sensing and mapping missions without any need
for human involvement. This would allow the SBB versatility in many other sce-
narios. One of the most essential factors is real-time vision processing facilitated
by cognition algorithms. The SBB movement behaviors are typically divided into
three steps: stimulus perception, judgment, and decision making, and stimulus per-
formance . Applying cognitive algorithms creates a more comprehensive grasp
of the scene based on objects and their spatial relationships. Using cognitive algo-
rithms can even distinguish individual objects in the surroundings.

Figure 2.33: Mission Planner windows and path planning implementation.

Because the visual road sensing method based on image segmentation has
been applied on the SBB, path planning or simultaneous localization and map-
ping (SLAM) on our SBB is possible. For our mission, we decided to use Mission
Planneﬂ to set up survey grid waypoints that allow for autonomous driving to
navigate the entire field. Because this method is relatively simple, it will enable our
potential users to use it without extensive training (See Figure . The SLAM
and other path planning can be applied to the SBB in the future for the related
algorithm verification study:.

2.8.4 Pest Management Network

The traditional methods of pest control management often involve applying
chemicals to kill or mitigate the pests. However, these chemicals could have resid-
ual effects on crops and potentially impact human health. Therefore, using non-
chemical techniques to mitigate the pests has been pursued. In several strawberry
production techniques, UV-C irradiation has been employed to destroy microorgan-
isms . The UV-C light can kill the pests and prevent damage to crop .
In a greenhouse strawberry system, researchers demonstrated the UV-C’s po-
tential in mitigating powdery mildew fungus and other fungal diseases. In [16§],

https://ardupilot.org/planner/
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researchers demonstrated that UV-B radiation promoted resistance induction in
strawberry plants against fungal infections. However, the damage inflicted upon
plants at the scale needed to kill or reduce disease populations, and the use of UV-B
technology in strawberry farming has been very limited.

When irradiated at night followed by a dark phase |169], the UV-C light has
sufficient power to kill lygus [170], B. Cinerea, and P. Aphanis [161,/171] without
harming the strawberry plant. Additionally, UV-C irradiation has also been demon-
strated to promote plant growth and development [172], and low irradiation intensity
of UV-C light will improve the productivity of the fruit [173]. Thus, we select UV-C
light as our pest control management actuator since the literature shows UV-C light
can mitigate the pests during the night with sufficient irradiation intensity and time,
without damaging the plants.

Extensive research has addressed the optimal UV-C illumination intensity and
exposure time on crops [174]. In our pest management section, we consider the
UV-C light tubes as actuators, which dictates how many UV-C light tubes need
to be placed and where they should be placed so that the irradiation effects can
be maximized. Research shows an optimal configuration of 55-watt UV-C lights,
located above the plants (30 cm away from the UV-C light). In this case, the UV-
C light irradiation intensity is 0.206 W/m?, and in 60 s illumination corresponds
to 12 J/m? [175]. To achieve the cover of the large-scale field during the night
(after applying UV-C light, the crops must be subject to a 4-hour dark period [161]
during which the bugs cannot sufficiently recover [175] as soon as possible). Two
UV-C lights would be mounted at 55 watts each under chassis 2 and 3 members,
respectively (Figure . The exterior of the SBB will utilize a reflective panel
to increase the overall irradiation and cover the undersides of leaves: maximizing
performance (no more than 50 J/m? and twice a week [175]). The exposure will
have a negligible effect on the nutritional value of the crops [176]. The UV-C light
performance evaluation will be implemented in the future.

2.8.5 Discussion and Challenges

The objective here is to explore the economic viability of using commercialized
products to provide a low-cost solution for pest management. See Table of each
part price in detail. Compared with the existing solutions, such as bug vacuum
machines ($200,00@, and other personal customized solutions, we are competitive
in cost-effectiveness and save lots of low-level motor control work, especially bus
control, relative to other products. Potential customers, such as related agriculture
research institutions and farmers, may be eager to pursue a solution amounting
to only $2,000 will mitigate the bugs and crop diseases without the purchase of
chemicals.

https://organicgrower.info/article/california-betters-its-bug-vacuums-for-lygus/
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Item Price Unit
Mountain Bike $155 2

Motors Combo with Battery — $379.9 2

Chassis Members Combo $649.49 1

lingao UGV robot $235 1

Raspberry Pi Camera $40 1

Raspberry Pi 4B $45 1
Total $2039.29

Table 2.4: SBB system each component’s price in detail.

We currently use differential steering [177] to control the SBB direction. How-
ever, most scenarios for our SBB prove to be rough and uneven, which may cause
rollover and failure to steer at sharp corners [178]. To make our SBB turn more
efficiently, we will explore angular steering instead of differential steering. Angular
steering needs to use an extra electric motor to control the steering, which reduces
the force applied to chassis connectors. Although this procedure would increase the
cost (extra motor and connectors), it would also increase the system’s robustness,
especially when we are trying to transport a heavy load.

Because we are using machine learning algorithms to process the navigation
strategy in real-time, an important issue is that we need to build a specific image
dataset of the strawberry field and perform the benchmark that labels the road.
This will be a tedious work to do in the future, and we need to seek cooperation
with the industry to do the autonomous collection of images for preparing datasets.

Further areas of interest would be integrating other functional groups into the
control system: solar panels and a UAV landing/charging pad [179]. The can greatly
increase the operational duration and have coverage of large areas where drones
could be employed for variability mapping for site-specific management.

2.9 Chapter Summary

In this chapter, we addressed the XAloT data acquisition platform, such as
microwave and millimeter radar array sensors, UAV and UGV, etc. We also demon-
strated the possibility of identifying different biochars with their raw materials, usage
amount, and water retention capacity. Our classifier based on our feature extrac-
tion achieves 74.0% identification accuracy when identifying the biochar amount of
applying it into the soil. The water retention capacity also is validated that biochar
can almost double the water retention ability than plain soil. Our final goal is
to improve the simplicity and accuracy of biochar application, and soil condition
monitoring in real time of such sensing systems in the large-scale field.

In addition, we demonstrated the ability to identify different amounts of soil
carbon with their origin, usage, soil moisture, and soil moisture under the effects of
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carbon application using mm Waves. The machine learning classifier we used is a
lightweight decision tree that achieves an accuracy of up to 97.5% for soil moisture
with carbon application. The millimeter wave has been verified to distinguish soil
carbon, soil moisture, water retention ability, and soil carbon content sensing. In
the future, we plan to use the mm-waves sensor in UAVs and UGVs to make such
sensing systems easier to use and more accurate for biochar application and soil
condition monitoring in large-scale field.

In case study III, we validated a field study in which UAVs were used to check
on the soil for a whole growing season after biochar was added as a soil amendment.
The relationship revealed between soil temperature and volume of water content
can be described by linear regression models. After applying different treatments,
we illustrated that the soil temperature and VWC can still be correlated by the
VARI and NDVI indexes. Biochar as a soil amendment would enhance the sensing
accuracy of those two indexes mentioned, and the correlation using VARI is about
46.77% higher than the non-treatment plots, and the NDVT index is 52.94% higher
than the other treatments. The NDVI shows good prediction results where VWC
will be measured at 7.5 cm depth. All in all, our results show that image index
analysis has the potential to become a fast way to measure the condition of soil
when adding biochar.

For case study IV, we present a low-cost UGV solution for precision agriculture
applications, specifically for pest management. We first retrofitted two mountain
bikes into bi-eBikes, equipped with a controller as the center of the edge-AI ROS-
ready device. The overall bi-eBikes system is capable of carrying a heavy payload
of up to 1107.76 lbs. These properties would enable the SBB system with rich
possibilities in agriculture applications, and allow for a host of industrial tasks in
precision agriculture. Economic analysis shows that using COTS would reduce
hardware and software solution costs significantly. Future work will extend the
system’s functionalities and applications, enhancing its contribution to precision
agriculture.
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Chapter 3

NON-INTRUSIVE SOIL CARBON CONTENT
QUANTIFICATION METHODS USING MACHINE
LEARNING ALGORITHMS: A COMPARISON OF
MICROWAVE AND MILLIMETER WAVE RADAR

SENSORS

3.1 Introduction

Carbon in the soil plays a crucial role in ecosystems by retaining and deliver-
ing plant nutrients, improving soil structure, reducing erosion, and enhancing water
retention capacity. Generally speaking, the soil is regarded as a carbon-rich sink.
Unfortunately, poor management, vegetation shifts, and climatic changes have led
to a decline in soil carbon reserves worldwide. The vast worldwide area of depleted
soil carbon reserves has focused on the management of these ecosystems by carbon
sequestration as a method of mitigating climate change. Many agricultural prac-
tices, including conservation tillage and cropping, have been studied to assess their
effectiveness in promoting soil carbon sequestration. However, assessing the effect
of soil carbon, particularly the widely used biochar application [127], on carbon se-
questration in a large-scale field remains a difficult, time-consuming, labor-intensive,
and expensive task.

Biochar is a solid material that results from the pyrolysis of biomass. When
applied to soil, it can improve soil functions and help to reduce GHG emissions
that would otherwise occur from the natural decomposition of biomass. The goal of
producing biochar is to create fine-grained and highly porous charcoal that aids in
the retention of nutrients and water in the soil. Biochar is a stable, solid, carbon-
rich substance that can persist in soil for thousands of years. By using biochar
as soil amendment, it is possible to create a “carbon-negative” system. The soil
fertility benefits of biochar include its exceptional ability to adsorb nutrients and
other molecules, as well as its extraordinary stability in soil. In addition, sustainable
methods of producing biochar can result in the production of oil and gas byproducts
that can be used as clean, renewable energy. However, to achieve a carbon-negative
system, it is essential to carefully measure and quantify the amount and type of
biochar used, along with other monitoring and measurement methods related to soil
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carbon. Therefore, a cost-effective quantification method is necessary for fighting
these challenges.

Previous studies on measuring soil carbon and related components have mainly
focused on collecting soil samples and using expensive analyzers [143], costing mil-
lions of dollars, to determine the various components of the soil [144]. Some re-
searchers have used portable devices that can be placed directly in soil fields or
embedded sensors in the soil for detection [145]. Additionally, a few studies have
utilized remote sensing technologies, such as satellites |[180], UAS [146,/147|, and
UGVs |181], to map soil conditions and soil carbon emissions |182], including GHG
emissions. However, some prior attempts have used contactless methods [182], such
as microwaves, to detect polymer composites and compare electrical characteristics
based on biochar. These methods are not related to agriculture and are not rele-
vant to our mission. These previous attempts have primarily relied on expensive
analyzers and are limited by environmental factors, such as soil moisture level, soil
temperature, wind, etc., making it difficult to operate or collect valid samples dur-
ing rainy days, human activities, etc. [148]). Additionally, collecting soil samples
requires persistent sampling, which can be labor-intensive and challenging to scale
up on a large-scale field. Therefore, we have presented a microwave and a millimeter
wave-based soil carbon content sensing system and the following benefits:

e Compared with the traditional method of sensing soil carbon or biochar, the
non-intrusive method is less labor-intensive.

e Compared with the traditional method and microwave of sensing soil carbon
content, the millimeter wave radar sensing method is less labor-intensive and
more accurate.

e A portable mobile device can be easily equipped on an autonomous drone
or vehicle to detect soil on a large scale in a cost-effective manner, without
negatively impacting the soil.

As a result, two challenges are addressed: 1) how to perform the feature ex-
traction of soil carbon content amount and different types of soil carbon from mi-
crowave and millimeter wave reflection signals, and 2) how to leverage these unique
microwave and millimeter wave signal features to infer soil conditions. Our system
employs microwave/millimeter-wave transmitters and receivers, integrated with a
microprocessor, to sense and classify characteristics of biochar including material
usage quantities, and water retention capacity. The contributions of this work are
delineated as follows:

1. To the best of our knowledge, this is the first time to demonstrate that mi-
crowave/millimeter wave signals being reflected by soil biochar mixture can
be used to identify soil carbon content and its footprints.
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2. We revealed a potential relationship between features from microwave /millime-
ter wave reflection and soil carbon content usage based on physical principles.

3. We validated our system by conducting real-world experiments and using ma-
chine learning algorithms.

3.2 Related Work

Almost all measurement methods for SOC and GHG emissions involve collecting
samples from the soil at selected sampling positions. After air-drying, grinding,
and weighing samples [183], the researchers usually put these samples into element
analyzers. The process is usually considered costly and labor-intensive. Moreover,
some researchers also use portable devices to detect carbon-based gases such as
methane, CO,, and other GHGs that are leaking from soil [184]. This manuscript is
mainly focused on soil organic carbon contactless sensing. The related work of soil
carbon content sensing can be categorized into two areas: 1) remote sensing of soil
carbon content, 2) proximal sensing of soil carbon content. In the following review,
we mainly explore the existing approaches and the remaining research gap for soil
carbon content sensing mechanisms and sensing configurations.

3.2.1 Remote Sensing of Soil Carbon Content

Remote sensing techniques for SOC content mainly use spectral sensors to esti-
mate SOC, and methods difference based on sensing temporal, spatial, and spectral
resolution. Based on the spectral sensor mounting platforms, we can simplify and
categorize them into spaceborne, airborne, and UAVs [61].

The spaceborne usually uses satellites equipped with multispectral or hyper-
spectral [185] to map soil properties. Several studies use regression models to an-
alyze spectral data acquired from satellites. For example, Gomez et al. [60] used
data from the Hyperion sensor on board the EO-1 satellite (400-2500 nm) and com-
pared the predictions of SOC to in-situ VNIR-SWIR measurements. The algorithm
usually contains partial least squares regression (PLSR) [60], ANNSK [186], auto-
PLSR [79], PLSR/RF [74], PLSR [73], SVM [77] for estimation and classification
of the SOC. However, there are still limitations to the spaceborne measurement of
SOC due to temperature, air pressure, spectral calibration, and the height of the
crop. Moreover, the satellite is expensive [187].

The airborne sensors for sensing SOC are more flexible than satellites, and
sensing results aren’t highly affected by clouds, air pressure disturbances, and so
on for the spectral sensors [188]. Using airborne sensors to sense SOC has first
been verified by Stevens et al. [81] that equipped spectral range of 430-2540 nm
over large soil areas (around 420 km?) of various soil types. The spectral data
acquisition from airborne still needs sensing calibration due to large pixels and
sensing stability and sensitivity [188]. Furthermore, it is easier and better to sense
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SOC on bare soil, but it is difficult to find large-scale bare soil. Thus, several studies
estimated the SOC by using several vegetation indexes such as NDVT [108] and other
plant-based model [89]. Moreover, since this is still spectral data, the algorithm
for spaceborne used to estimate the SOC can also be applied to airborne. The
advantages of using airborne sensing methods are mainly on rapid time windows, the
ability to select optimal sensing conditions such as temperature and moisture, and
the comprehensive payload options for multiple spectral sensors and other sensors
for sensor fusion that are benefits for sensing SOC further.

The UAVs have been becoming more and more popular in precision agriculture
in recent years [108,/189-191]. The UAVs are small compared with aircraft, they
have less revisit sensing time and high spectral resolution due to their adjustable
flight altitude, which is more flexible than satellites and aircraft. The most recent
studies [192-194] used UAVs to estimate SOC under different scenarios. Beltran-
Marcos et al. |[192] highlights the benefits of combing satellite and UAV images to
produce spatially and spectrally enhanced images, which are relevant for estimating
the main impacts on SOC in burned forest areas. Biney et al. [193] demonstrated
that SOC can be estimated with high accuracy in completely bare soil UAV imagery
with other auxiliary data, and Nési et al. [194] evaluated the relationship between
drone image data, field, and soil quality indicators.

Overall, remote sensing for estimating SOC has several advantages, including
no negative impact on the soil. Furthermore, it can scan large-scale fields in an
efficient way and gather soil properties in those difficult-to-reach areas. Nevertheless,
remote sensing has a low signal-to-noise ratio [195], low spectral resolution [60], and
is affected by atmospheric and topography disturbance [196]. Moreover, remote
sensing is also highly affected by soil moisture, crops, soil structure, etc. [197] which
needs further improvements in estimating SOC.

3.2.2 Proximal Sensing of Soil Carbon Content

Proximal soil sensing is defined as the use of field-based sensors that are in
close proximity to the ground, or plants, such as on a harvester, or ground-based
sensor. Proximal soil sensing may be described by their measurement types, which
is invasive and non-invasive, in situ and ex situ, active sensing and passive sensing
(depending on their transmitter source, from sunlight or artificial sources (microwave
or millimeter wave)), stationary sensing, and mobile sensing, and the obtained data
for inferring soil properties in a direct or indirect way [198,[199]. Additionally, the
high sampling density of proximal sensors makes them better at detecting field
variability. This solves the problem of picking the right soil sampling strategy that
ensures representative samples.

Based on the wavelength range that is being used by proximal sensors, the
sensing types can be categorized by their sensing type and application scenarios,
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such as radio spectrum, ultraviolet, visible, and infrared spectrum, short wave in-
frared (UV-VNIR-SWIR), and X-rays [198]. For the radio spectrum, several studies
have been conducted, such as time domain reflectometry (TDR) [200], frequency
domain reflectometry (FDR) [201,202], nuclear magnetic resonance (NMR) [203],
and ground penetrating radar (GPR) [101},204,205]. However, these radio waves are
usually used for sensing soil water content and not yet for soil carbon content.

Using UV-VNIR spectroscopy to sense soil carbon content is widespread since
the sensing mechanism overlaps with remote sensing (hyper-spectral and multiple
spectral sensing), whereas a VNIR-SWIR spectrometer should be placed as close as
possible to the sample. UV and visible light are usually used for classifying inorganic
species [206], and the visible and near-infrared (VIS-NIR) applied for soil and crop
analysis due to most plants reflecting in NIR band [207-211]. The mid-IR spectra
are applied for analyzing soil properties, minerals, and other organic compositions.
This is because the molecular size of the soil components approaches the mid-IR
wavelength.

The portable X-ray fluorescence (pXRF) is used to estimate the clay, sand, silt,
heavy metals in soil, and other inorganic species [212,213]. pXRF is dependent on
the fluorescence at a specific energy of atoms that are stimulated by X-rays. The
detection of specific fluorescent photons permits the qualitative and quantitative
study of a sample’s constituent parts.

To sum up, each of the proximal sensing technologies described above has its
own strengths and weaknesses. Compared to remote sensing, proximal sensing is
less limited by environmental restrictions and can collect fine-grained information
about the soil. However, proximal sensing is not efficient on large-scale fields, in
which it needs to know where to sense, why to sense, who to sense, etc., and the
currently market-available proximal sensors are heavy and expensive compared with
hyperspectral spectrometers in general.

3.3 Materials and Methods

In this section, we will illustrate the sensor hardware setup and physical prin-
ciple of using microwave and millimeter waves for sensing SOC.

3.3.1 Sensor Hardware - Microwave Sensing Module

The sensing module consists of three major parts: the microwave transmit-
ter and receiver (WalabotED, the Raspberry Pi 4B, and the visualization interface
shown in Figure Walabot is a programmable three-dimensional sensor that can
penetrate into objects using radio frequency technology. Walabot illuminates the
space in front of it with an antenna array (18 antennas), detecting reflected sig-
nals and recording them with the VYYR2401 A3 System-on-Chip integrated unit.

lhttps://walabot.com/
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In addition, Walabot operates over an ultra-wideband (UWB) range of frequencies
corresponding to the regulatory domain of the model, with a 3.3-10 GHz range.
The average transmission power is below -41 dB/MHz, which will not impact hu-
man health . Note that since the Walabot is working in the range of 3.3-10
GHz, we better operate it without Wi-Fi (in the 5 GHz band).

Figure 3.1: System hardware, left is the Raspberry Pi 4B with visualization user
interface, and right is the Walabot microwave transmitter and receivers.

3.3.2 Sensor Hardware - Millimeter Wave Sensing System

The sensing module consists of three major parts: the mm-wave transmitter
and receiver (IMAGEVK-74), the Raspberry Pi 4B, and the visualization interface
shown in Figure [3.2l The sample was placed under the direct mm-waves radar
sensor, less than 2 cm.
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Figure 3.2: Millimeter wave radar sensor with Raspberry Pi Setup.

The soil was collected from almond tree fields and filtered to remove coarse-
grained substances such as stone. The biochar (we mentioned earlier, and it also
shows in Figure made from 100% of orchard removals, walnut shells, 100%
yellow wood, almond shells, pinewood. In the following experiments, the mixture
rate of soil and biochar was varied from 0% to 100%.

The sampling frequency of the mm-wave sensor is from 62 GHz to 69 GHz. We
sampled each sample 20 times for the purpose of reducing likelihood error. We set
up 150 sampling points during the frequency band we mentioned, and the RBW is
100 kHz for reasonable sweep time and lower noise. Our experiments utilize PCA to
reduce the dataset dimensions so that we can reduce the later classifier computation
resources. To evaluate our system’s performance fairly, we introduced a confusion
matrix to calculate average classification accuracy. The 5-fold cross-validation is also
employed to adjust hyper-parameters and validate all models’ performance on our
soil carbon samples. The accuracy and confusion matrix are presented to evaluate
the classified objects’ performance.

3.3.3 Microwave Reflective Signal Classification

Biochar is made from different raw materials, which means it has different
structures , especially its surface has many small porous structures. Therefore,
when the microwave signal goes through these structures, it will be penetrated,

72



absorbed, and reflected in our microwave signals. In other words, we can get biochar
information such as amount usage, different raw materials, water retention capacity,
etc., by analyzing the receiving signal (reflective signals). To better understand
what kind of features we are going to face, we draw the reflective signals shown in
Figure[2.7. We collected reflective signals from different kinds of biochar and showed
them in the time domain and frequency domain, respectively.

In Figure [2.7] the reflective signals from different biochar show distinguishable
variations in both time and frequency domains. Since the microwave attenuated
very fast due to its shorter wavelength, here we only show a 100-millisecond signal
in the time domain (no other signals beyond this time interval), and all magnitudes
are distributed from 5.0 GHz to 6.5 GHz. As seen in Figure [2.7] the positions of
peaks and troughs in the frequency domain vary across various biochar types, which
can be utilized to classify them.

3.3.4 Millimeter Wave Reflectance Analysis

As mentioned in Section [3.3.3] different biochar structures and soil carbon con-
tent can be detected by microwave signals. The wavelength of the millimeter wave
is shorter than the microwave, which means it should gather more fine-grained spec-
trum information on biochar/SOC, as shown in Figure . In addition, as men-
tioned earlier, this millimeter-wave sensor has a total of 20 transmitters and 20
receivers, which means 400 signals are received from multiple paths. Therefore, we
used a power delay profile (PDP) that generates the magnitude of the signal received
through a multi-path channel as a function of time delay, where the time delay is
referred to as the travel time between multi-path arrivals. In Figure [3.3] the y-axis
is the normalized amplitude, which helps read all 20 paths reflections. The z-axis
is the distance that is generated by the time vector and then multiplied by light
speed (3 x 10® m/s). The overall transmitting frequency is from 62 to 69 GHz and
uniformly sampled 100 points of the signals.

From Figure [3.3, we obtained that the reflectance of the millimeter wave can
also be used to identify the different biochar/SOC. The physical principle behind this
sensing mechanism is the same as microwave sensing. We will utilize these features
to justify whether millimeter-wave signals are better than microwave signals for
sensing SOC.
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Figure 3.3: Millimeter wave reflectance signal analysis using PDP. (a) is the empty
sensing signals (sensing background), (b)(c)(d)(e)(f) are the millimeter wave re-
flectance signals of different biochar materials.

3.3.5 Conventional Classification Methods

In this section, we discuss how to construct classification models that, based
on the time-domain and frequency-domain characteristics of the received signal, can
discriminate precisely between various objects. Furthermore, since this is the first
time utilizing microwave and millimeter wave reflectance to estimate the SOC, we
don’t know which classifiers are best suited to classify these features. Thus, we
will discuss the most common classifiers regarding advantages, disadvantages, and
options for hyperparameters, and they are shown in Table 3.1 and Table [3.2

To further emphasize the mathematical foundation of processing microwave and
millimeter wave reflectance signals and leverage the implicit physical knowledge of
microwave and millimeter wave relations, our system takes a data-driven approach
by selecting a commonly used supervised classifier, such as SVM , the decision
tree, KNN, LDA/QDA, naive Bayes classifiers, and a DNN for identifying microwave
and millimeter wave reflectance.

3.3.5.1 Support Vector Machine

SVMs are a type of supervised learning models designed for classification tasks.
The fundamental principle of SVM is identifying the hyperplane that most effectively
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divides the data points into distinct classes.

To define a linear SVM, consider a dataset (x1,v1), (2,y2), -, (Tn,yn) with
each z; € R? representing an input feature vector of p dimensions, and y; € {—1,1}
denoting the class label of x;. The SVM aims to discover the hyperplane that
separates the classes, which can be represented as:

wlz +b=0. (3.1)

Here, w is the weight vector, x is the input vector, and b is the intercept. The
classification function becomes:

f(z) = sign(w”z +b). (3.2)

To identify the optimal hyperplane, the SVM tackles the following minimization
problem:

L
min 5w (3:3)

under the constraint:

y;(whz; +b) > 1, for all i. (3.4)

For data that cannot be separated linearly, the soft margin approach introduces
flexibility by allowing certain misclassifications. This is done through slack variables
& > 0, leading to an optimization problem:

R -
min S fw]*+ C;&, (3.5)
with the constraints:
yi(whz; +0) > 1 &, for all i, (3.6)
and, & > 0, for all 4. (3.7)

In this case, C' serves as a regularization parameter to balance the margin width
and the classification error.

To handle non-linearly separable data, SVM utilizes the kernel technique, which
involves mapping the input features into a higher dimensional space where linear
separation is possible. The optimization framework remains similar, but the linear
dot product w”x is substituted with a kernel function K (z;, ;) that computes the
dot product in the higher-dimensional space. Examples of kernel functions include:

i . ) = T
e Linear: K(z;,z;) = x; xj,
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e Polynomial: K(z;,z;) = (WT;TF%' _,_T)d7
e RBF: K(azi,xj) — 6_’7”371'_3)]'”2’

where v, r, and d are kernel-specific parameters that can be fine-tuned.

SVM is typically used to discover boundaries in regions with sparsely labeled
and imbalanced data. With SVM, the system can determine which brand and
how much biochar are being used. The motivation for using SVM to classify the
microwave /millimeter wave is that the SVM works well with high-dimension features
captured (each sample test has 8049 sampling points).

3.3.5.2 Decision Tree

Given a dataset D comprising instances x; and corresponding labels y;, for
1 =1,...,N, where N is the number of instances, the objective is to segment D
into subsets through decision rules that enhance the purity of y; within these subsets.

The objective function J(D, f,7) assesses the quality of partitioning dataset
D by a feature f and a split point 7, where the choice of J depends on the task
(classification or regression) and may use metrics such as Gini impurity, entropy, or
mean squared deviation.

The decision tree is built from the root with the entire dataset D, proceeding
recursively as follows:

1. Optimal Partition Selection: For each feature f and each candidate split
point 7, divide D into Dy and D,;g, where:

Dl@ft = {(l’,y) € D|.I'f S T}a Dr‘ight = D\Dleft (38)
Select the feature and split point that maximize the objective function:

(f*, 1) = argfmax J(D, f,7) (3.9)

2. Perform the Split: Use the best feature and split point to divide D into two
subsets.

3. Recursive Division: Apply the above steps to both D¢ and D,gp until a
stopping criterion is reached, such as maximum depth, minimum node size, or
minimal increase in J.

The recursion stops upon reaching a predefined stopping condition, creating a

leaf node. In classification, the leaf’s prediction is often the majority class among its
instances. For regression, the prediction is typically the average of the target values
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in the leaf. Predictions for new instances are made by following the path from the
root to a leaf, applying the decision rules which are as follows:
Classification:

Z) = majorltY{yz‘(xm y’L) € Dterminal}

Regression:

g = average{yi|($i7 yz) S Dterminal}
This framework properly represents the fundamental principles of decision tree algo-

rithms, emphasizing the iterative division of the dataset according to an evaluative
objective function, resulting in a structure that enables predictions to be made.

3.3.5.3 Linear/Quadratic Discriminant Analysis

Both LDA and QDA can be derived from straightforward probabilistic models
that represent the class-conditional distribution of the data P(X|y = ¢) for each
class ¢. Predictions can then be obtained by using Bayes’ rule, for each training
sample = € R%:
P(zly = )Py = ¢)

P(x)
_ Plly=0Ply =0
> Plzly=0P(y=1)

we select the class whose posterior probability is maximized. Specifically, P(z|y)
is characterized as a multivariate Gaussian distribution with density for linear and
quadratic discriminant analysis.

Ply = clz) =

(3.10)

P T TCRED DCES N CEl)

where d is the number of features, j. is the mean of the sample, and ) is the
covariance matrix.

Py = clz) =

3.3.5.4 K Nearest Neighbors

The principle underlying nearest neighbor methods is to locate a predetermined
number of training samples that are geographically closest to the new site and
predict its label. The number of samples may be a user-defined constant (k-nearest
neighbor learning), the distance may be any metric measure, and the most common
option is the standard Euclidean distance. Regarding the classification rule, we
denote p; as the probability that sample ¢ will be accurately classified in accordance
with stochastic nearest neighbor rules in the learned space, and the objective is to
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maximize the sum over all samples of the probability p; that sample ¢ is accurately
classified:

N-1
argmax Z Dis
b (3.12)
where,p; = Zpiﬂ’
JeC;

where N is total number of samples, C; is the set of points in the same class as
sample 4, and p;; is the softmax over Euclidean distance in the space. In particular,
each point ¢ selects another point j as its neighbor with probability p;; [214].

3.3.5.5 Naive Bayes

Naive Bayes method is a set of supervised learning algorithms based Bayes’
theorem with the “naive” assumption of conditional independence between every
pair of features given the class variable value. Given class variable y and dependent
feature vectors z; to x,, Bayes’ theorem asserts the following relationship [134]:

P(ylzy,...,x,) = , (3.13)

using the naive assumption of conditional independence, this classification rule can
be simplified for all 7:

P(y|zy, ..., x,) = P(Z;D)(l;[liz.l..Px(j)i’y)’

" (3.14)
= ¢ = argmax P(y) H P(x;|y).

Y

The primary difference between the various naive Bayes classifiers is the assump-
tions they make regarding the distribution of P(x;|y). In this study, we employed
Gaussian Naive Bayes, where P(z;]y) is defined as follows:

1 (zi — My)2

exp(—
2%05 20 5

P(aily) = ), (3.15)

where parameters o, and p, are estimated using maximum likelihood.

3.3.5.6 Neural Network

We used a feedforward, fully connected neural network for classification. The
first fully connected layer of the neural network has a connection from the network
input (predictor data), and each subsequent layer has a connection from the previous
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layer. Each fully connected layer multiplies the input by a weight matrix and then
adds a bias vector (y = wz+b). An activation function follows each fully connected
layer. The network’s classification scores (posterior probabilities) and predicted
labels are generated by the final fully connected layer and following the softmax

activation function.

Classifiers

Advantages

Disadvantages

Fine Decision Tree
Max number splits=100

Good predictive accuracy
in low dimensions.

Prone to overfitting and instability,
sensitive to small changes in data.

Coarse Decision Tree
Max number splits=4

Easy to interpret and visualize,
works well with non-linearly
separable data,
good at handling missing values

Less accurate than fine decision tree,
may overfitting.

Discriminant Analysis

(DA)

Fast, accurate and easy to interpret.
Good for most high dimension data.

Assumes linear separation
between classes,
may not work well
for non-linearly separable data.

Gaussian Naive Bayes

Easy to interpret and useful

for multiclass classification,

good for text classification
and spam filtering

Assumes feature independence
may not be true in reality,
may not work well
for highly correlated features.

SVM

Effective in high dimensional data,
effective number of dimensions
is greater than number samples.

Less effective for non-linear
separable data, sensitive to outliers
and misclassified points.

Fine K-Nearest
Neighbors (KNN)
Numbers of Neighbors =1

Accurate for complex data
and variable relationships.

Computationally expensive
for large datasets, sensitive to outliers

Coarse K-Nearest
Neighbors (KNN)
Numbers of Neighbors =100

Good predictive accuracy
in low dimensions,
less computation source required.

Less accurate than fine KNN.

Capability to Handle Complex Data
Designed to handle large-scale datasets.

Overfitting,

DNN Computational Complexity, lack of interpretability

Table 3.1: Advantages and disadvantages of different classification algorithms.

Table [3.2| shows the hyperparameter options for all classifiers. These classi-
fiers come from the Matlab 2023b classifier learner APP. Optimal classifiers are the
processes that APP automatically searches among those hyperparameters and their
optimal values. Selecting these classifiers is motivated by their capacity to train a
large number of largely uncorrelated models working as an ensemble of more accurate
predictors than individual predictors, and it is a flexible, user-friendly supervised
learning method that, even without hyper-parameter modification, typically yields
excellent results. In addition, our final objective is to try to develop the machine
learning model on Edge-Al devices to do in situ soil carbon content quantification.
Low cost is also what we are concerned about for millimeter waves since the sam-
pling features and dimensions are not high (400 x 1024) compared to microwave
data sampling.
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Classisifers Hyperparamters options Value
Fine tree Maximum number of splits 100
Coarse tree (Use Gini’s diversity index) 4
LDA/QDA Covariance structure Full/Diagonal
Naive Bayes N/A N/A
Linear
Gaussian
SVM Quadratic N/A
Cubic
Number of neighbors 1
Fine KNN Distance Metric Euclidean
Distance Weight Equal
Number of neighbors 100
Coarse KNN Distance Metric Euclidean
Distance Weight Equal
Number of fully connected layers 3
First layer size 10
Second layer size 10
DN Third layer size 10
Activation function ReLU
Iteration limit 1000

Table 3.2: Available hyperparameters options for all classifiers. N/A stands for not
available.

3.3.6 More Optimized Stochastic Configuration Networks (MOSCNs)

Beyond the conventional classification methods mentioned in previous subsec-
tions, this subsection mainly explores a new framework known as SCN (stochastic
configuration network) and an interesting investigation of using different random-
ness, including heavy-tailed randomness, that is shown to achieve more optimal SCN
performance than the existing SCN.

3.3.6.1 Stochastic Configuration Networks

A SCN is a relatively new neural network compared to the existing randomized
learning algorithms for single-layer feed-forward neural networks (since 2017 [215]).
A supervisory mechanism (an inequality constraint) enables the SCN to randomly
assign the input weights w and biases b of the hidden nodes, thereby enabling uni-
versal approximation and learning capabilities for classification and regression. To
determine proper (optimal) input weights and biases for further enhancing the gener-
alization of SCN itself and proposing a suitable architecture when processing various
scenarios datasets still remains a significant challenge.
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SCN can deliver high generalization performance at a faster rate than other well-
known randomized learning algorithms, such as the Radial Basis Function (RBF)
Networks [216] and the Random Vector Functional-link (RVFL) [217]. There are
three distinct varieties of SCN algorithms: SC-I, SC-II, and SC-III. The SC-I al-
gorithm employs a constructive scheme to evaluate output weights only for newly
added hidden nodes [218]. All previously obtained output weights are maintained
unchanged. The SC-II algorithm recalculates a portion of the output weights by
analyzing a local least squares problem with a shifting window size specified by the
user. By resolving a global least-squares problem, the SC-III algorithm discovers all
output weights simultaneously.

SCN is an incremental fast modeling method. Its network structure consists
of a hidden layer node, using the data-driven supervision mechanism to randomly
configure the input weight and bias of the hidden layer node, and gradually increase
the number of hidden layer nodes. SCN uses the least squares method to calculate
the output weight to complete the network construction. The network structure of
SCN is similar to the traditional single hidden layer feed-forward neural network,
and its mathematical expression [215}219] is shown below.

Given a set of training data X = {z', 22,23 ... 2"}, where each 2¢ =
{xf, 28 2% ... 2t} € RY and the corresponding labels Y = {y' 4% ¢ ... 4"}
where y* = {y{, v, 9%, ...,y } € R™ for i = 1,2,3,..., N. Given a target mapping
f:R? — R™, assume the L — 1th hidden layer node of the Stochastic Configuration
Network (SCN) has been established. The function of this layer, fr_;(X), is then
defined by:

L-1

fro1(X) = Bege(wi X +by), where L=1,2,..., and fo =0, (3.16)
k=1

with (§; as the weight of the kth hidden layer node, g denoting an activation function,
and wj, and b, representing the input weight and bias of the £th hidden layer node

respectively, for k = 1,2,3,..., Lyac. To calculate the network’s current residual
error vector, we use:
GL_1<X) = f — fL—l(X) = [eL_Ll(X), ce 76L_17m(X)]T S RNxm' (317)

If the norm ||e;_1||* has not yet reached the predefined error £ or the maximum
node count L., the algorithm incorporates an additional Lth hidden layer node.
This is based on a supervised strategy to determine the input weight w and bias b,
expressed as:

hy = [QL(szl +b1), gL(WzI2 +0r), ... ,gL(WIxN + bL)]T e RV, (3.18)

and
(ez—l,p ' hL)2

Sip = hihr

— (=7 —p)lles | (3.19)
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where p = 1,2,3,...,m, hp signifies the Lth layer’s output, w; and b; are the
candidate parameters for node L, » € (0,1), and p; is a non-negative number
satisfying pup, < 1 —r, with limy .,y = 0. The parameters for the Lth node are
then defined by maximizing &, = Z;nzl &np > 0. Subsequently, the hidden layer’s
output weight (3 is determined by:

§ = argmin |G — Y|P = H'Y, (3.20)

where HT denotes the Moore-Penrose generalized inverse of H = [hy, ha, ..., hy].
Thus, the network’s output f is computed

3.3.6.2 SC-I Classifier

The main variants of the SCN focus on the strategy of generating the output
weights 5. In [215], they total introduced three different strategies of calculating
the 8. In a particular way, SC-I utilizes a constructive scheme to assess the out-
put weights exclusively for the recently added hidden node, while maintaining the
previously acquired output weights unchanged. SC-II performs a local least squares
method with a shifting window size specified by the user to recalculate a portion of
the current output weights. Lastly, SC-III determines the output weights in their
entirety by solving a global least squares problem utilizing the current model. In ad-
dition, Wang et al.,2019 also proposed DeepSCN [218] for enriching learning features
by adding multiple hidden layers and hidden nodes.

Suppose that span(7) is dense in Lo space and Vg € 7,0 < ||g|| < b, for some
by € R*. Given 0 < r < 1 and a non-negative real number sequence {p} with
limy oo i, = 0 and py, < (1 —7). For L =1,2,..., stands for [215]

0, = Ong0ng=(—r—pr)ler1ql’ ¢=12,...,m. (3.21)
q=1

If the random basis function gy, is generated to satisfy the following inequalities:
<6L—1,q7 gL>2 Z b?]O(SL,qy q= 17 27 sy M, (322)
therefore, the output weights are constructively evaluated by

<€L—1,q,9L>
gz |I?

Then, we have limy o || f — fz|| = 0, where f1 = Z]L:l 895,85 = [Bix, -+ Bim] "

Brq = . q=1,2,...,m. (3.23)
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3.3.6.3 SC-II Classifier

Suppose that span(7) is dense in Ly space and Vg € 7,0 < ||g|| < b, for some
b, € R*. Given 0 < r < 1 and a nonnegative real number sequence {pz} with
limy, oo ptr, = 0 and pp < (1 — 7). For a given window size K and L = 1,2, ...,
denoted by [215]

Z(gl/q Lq T_ML>||ezfl,q||27 q = 1727"'7m' (324)

If the random basis function g, is generated to satisfy the following inequalities:
<67:—1,q7 gL> > b?]o(sz qQ’ q = 17 27 sy, (325)
and, as L < K, the output weights are evaluated by

L
f=> By
j=1

Otherwise (i.e., L > K), the output weights will be selectively evaluated (i.e.,
keep B7, ..., B;_x unchanged and renew the left S;_g1,...,0L) by

(3.26)

[5T7ﬁ57 s ;5}:] = argmﬁin

L-K L
B k212 Bt krar-- - Bl =arg  min |[f =Y Brgi— > Big|l. (3:27)
BL—K+15---BL — .
j=1 j=L—K+1
Then, we have lim;, .|| f — fi|l = 0, where f; = Zleﬂ;‘gj,ﬁ;‘f =

B5as- - Bl

3.3.6.4 SC-III Classifier

Suppose that span(7) is dense in Ls space and Vg € 7,0 < ||g|| < b, for some
b, € R*. Given 0 < r < 1 and a nonnegative real number sequence {pz} with
thHOO pr =0and pyp < (1 —r). For L =1,2,..., stands for [215]

Z(S 52(1 = T_ML)HGL—LQHZ? qg=12,...,m. (328)

If the random basis function gj, is generated to satisfy the following inequalities:

(€l 190 > 0007, a=1,2,...,m, (3.29)
Therefore, the output weights are constructively evaluated by
L
B = [52,17 52,27 e ,/@Zm} = arg mﬁin f— Z Big; (3.30)
j=1
Then, we have lim; .. | f — ffll = 0, where f; = Zle Brg;, B =

[Bi1s- - ,/Bjﬁm]T.
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3.3.6.5 DeepSCN Classifier

Given a training dataset with inputs X = {x1, 2o, ..., o5} 2 = [, ..., 234]T €
R? and outputs T' = {t,ts,...,tn}, where t; = [tir, ..., tim]t € R™ i =1,... N.
Denote e(L") (X) = ler” () (X)), e(LZ) L o(X)]" as the corresponding residual error

vector before the L, th new hldden node of the n-th hidden layer is added, where
623717(](,}() = [e (L”) (xl),...,e(Ln)il’q(xN)] € RN qg = 1,...,m. After adding the
L,,-th hidden node in the n-th hidden layer [218], we have

n n n—1
By = B(X) = [Gnr, (@), G (2T, (3.31)
where ¢, L (z"Y is used to simplify ¢, (z7", .. 20D 60Y), and :v( ) =

xw xl, ={1,....,N},j={1,...,d}, and ®(") is ®(z(*?) = Wr=Dp(z("~ 2)) +
B™=Y for n > 2.
Let H](:Z) = [hg”), hé”), NN h(gl)] represent the hidden layer output matrix and

denote a temporary variable 5({2 Ja=1,2,...,m) where
(n) (n)
n eLn— ) th n 2
Sy = | g | = (=)l (3.32)
1A, |

Therefore, suppose that span(7) is dense in Ly space and V¢ € T,0 < ||¢]| < ¢
for some ¢ € RT. Given 0 < r < 1 and a non-negative decreasing sequence {u} with
lim, yioop=0and p<(1—r). Frn=1,2,...,and j=1,2,...,L,, denoted by

o = (1 =r—ple™ 17 g=1,2,...,m. (3.33)
Stochastically configuring the j-th hidden node ¢, ; within the n-th hidden layer
(j=1,2,...,L,) to satisfy the following inequalities:
€ g )2 > 20, g=1,2,...,m. (3.34)
Fix the random basis functions ¢, 1, ¢n 2, ..., ¢n 1., and start to add the first hidden
node ¢p41,1 in the (n + 1)-th hidden layer according to the following inequalities
<€§Z)7q7 ¢n+1,1> > C26Ln)q7 q = 17 27 cee, M (335)

Keep adding new hidden nodes within the (n + 1)-th hidden layer based on m,
followed by generating the first hidden node in a new hidden layer via After
adding one hidden node (either in the present hidden layer or starting a new hidden
layer), the read-out weights are evaluated by the least squares method,

iZﬁ ef)kg

k=1 j=1

(3.36)

p* = arg mln
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Hence, we have limy o, ||F — Fé:)H = 0, where

n Ly
PN = 3 A0 () )

k=1 j=1

The SCNs mentioned above offer the following benefits: 1) The infinite ap-
proximation of the conventional randomized neural network is contingent on the
range of random parameters and the number of hidden layer nodes. Insufficiently
configured parameters hinder the model’s capacity to effectively converge toward
the target function. The SCNs utilize an incremental modeling approach. Using
the supervisory mechanism to set the input weights and biases of the hidden layer
nodes and sticking to the set parameter range ensures a good overall approxima-
tion. 2) In contrast to the deep neural network model, it computes the output
weight of hidden layer nodes using pseudo-inverse operations instead of iterative
updates through back-propagation. This approach enhances the learning rate and
effectively prevents issues such as local optima, gradient vanishing, or exploding. It
is well-suited for application situations that have demanding real-time needs and
can easily accommodate simultaneous and integrated activities. 3) The setting of
SCN settings involves minimal human participation, and its random parameters are
dependent on data supplied by the supervisory mechanism. If the model fails to
achieve the predetermined error, it can dynamically augment the number of hidden
layer nodes or grow into DeepSCN.

3.3.6.6 Random Variables - Uniform Distributions
Uniform distribution probability density function (PDF) is given by

1 for a <z <b,

f(z;a,b) = {E’ (3.38)

0, otherwise,

where a and b represent the distribution’s minimum and maximum limits, respec-
tively. Continuous uniform distribution is a probability distribution in which all
values within a given interval have the same probability of occurring. It has a con-
stant PDF over the support interval [a, b] and is frequently employed in simulations
and statistical inference when there is no prior knowledge of the data distribution.

The uniform distribution is simple and easy to use, which is one of its advan-
tages. Its PDF is straightforward to comprehend and compute, and it possesses a
number of advantageous properties, such as being invariant under location and scale
transformations. It is also frequently used as a reference point for comparing other
distributions and testing statistical hypotheses.
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3.3.6.7 Random Variables - Gaussian Distributions
Gaussian distribution PDF is given by

]_ _ (u)Q
flasu,0) = —mme 30T, (3.39)

oV 21

[NIES

where g is the mean (location parameter) and o is the standard deviation (scale
parameter).

In statistics and probability theory, the Gaussian distribution, also known as
the normal distribution, is one of the most frequently employed probability distribu-
tions. It is frequently used to approximate other distributions and to model random
variables that are the sum of many tiny, unrelated, and identically distributed com-
ponents, such as measurement errors. In addition to being symmetric and unimodal,
having a bell-shaped curve, and being entirely determined by its mean and stan-
dard deviation, the Gaussian distribution possesses several beneficial characteristics.
Moreover, the wide applications of the Gaussian distribution and its use in numerous
statistical methods, such as the Central Limit Theorem and Maximum Likelihood
Estimation, is one of its advantages. It is also computationally feasible, facilitating
its use in a variety of applications.

3.3.6.8 Random Variables - Lévy Distributions
Lévy distributions PDF is given by

c 1 —_a
e =g ™7 (3.40)

where z is the random variable, ¢ is the location parameter, and « is the scale
parameter.

The Lévy distribution is an example of a heavy-tailed distribution, which has
a greater likelihood of producing extreme values than other distributions with finite
variance. A significant property of the Lévy distribution is that it is used to model
systems with power-law behavior, such as earthquakes and financial markets. It
also serves as the foundation for the Lévy flight, a mathematical model used to
characterize the movement patterns of animals, particles, and other non-Gaussian
entities.

Among the intriguing mathematical properties of the Lévy distribution are its
closedness under convolution and its infinite variance. It is also related to the Cauchy
distribution, which is a special case of the Lévy distribution when o« = 1 and the
location parameter is c.
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3.3.6.9 Random Variables - Cauchy Distributions
Cauchy distribution PDF is given by
1 gl

f<x7x077) = ;(.T—$0)2+’727

(3.41)

where x is the random variable, xy is the location parameter, and v is the scale
parameter.

The Cauchy distribution is an example of a heavy-tailed distribution, which
has a greater likelihood of producing extreme values than other distributions with
finite variance. The Cauchy distribution is invariant under translation and dilation,
which means that if X ~ Cauchy(zg,7), then the random variable Y = aX + b
follows a Cauchy distribution with location parameter xg + b and scale parameter

laly.

3.3.6.10 Random Variables - Weibull Distributions
The PDF of the Weibull distributions is given by:

A G >0
€ Y x — )
flz) = {8 () 0 (3.42)

where z is the random variable, « is the shape parameter, and A is the scale pa-
rameter. The Weibull distribution is often used to model failure rates in reliability
engineering, which is also a heavy-tailed.

3.3.6.11 Fractional Gaussian Distributions

The fractional Gaussian distribution is a probability distribution associated
with the fractional Brownian motion, a continuous-time stochastic process with
long-range dependence. The fractional Gaussian distribution is a one-dimensional
distribution that characterizes the statistical properties of fractional Brownian mo-
tion increments. The PDF formula for the fractional Gaussian distribution is as

follows:
fH<t) = m/]ﬁ (t — 8)H70'5df<8), (343)

where I' is the Gamma function, and df(s) is the general definition of white noise.
H is the Hurst exponent and it’s a real number (value internal is (0,1)). It describes
the raggedness of the resultant motion, with a higher value leading to a smoother
motion [220]. Several properties of the H value need to be discussed here, if H =
0.5, then it is a standard Brownian motion or Wiener process; if 0.5 < H < 1,
then increments of the process are positively correlated; and if 0 < H < 0.5, then
increments of the process are negatively correlated [221]. The H index variations
and comparison with the Gaussian distribution are shown in Figure [3.4]
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Figure 3.4: Fractional order Gaussian distribution (in different H) vs. standard
Gaussian distribution.

3.3.6.12 Fractional Weibull Distributions
The PDF of the fractional Weibull distribution can be expressed mathematically

as [222]:

r—o

)P lem T 1 > a, (3.44)

flaionB.p,€) = 51 = (5=

where the shape parameter is p and scale parameter is 3, £ is the fractal parameter,
and « is the location parameter. The scaling factor 0 < (1 — £) < 1 represents the
reserved proportion of the data. If § goes to 0, then fractional Weibull distributions
degenerate into Weibull distributions. Changing ¢ and keeping the other parameters
the same with Weibull distribution would move the peak vertically (See Figure
with different £). The performance of different variants of the SCNs is shown in
Figure [3.5
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Fractional Weibull and Weibull PDFs

\ — Fractional Weibull £ = 0.3
n — Fractional Weibull £ = 0.5
! Fractional Weibull ¢ = 0.7
! - — Weibull

Figure 3.5: Fractional order Weibull distribution (in different &) vs. regular Weibull
distribution.

3.4 Experiments and Evaluation
3.4.1 Experimental Setup

Since we already have Walabot and IMAGEVK-74 as microwave and millimeter
wave transmitters and receivers, we need a processor unit to process and store the
data. The portable sensing device, which consists of a Raspberry Pi 4B with 2 GB
of RAM, a Walabot developer module, and millimeter wave signal transmitters and
receivers, is lightly placed on top of the sample, which is a soil and biochar mixture,
as shown in Figure [3.6] Overall, we proposed five classification experiments, which
are: 1) different soil carbon amounts, 2) different types of soil carbon, 3) different soil
moisture levels, 4) soil moisture under soil carbon effects, and 5) different containers
(background) for soil carbon classification.
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Figure 3.6: Sampling experiments hardware setup.

The sampling frequency of the microwave sensor is 10.24 GHz. We sampled
each sample five times to reduce random errors. The sampling frequency of the
millimeter wave sensor is from 62 GHz to 69 GHz. We used the same five sampling
times for the millimeter wave sensor to reduce the random error. We set up 150
sampling points in the frequency band we mentioned, and the RBW is 100 kHz for
reasonable sweep time and lower noise. Moreover, the sample was placed under the
direct millimeter wave radar sensor by less than 2 cm.

The soil was collected from almond tree fields and filtered for coarse-grained
substances such as stone. The biochar is made from 100% of orchard removals,
walnut shells; 100% wood, almond shells, and pinewood (labeled as 1, 2, 3, 4, and
5, respectively). In the following experiments, the soil was uniformly distributed at
50g (g stands for gram), and biochar was placed at 2g (20% of the soil). Both of
them are well mixed. As for the millimeter wave experiment setup, we had the new
biochar and soil mixture rate in the following experiments, which varied from 0%
to 100%.

Our experiments utilize PCA to reduce the dimensions of the dataset so that
we can reduce the subsequent classifier computation resources. To evaluate the per-
formance fairly, we introduced a confusion matrix to calculate average classification
accuracy. The 5-fold cross-validation is also employed to validate all models’ perfor-
mance on our soil carbon samples. The accuracy and confusion matrix are presented
to evaluate the classification’s performance.
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3.4.2 Conventional Classification Results
We conducted real-world experiments using microwave and millimeter waves to
quantify the soil carbon content and related experiments.

3.4.2.1 Different Soil Carbon Amount Recognition

We selected the carbon and soil ratio from 0% to 100% including the air, which
makes up a total of 7 classes for millimeter wave sensing. With microwave sensing,
we have a carbon and soil ratio of 20% to 100%. Then we sampled 20 times for
each class. The millimeter wave datasets have been split into training datasets and
test datasets in a 5:1 ratio. Therefore, the total dataset contains 140 samples. Each
microwave signal was sampled 10 times for each class, and the datasets have the
same split training and testing ratio of 5:1 for classification. Each microwave signal
of each feature has 8192 sampling points.

4o¢ Original Datasets of Different Amount of Biochar
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Figure 3.7: The scatter plot of microwave signals for different percentage of carbon
soil ratio.
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Original Datasets of Different Amount of Soil Carbon
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Figure 3.8: The scatter plot of millimeter wave signals for different percentage of
carbon soil ratio.

Classifiers Microwave Accuracy | Millimeter wave Accuracy
Fine Tree 74.0% 92.1%
Coarse Tree 74.0% 69.3%
LDA 92.0% 100.0%
Naive Bayes 98.0% 100.0%
Linear SVM 98.0% 100.0%
Quadratic SVM 94.0% 100.0%
Cubic SVM 94.0% 100.0%
Gaussian SVM 96.0% 100.0%
Fine KNN 90.0% 100.0%
Coarse KNN 20.0% 21.4%
DNN 88.0% 93.6%

Table 3.3: Classification accuracy of different percentage of carbon soil ratio.
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Optimal Classifiers Microwave Optimization Configuration
Number of fully connected layers: 1
Optimized DNN 94.0% Activation: Tanh

First layer size: 186
Number of neighbors: 5

Optimized KNN 96.0% Distance metric: Fuclidean
Distance weight: Inverse
Optimized Tree 88.0% Maximum number of splits: 13
Optimized Naive Bayes 98.0% Distribution: Gaussian
Optimized Discriminant 98.0% Discriminant type: Diagonal Quadratic
Optimized SVM 98.0% Kernel function: Linear

Table 3.4: The performance of optimized classifiers comparison for microwave signals
of different percentage of carbon soil ratio.

Optimal Classifiers Millimeter wave Optimization Configuration
Number of fully connected layers: 1
Optimized DNN 100.0% Activation: Sigmoid

First layer size: 66
Number of neighbors: 11

Optimized KNN 100.0% Distance metric: Euclidean
Distance weight: Squared Inverse
Optimized Tree 96.4% Maximum number of splits: 20
Optimized Discriminant 100.0% Discriminant type: Diagonal Linear
Optimized SVM 100.0% Kernel function: Gaussian

Table 3.5: The performance of optimized classifiers comparison for millimeter wave
signals of different percentage of carbon soil ratio.

The scatter plot of the raw data of microwave and millimeter waves are shown
in Figures [3.7 and 3.8 respectively. Our sensors captured raw data which are the
electromagnet wave reflectance of the sample. In classification learner app, the app
applied a dimensionless reduction technique such as PCA to project the data onto
a 2D plane. The axes would represent the first two principal components, which
capture the most variance in the data. We found that millimeter waves are much
more sensitive to the different amounts of biochar mixed with soil. After we applied
the eight most common classifiers, the accuracy shown in Tables and [3.5]is
for the optimized classifiers comparison. The highest accuracy of sensing the amount
of soil carbon using millimeter waves is 100% whereas the highest sensing accuracy
using the microwave is 98% by using linear SVM and naive Bayes. Furthermore, from
the scatter plots, the classes 60%, and 100% overlap, which causes a relatively higher
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failure rate. However, compared with microwave sensing, using millimeter waves to
categorize the amount of soil carbon is much high using optimized classifiers.

3.4.2.2 Different Types of Soil Carbon Classification

We used total five different types of soil carbon (biochar), as shown in Fig-
ure [3.10] This is because different biochars have different microporous structures
that could cause different water retention abilities, nutrient storage, etc. In Fig-
ures and the scatter plot demonstrates the distribution of different types
of biochar using microwave and millimeter wave sensing, respectively. Compared to
the previous different amounts of soil carbon classification, we can see that the vari-
ance of each class’s data is small than the different percentage of carbon soil ratio,
which means this would make the classifier easier to classify these biochars. More-
over, from Table the highest classification accuracy is 100% for both microwave
and millimeter wave. The fine decision tree’s accuracy may change or fluctuate, but
there is still around 90% sensing accuracy for the classification of different types of
biochar. The optimized classification results from Tables and also revealed
that millimeter wave results are better than the microwave.

Original Datasets of Different Types of Biochar
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Figure 3.9: The scatter plot of microwave signals for different types of biochar (soil
carbon).
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Figure 3.10: Five different types of biochar (soil carbon).

Classifiers Microwave Accuracy | Millimeter wave Accuracy
Fine Tree 94.0% 95.8%
Coarse Tree 94.0% 80.0%
LDA 100.0% 100.0%
Naive Bayes 100.0% 100.0%
Linear SVM 100.0% 100.0%
Quadratic SVM 100.0% 100.0%
Cubic SVM 100.0% 100.0%
Gaussian SVM 100.0% 100.0%
Fine KNN 100.0% 100.0%
Coarse KNN 20.0% 16.7%
DNN 100.0% 100.0%

Table 3.6: Classification accuracy of different types of biochar (soil carbon).

95



Optimal Classifiers Microwave Optimization Configuration
Number of fully connected layers: 3
Activation: Tanh

Optimized DNN 98.0% First layer size: 2
Second layer size: 6
Third layer size: 9

Number of neighbors: 25

Optimized KNN 100.0% Distance metric: Cosine
Distance weight: Squared Inverse
Optimized Tree 94.0% Maximum number of splits: 6
Optimized Discriminant 100.0% Discriminant type: Diagonal Quadratic
Optimized SVM 100.0% Kernel function: Linear

Table 3.7: The performance comparison of optimized classifiers for microwave signals
of different types of biochar.

Optimal Classifiers Millimeter wave Optimization Configuration
Number of fully connected layers: 1
Optimized DNN 100.0% Activation: ReLLU

First layer size: 77
Number of neighbors: 15

Optimized KNN 100.0% Distance metric: Correlation
Distance weight: Inverse
Optimized Tree 95.8% Maximum number of splits: 11
Optimized Discriminant 100.0% Discriminant type: Diagonal Quadratic
Optimized SVM 100.0% Kernel function: Linear

Table 3.8: The performance comparison of optimized classifiers for millimeter wave
signals of different types of biochar.
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Original Datasets of Different Type of Carbon
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Figure 3.11: The scatter plot of millimeter wave signals for different types of carbon.

3.4.2.3 Soil Moisture Study and Comparison

Precision agriculture requires reliable soil moisture monitoring, which has a
considerable impact on crop evapotranspiration, water exchange, and energy fluxes.
Numerous remote sensing or proximal sensing techniques, such as thermal, optical,
and microwave measurements, can be used to measure or infer soil moisture levels.
Low spatial resolution, limited surface penetration, and vegetation are nonetheless
limiting factors for the actual use of these techniques. By using a contactless method
to sense soil moisture, so far, used a microwave sensor to sense the soil moisture
has been studied. However, there is no work to use a millimeter wave sensor to sense
the soil moisture to our best knowledge. Furthermore, did not compare the
performance of using different classifiers. We put different amounts of water on the
soil until it is saturated (labeled as Mos_100%).
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Figure 3.12: The scatter plot of microwave signals for different levels of soil moisture.
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Classifiers Microwave Accuracy | Millimeter wave Accuracy
Fine Tree 56.0% 95.7%
Coarse Tree 56.0% 70.0%
LDA 90.0% 100.0%
Naive Bayes 72.0% 100.0%
Linear SVM 78.0% 98.6%
Quadratic SVM 76.0% 99.3%
Cubic SVM 72.0% 99.3%
Gaussian SVM 70.0% 100.0%
Fine KNN 78.0% 97.1%
DNN 68.0% 96.4%

Table 3.9: Classification accuracy of different moisture levels in the soil.

Optimal Classifiers Microwave Optimization Configuration
Number of fully connected layers: 3
Activation: Tanh

Optimized DNN 70.0% First layer size: 210
Second layer size: 68
Third layer size: 8
Number of neighbors: 1

Optimized KNN 76.0% Distance metric: Correlation
Distance weight: Squared Inverse
Optimized Tree 62.0% Maximum number of splits: 5
Optimized Discriminant 82.0% Discriminant type: Linear
Optimized SVM 84.0% Kernel function: Gaussian

Table 3.10: The performance of optimized classifiers comparison for microwave sig-
nals of different moisture levels in the soil.

Optimal Classifiers Millimeter wave Optimization Configuration
Number of fully connected layers: 1
Optimized DNN 100.0% Activation: Tanh

First layer size: 95
Number of neighbors: 57

Optimized KNN 100.0% Distance metric: City Block
Distance weight: Squared Inverse
Optimized Tree 98.6% Maximum number of splits: 19
Optimized Discriminant 100.0% Discriminant type: Linear
Optimized SVM 100.0% Kernel function: Linear

Table 3.11: The performance of optimized classifiers comparison for millimeter wave
signals of different moisture levels in the soil.
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Figures [3.12| and [3.13| both show the classification sensing results of the soil
moisture in scatter plots. As we know, water can absorb millimeter waves and
microwaves. On the other hand, soil and water together can coagulate into large
pieces, which is good for forming their unique features. The scatter plot of millimeter
wave shows that features in each class are close to each other, whereas Figure [3.12
(microwave) demonstrates that features of all moisture levels overlap with each
other. Tables[3.9, [3.10, and also revealed that microwave sensing accuracy is

lower than millimeter wave sensing accuracy in general.

3.4.2.4 Soil Moisture Influenced by Carbon Content Added

As we mentioned earlier, based on the physical principles behind the millimeter
wave sensing and biochar properties, we validated the biochar with the soil water
retention capacity by comparing it with the same amount of soil without biochar.
The experiment shows that the same amount of soil with 50 g of biochar can absorb
up to 110% water (well saturated). Due to biochar’s porous structures that can
absorb soil and water, the reflectance signals are pretty stable and close to each

other, as shown in Figure [3.14] (microwave) and (millimeter waves).
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Figure 3.14: The scatter plot of microwave signals for different levels of soil moisture
with soil carbon effects.
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Figure 3.15: The scatter plot of millimeter wave signals for different levels of soil
moisture with soil carbon effects.

Classifiers Microwave Accuracy | Millimeter wave Accuracy
Fine Tree 74.0% 97.5%
Coarse Tree 74.0% 61.3%
LDA 88.0% 100.0%
Naive Bayes 86.0% 100.0%
Linear SVM 86.0% 100.0%
Quadratic SVM 76.0% 100.0%
Cubic SVM 72.0% 100.0%
Gaussian SVM 84.0% 100.0%
Fine KNN 86.0% 100.0%
DNN 74.0% 95.0%

Table 3.12: Classification accuracy of different moisture levels in soil under carbon
effects.
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Optimal Classifiers Microwave Optimization Configuration
Number of fully connected layers: 2
. Activation: ReLLU
Optimized DNN 78.0% First layer size: 101
Second layer size: 142
Number of neighbors: 3
Optimized KNN 86.0% Distance metric: Cubic
Distance weight: Inverse
Optimized Tree 76.0% Maximum number of splits: 8
Optimized Discriminant 94.0% Discriminant type: Linear
Optimized SVM 88.0% Kernel function: Linear

Table 3.13: The performance of optimized classifiers comparison for microwave sig-
nals of different levels of soil moisture with soil carbon effects.

Optimal Classifiers Millimeter wave Optimization Configuration
Number of fully connected layers: 1
Optimized DNN 100.0% Activation: Tanh

First layer size: 23
Number of neighbors: 80

Optimized KNN 100.0% Distance metric: Cosine
Distance weight: Squared Inverse
Optimized Tree 97.5% Maximum number of splits: 38
Optimized Discriminant 100.0% Discriminant type: Diagonal Quadratic
Optimized SVM 100.0% Kernel function: Linear

Table 3.14: The performance of optimized classifiers comparison for millimeter wave
signals of different levels of soil moisture with soil carbon effects.

Tables [3.12] [3.13, and [3.14] illustrated the classification accuracy of the soil
moisture under the microwave and millimeter wave sensing, respectively. Compared
to Table[3.12] adding biochar would benefit the sensor in capturing the soil moisture
level. Moreover, millimeter wave sensing accuracy is still higher than microwave
sensing accuracy in sensing soil moisture under carbon effects and other related
biochar applications.

3.4.2.5 Sensing Robustness for Soil Carbon Content Percentage

In this section, we investigated whether different sample containers will affect
the soil carbon content sensing accuracy and which one has better performance with
the microwave and millimeter wave. As we can see in Figure [3.16, we used different
containers and put the same level of soil carbon content into these containers. We
labeled these five containers as having the same soil carbon content level. After
finishing the sampling procedure, we empty these containers, put the next level
of soil carbon content into them, and do the sampling again. We used the same
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settings for microwave and millimeter wave sensing for this investigation, and the
total features for classification of the microwave and millimeter wave are 8192 and
1024, respectively. The microwave and millimeter wave scatter plots are shown in

Figures and [3.18] respectively.

Figure 3.16: Different containers with the same level of soil carbon content.
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Figure 3.17: The scatter plot of microwave signals for different container back-
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Millimeter wave Data for Different Background Noise
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Figure 3.18: The scatter plot of millimeter wave signals for different container back-
grounds.

From Figure (microwave), we obtained the different soil carbon content
levels distinguished from each other, and Table [3.15] shows the microwave sensing
accuracy achieves at least 62%. However, Figure (millimeter wave) shows that
data points (sample points) of different soil carbon levels are sort of overlap with
each other, which is difficult to classify. Table also reveals that millimeter wave
sensing accuracy is lower than microwave in general. This is supposed to be due to
the low anti-disturbance ability of the millimeter wave.
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Classifiers Microwave Accuracy | Millimeter wave Accuracy
Fine Tree 66.4% 39.0%
Coarse Tree 62.0% 34.3%
LDA 83.6% 51.0%
Naive Bayes 67.2% 46.8%
Linear SVM 82.4% 67.0%
Quadratic SVM 86.4% 76.2%
Cubic SVM 85.4% 73.8%
Gaussian SVM 82.4% 67.6%
Fine KNN 80.8% 56.6%
DNN 77.0% 65.0%

Table 3.15: Classification accuracy of robustness investigation of sensing amount of
soil carbon.

Optimal Classifiers Microwave Optimization Configuration
Number of fully connected layers: 3
Activation: Tanh

Optimized DNN 87.6% First layer size: 2
Second layer size: 6
Third layer size: 9

Number of neighbors: 6

Optimized KNN 81.0% Distance metric: Euclidean
Distance weight: Squared Inverse
Optimized Tree 71.4% Maximum number of splits: 78
Optimized Discriminant 85.4% Discriminant type: Linear
Optimized SVM 87.6% Kernel function: Linear

Table 3.16: The performance of optimized classifiers comparison for microwave sig-
nals of sensing the amount of soil carbon (multi backgrounds).

Optimal Classifiers Millimeter wave Optimization Configuration
Number of fully connected layers: 2
- Activation: Tanh
Optimized DNN 71.0% First layer size: 203
Second layer size: 267
Number of neighbors: 162
Optimized KNN 61.2% Distance metric: Correlation
Distance weight: Squared Inverse
Optimized Tree 40.2% Maximum number of splits: 92
Optimized Discriminant 51.0% Discriminant type: Linear
Optimized SVM 71.1% Kernel function: Gaussian

Table 3.17: The performance of optimized classifiers comparison for millimeter wave
signals of sensing the amount of soil carbon (multi backgrounds).
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We validated our different background experiments by applying the most com-
mon classifiers we mentioned earlier. However, both microwave and millimeter wave
sensing accuracy is lower than usual. We also applied optimal classifiers that let
them optimize their hyperparameters during validation.

Optimized DNN for Microwave
Accuracy: 87.6%
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Figure 3.19: Confusion matrix of microwave signal classification using optimized
DNN.
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Optimized DNN for Millimeter wave
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Figure 3.20: Confusion matrix of millimeter wave signal classification using opti-
mized DNN.
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Figure 3.21: Millimeter wave reflectance signal analysis of five different backgrounds
comparison using PDP.
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Figure [3.19| shows the confusion matrix of the microwave sensing accuracy us-
ing optimized DNN is 87.6%, so does the optimized SVM, whereas compared to
Figure [3.20] the millimeter wave sensing accuracy of optimized DNN is only 71.0%,
and optimized SVM is 71.1% which are shown in Tables m and . Moreover,
the sensing accuracy of the millimeter wave is worse than that of the microwave un-
der different background noises. The reason for this phenomenon is that we believe
that the microwave signal has a stronger anti-disturbance than the millimeter wave,
which means the reflectance of the millimeter wave signal contains the background
noise that is contained in the different soil carbon content signals. Figure [3.21] also
shows the PDP is hard to distinguish from each other (different backgrounds and
different soil carbon levels).

3.4.3 Optimal Distributions Parameters Tuning for SCNs Regression
Model

As we mentioned in Section [3.3.6] we introduced 7 different random distribu-
tions for selecting weights and bias. Since different parameters of the distributions
would have different behaviors of the generated random variables. Therefore, we
permutate all parameters to train SCNs by comparing RMSE value. RMSE is an
important indicator of the regression model, it measures the average deviation be-
tween values predicted by a model and actual values.

Based on our experiment results as shown in Figures [3.22 and [3.23} The opti-
mal parameter of SCN-Uniform (also default setting) for soil carbon content data
is 8 (for lower boundary would be -8, the upper boundary is 8). The optimal p = 1
and o = 0.2 for SCN-Gaussian is shown in Figure [3.22d For the heavy tail distri-
butions, the optimal parameters of SCN-Lévy that scale parameter is 0.8 and shape
(location) parameter is 0.6. The optimal parameters of SCN-Cauchy are 2 (scale
parameter) and -0.8 (for location parameter), SCN-Weibull occupied optimal scale
parameter is 1, and the optimal shape parameter is 1.5. As of the fractional Gaus-
sian and fractional Weibull, we used the optimal parameters from general Gaussian
and Weibull distributions as the baseline, and obtained the optimal Hurst value of
fractional Gaussian (fGn) is 0.6, and fractal of the fractional Weibull (fWeibull) is
0.3. Please see details in sub-figures of Figures and [3.23] As for the generated
hidden layers, they are all around 450+50. Moreover, in this paper, we mainly con-
sidered the better accuracy of the SCNs with different distributions, the complexity
of the network is not the main concern.
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Figure 3.22: Optimal parameters tuning of a total of seven random distributions
RMSE performance for SCN regression models.
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Figure 3.24: Confusion matrix of classification mission for training and testing gen-
erated by optimal fractional and non-fractional distributions.
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Figure 3.25: Confusion matrix of classification mission for training and testing gen-
erated by optimal fractional and non-fractional distributions.
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We also compared RMSE behaviors of 7 distributions and applied a logarithmic
scale to the y-axis for clear observations. The z-axis represents the total number
of hidden layers generated. As we can see SCN-fGn (with H = 0.5) has the lowest
value of the RMSE but also has the maximum hidden layers which makes the model
more complex than the other. The SCN-Lévy achieves the minimum hidden layers
and RMSE is the maximum compared with other distributions. The fWeibull is
around medium performance among these distributions.

3.4.4 Comparison of The Optimal Parameters of Fractional Distribu-
tions and Non-fractional Distributions for Classification Mission.

Our objective in using different neural networks is to classify our soil carbon
content data precisely. Thus, investigating better classification is necessary. We
randomly split our dataset into 80% as a training dataset and 20% as a testing
dataset. We found that fGn and fWeibull achieved great performance in the re-
gression model, thus, we used the optimal parameters we found in Section
for achieving great classification performance. The confusion matrix comparison is

shown in Figures and [3.25]

0.6 T

05 Training ACC - SCN-Gaussian

= = = Training ACC - SCN-fGn

----------- Training ACC - SCN-Weibull

————— Training ACC - SCN-fWeibull

Training RMSE - SCN-Gaussian

- - - Training RMSE - SCN-fGn 12

R N Training RMSE - SCN-Weibull
N Training RMSE - SCN-fWeibull

0.4 - &Y

Accuracy
RMSE

DX

e

0.2 R
TNreel T~
Nl T =
B N
RSN

0.1 B oy s~

)
N

Figure 3.27: The performance of classification accuracy and their RMSE using tuned
optimal parameters for all distributions. L represented the total number of hidden
layers of SCN used.
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From these confusion matrices, we observe that fractional distributions of Gaus-
sian and Weibull achieve better results than Gaussian and Weibull by around 4%
and 0.2% improvements, respectively ( all above 99% accuracy). They have around
20% improvements by using SVM and LDA. The test accuracy is a little bit lower
than they were around 50%. But all fractional distributions still achieve better
results.

We also compared all training accuracy with RMSE of all distributions in Fig-
ure [3.27, We observed that fWeibull and Weibull have lower RMSE and higher
training accuracy. These results have also been revealed in the confusion matrix.

3.5 Discussion and Future Work

In this work, we performed several experiments for validating our microwave and
millimeter wave sensing mechanisms and sensing configurations. The comparison of
the two sensors for soil carbon content has also been given. Here, we will present
some discussions and future work.

Datasets/Sampling preparation: Since we used machine learning methods
to classify the different soil carbon content levels and related biochar applications,
proper sampling would play a crucial role in the training model by using microwave
and millimeter sensors. As we know, transmitting signals from different angles/lo-
cations would generate different reflectances. To achieve reliable results, we must
collect samples from various angles and repeat the process numerous times to reduce
the likelihood of errors. In our work, we always fixed the relative positions and held
them both stable for the sensor and samples. In addition, our previous work [223]
revealed that different sensing backgrounds, such as glass and metal tables, would
absorb or reflect differently, yielding uncertain information. Therefore, when users
operate the microwave and millimeter wave sensing, pay attention to the background
(sample containers, see Section . Moreover, the bandwidth of the microwave
sensor is from 3.3 GHz to 10 GHz, which means the Wi-Fi signal may affect the
sensing results.

Classification accuracy analysis: From Table 3 to Table 14, almost all
classifiers meet expectations that millimeter wave classification accuracy is better
than the microwave. However, all coarse classifiers, such as the coarse tree and
coarse KNN, performed worse in millimeter wave classification than in microwave
classification. Based on our setting, the difference between the coarse tree and the
fine tree is the maximum number of splits (the coarse tree is 4, the fine tree is 100),
which controls the tree depths. In other words, less proper splits of the decision tree
would cause underfitting of the model. Moreover, from the scatter plots, the data
distributions of the millimeter wave are close to each other, like a tight cluster and
microwave data followed by a line. Based on Scikit Learn to provide the classification
comparison on synthetic datasets, the decision tree usually has bad performance on
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the cluster format input dataﬂ. This comparison explains possible reasons but needs
further proof. The coarse KNN (the number of neighbors is set to 100 for coarse
KNN) and fine KNN (the number of neighbors is 1) are having the same issue, which
is the under-fitting for coarse KNN with worse performance.

Machine learning method selection: After correctly setting the sensing
configuration, the machine learning algorithms would play an important role in
classification. We illustrate the benefits and disadvantages of the eight classifiers
and their suitable datasets. LDA and SVM have high accuracy in classifying the
multi-class mission in a cost-effective way (in training time). Coarse KNN and
Coarse Tree perform badly in all classification missions (coarse KNN only has around
20% accuracy), and from the tables of the sensing accuracy, we observed that no
matter what sort of classifiers used, the millimeter wave results are always better
than the microwaves except for different container tests. Therefore, for soil carbon
content sensing, we recommended selecting the SVM and LDA for microwave and
millimeter wave signal rapid classification. In addition, we plan to run the model
on the Raspberry Pi for in-situ sensing. A lightweight model is exactly the right
choice for these objectives. In the future, we will validate several lightweight models
to check their performance.

Impact of sample containers: Due to the fact that microwaves and millime-
ter waves can be absorbed, penetrated, and have reflective properties, the carrier
or container would be much more important for influencing the signals captured
and feature extraction. As discussed in Section [3.4.2.5] the different containers do
affect the sensing accuracy, and both microwave and millimeter sensing accuracy are
lower than using the same container (discussed in Section [3.4.2.1)). Moreover, we al-
ways expect that millimeter waves can achieve better-sensing results compared with
microwaves due to the millimeter wavelength being less than soil carbon (biochar)
size. However, millimeter wave has the worse anti-disturbance ability and is more
sensitive to different containers.

Moreover, we experienced that microwaves and millimeter waves can penetrate
glass, wood, and plastic with bare absorption, the reflection would be absorbed
through the water, and the signals would be highly absorbed and scattered through
the mental medium [223,224]. In our sensing practice, we should pay attention to
avoid this interference.

The IMAGEVK-74 (millimeter wave sensor) has total 40 antennas for trans-
mitting and receiving signals, where each receiver would receive all the transmitters
generating signals, also referred to as a sensor array. The advantage of the sensor ar-
ray is that it provides new dimensions to the observation, allowing more parameters
to be estimated and improving estimation performance. An array of radio antenna

?https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_
comparison.html
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elements used for beam-forming, for instance, can raise antenna gain in the direction
of the signal while decreasing antenna gain in other directions, thereby boosting the
signal-to-noise ratio (SNR) by amplifying the signal coherently. Because our target
is soil carbon, which is particles in the soil, using a sensor array to sense the soil
carbon content and distribution would give more guidance for precision agriculture
applications.

In the future, we plan to explore more proximal sensors, such as spectrome-
ters, for soil carbon content quantification. As we know, the spectrum of most soil,
carbon, water, etc., is focused on infrared bandwidth. We believe that combining
microwave, millimeter wave, and infrared response spectrum reflectance would fur-
ther improve soil carbon management. In addition, for proximal, in situ sensing
exploration, we would explore the XAI (eXplainable artificial intelligence) research
opportunities for predicting soil carbon content spatial distribution levels much more
precisely.

3.6 Chapter Summary

In this chapter, we demonstrated the comparison of using microwave and mil-
limeter waves to identify different amounts of soil carbon with their feedback origin,
usage, soil moisture, soil moisture under the effects of carbon application, and back-
ground characteristics of soil carbon content sensing. For the machine learning
classifier, we selected commonly used classifiers for classifying millimeter-wave and
microwave reflectance signals. In general, millimeter wave sensing is better than
microwave sensing for soil carbon content, which is around 10-15% improvement.
We illustrated the sensing mechanism and configuration from the proximal sensing
perspective of using microwave and millimeter waves for sensing soil carbon and
related biochar applications. The optimal algorithm parameters and the model re-
gression abilities are investigated. Our objective is to improve the simplicity and
accuracy of biochar application and the soil condition monitoring capabilities using
such sensing systems in real-time. In the future, we plan to attach the mentioned
two sensors to UAVs and UGVs to make such sensing systems easier to use and
more accurate for biochar application and soil condition monitoring in large-scale
fields.

Note that all reported results are reproducible and the collected datasets are
available by visiting the DRYADf] [130].

Shttps://doi.org/10.6071/M3M092
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Chapter 4

SITE SPECIFIC MANAGEMENT OF SOIL CARBON
CONTENT SENSING ON LARGE-SCALE FIELD

4.1 What is Site Specific Management?

Agricultural site-specific management (SSM) entails the changeable treatment
of soils and crops according to field-specific conditions. SSM, also known as “Grid
Farming”, “Farming by Soils”, and “Variable Rate Technology (VRT),” is a fast
developing combination of technologies that enables farmers to manage their soils
and crops as equipment moves across a field. SSM implies doing the right thing at
the right time, in the right place, and in the right quantity. Consequently, SSM is
intuitively attractive since it represents a method for enhancing the economic and
environmental performance of cropping systems. Despite its enormous potential,
SSM is an emerging technology yet in its infancy. SSM has its strengths (Pros) and
its drawbacks (Cons), which together describe the current status of SSM for agri-
culture (Realities). The following is a brief summary of some fundamental features
of SSM and the degree to which these elements have been developed or not [225].

Five core components comprise a site-specific management system: (1) spa-
tial reference; (2) measurement and monitoring of crop, soil, and environmental
attributes; (3) attribute mapping; (4) decision support system (DDS); and (5) dif-
ferential action. In the mid-1990s, notably with the maturity of global navigation
satellite systems (GNSS), in situ and on-the-go sensor technologies, geographic in-
formation systems (GIS), and variable-rate technology. These enabling technologies
make SSM widely adapted [225].

SSM helps to specify inputs to the demands of each management zone within
a field once the variation within a field has been identified and documented. This
involves three essential steps: (1) the identification of management zone within a
field, (2) an acceptable recommendation for each managed input for each manage-
ment zone inside a field, and (3) the capacity to precisely apply the managed inputs
such as water irrigation, fertilizer, pesticide etc. (precision agriculture) [226].

Overall, the SSM can be summarized in three actions: to know current location,
to gather needed information, and to make decision and action at the location. In
our scenario, the soil carbon content, soil carbon erosion, and carbon emissions may
be spatially varying. Therefore, utilizing the SSM strategy is essential to tackle
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the various environmental challenges. XAloT empowered edge devices, UAVs, and
UGVs can help to perform the site-specific management. Note that UAVs and
UGVs not only considered as sensing platform, but also considered as actuators,
which means if any zone has lower soil carbon than desired level, the UAVs and
UGVs would spread or apply biochar to increase the carbon content. Here, we
introduce Digital Twin to as a uniform platform enhance the efficiency in mitigating
carbon emission. We presented several preliminary results of using Digital Twin to
implement SSM in the following subsections.

4.2 Digital Twin Enabled Methane Emission Abatement Using Net-
worked Mobile Sensing and Mobile Actuation

4.2.1 Introduction

Global Methane Challengdl] as an international campaign of reducing methane
has attracted much attention for responding to potential global warming. Methane is
the second most significant known source of greenhouse gases, accounting for most
contribution to global warming. It is well understood that if the global climate
warms enough, permafrost will melt, releasing methane and CO, plus unknown
ancient viruses/bacteria [227], which will have an impact on human health. Methane
is abundant in the natural world, derived from bacteria in the soil, water, and
ruminant animals. Besides, human activities such as fossil fuel burning, dairy farms,
landfills, oil wells, and other sources of methane are primarily found in ecosystems
industry and agriculture. As a result, the main objective of methane abatement is
to reduce methane emissions into the atmosphere, especially from human activities.
However, there are still many impediments to abating methane emissions. The
primary research challenges, in particular, are a lack of an appropriate method for
measuring time-varying methane concentrations (in a spatial and temporal sense).

Prior research into methane detection has resulted in numerous advances in
sensing and actuation methods, including remote sensing by satellite [180], aircraft,
or sensors on the tower to monitor methane spreading. However, these remote
sensing techniques are constrained by space weather at fixed-location [148]. Due to
bad weather, methane concentrations may be jammed or shifted, making monitoring
more complicated and efforts hard in abating methane emissions. Another common
technique is regional surveillance, which entails putting several such as clouds sensors
on the ground to collect methane data simultaneously. However, the installation,
repair, and calibration criteria for these approaches [228] will substantially increase
their deployment expense and complexity.

lhttps://globalmethane.org/challenge/index.html
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Digital Twin in Methane Emissions/GHG within UAVs
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Figure 4.1: Digital twin in methane emissions quantification analysis.

To overcome these shortcomings, we introduced a Digital Twin (DT) frame-
work for reducing methane emissions with swarming UAVs. The DT is a virtual
representation of the physical asset or process that provides real-time data services.
Real-time data from the UAV moving sensor is extremely beneficial for real-time
methane distribution modeling using DT. This DT approach, when behavior match-
ing is well done, can be advantageous for mapping and forecasting methane emissions
because it requires fewer field trials but has a high-level prediction precision. To
do so, we utilize Matlab UAV toolbox , ROSﬂ, Gazeb(ﬂ and Web App
to deploy our DT platform, and we use the UAVs as mobile sensors and actuators
to track methane diffusion and will be able to spray methane neutralizers (e.g.,
biochar [28]) to abate methane emissions. The following are the challenges of using
UAVs as mobile sensors and deploying DT: 1) Connectivity instability and security
concerns about real-time data transfer from UAV to DT platform, 2) The uncer-
tainty associated with methane distribution concentrations that are time-varying,
adding ambiguity to the Digital Twin. To tackle these challenges, we designed our
DT system to: 1) transmit data opportunistically while UAVs are not performing
tasks (e.g., path planning, hovering, etc.), 2) apply the physical principle to develop
a core model of methane emissions, and 3) utilize machine learning algorithms to
iterate the DT or, behavior matching using real-time data efficiently. In summary,
the contributions of this work are as follows:

’https://www.ros.org/

3http://gazebosim.org/
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e We presented a DT that contains Matlab UAV toolbox, ROS, and Gazebo for
methane emission abatement;

e We tested our DT prototype of methane emissions to demonstrate the feasi-
bility, challenges, and opportunities of using the DT.

4.2.2 Digital Twin in Methane Abatement

Due to the ineffectiveness and inaccuracy of the conventional approach of moni-
toring methane emissions (More in Section , we need to develop a method that
accurately represents methane emissions processes and is also cost-effective. As a
result, DT as an Industry 4.0 component has come to our attention, and to our best
knowledge, there is no relevant work using DT to abate methane emissions. DT uti-
lizes various subsystems, including sensors and actuators, to gather data from the
natural environment. DT will analyze these data in order to make a decision and
give actuators instructions. Figure illustrates the role of each subsystem of DT
in methane emissions. Although DT has been shown to be effective and valuable,
there are numerous unresolved questions, which will be addressed in the following
subsections.

4.2.2.1 The Physical Principle Behind Methane Emissions

In this section, let us assume wind speed is at zero, then the methane as gas
diffusion satisfies fluid dynamics, which that the dynamically spreads in the time
and space domain, respectively. Partial differential equation (PDE) is used to
describe methane emission diffusion dynamics:

z,y,t
MDD (G L+ 2+ eate), (4.)
where f(z,y,t) is methane concentration, x and y are directions in space, ¢ is the
time, k is the diffusivity constant and c; is methane source.
We can easily construct virtual methane emission prototypes using the equation
above and assume that the actual wind speed is none-zero. The following step is to
consider the impact of the uncertainty disturbances.

2f  O°f

4.2.2.2 Uncertainty Conditions of Methane Emissions

In general, the uncertainty conditions include but are not limited to wind, local
temperature, different types of methane emission sources (such as point sources,
uniform distribution area sources, non-uniform distribution area sources, etc.), and
other unknown issues. Different uncertainty conditions need to add specific terms
to equation to approach accurate methane emissions.

Here is the idea of how to apply the wind field to the PDE. Once we get the
current wind speed and direction, we use the fluid dynamics equation as wind force
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split into x and y directions, respectively. This term needs to be added to methane
disturbance and actuators’ sides. Hence, based on different wind speeds and their
directions, it would approach natural methane emissions better.
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Figure 4.2: Mobile robots perform various tasks in a dairy farm.

Variations in local temperatures either accelerate or decelerate the kinetic activ-
ity of methane molecules, thereby exerting a significant influence on methane emis-
sions. Notably, these temperature fluctuations can be attributed to anthropogenic
sources such as dairy farms, landfills, and oil wells. Incorporating temperature
variables into differential temperature models is essential for effectively monitoring
methane emissions and assessing methane leakage.

To sum up, we discussed the essential elements of DT, which include the ability
to process real-time data, behavior matching, a modular structure, trackability, and
re-programmable. These components are feasible and are crucial for addressing un-
certainty in measuring environmental methane emissions. To address any unforeseen
or unfamiliar disruptions, we can employ an algorithm to train real-time data and
integrate it into our decision making, such as through machine learning techniques.

4.2.3 Networked Mobile Sensing and Actuation

Mobile sensors have advantages in acquiring fine-grained information and an
extensive detection spatial range for dynamic system characterization. Our UAVs
fly back and forth to map desired land fields, dairy farms, and so on. According
to the DT philosophy, multiple robots, each performing different mission tasks,
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equip themselves with sensors to perform sensing fusion and provide data to the DT
system. Figure demonstrates the possibility that we can have multiple mobile
sensors to finish sensing tasks. This figure suggests that we should equip more
diverse mission sensors to achieve more accurate data for DT.

Besides, the UAVs can also be used as mobile actuators to help DT find the
optimal location to spread biochar to abate methane emissions as much as the UAVs
can. Furthermore, to make UAVs fly to the desired locations as fast as possible,
we need to explore an optimal coverage control problem to find a better actuator
distribution strategy to effectively sample methane data and exchange information
between DT and physical entities. The related coverage control methods include
lead follower [231], potential field [232], virtual structure [233], centroidal Voronoi
tessellations (CVT) [234], etc.

After we combined mobile sensors and closed-loop control actuators, we have a
robust wireless sensor and actuator network (WSAN) for information exchange. In
addition, the battery management system decides whether to stay or act based on
remaining energy, which needs to be further noticed.

4.2.4 Preliminary Results

To validate our DT, we 1) conduct UAV toolbox, Gazebo, and ROS experiments
for UAV flight paths and waypoints following, and 2) write a script for applying PDE
(4.1]) as the platform of DT to build methane emissions dynamic processes.
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Figure 4.3: UAV waypoint flight path within UAV toolbox.
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We utilized the ROS toolbox in Matlab to make the connection between the
UAV toolbox and Gazebo. The coverage area and flight paths of UAVs were tested.
Gazebo drove the physical engine to demonstrate flight status and how UAVs fly un-
der uncertain conditions. Figure[4.3/shows examples of UAV fixed-point flight under
different altitudes. The swarming UAVs were implemented in Gazebo at Figure [4.4
to check swarming UAVs of coverage control feasibility. Figure [4.5] demonstrates the
prototype of methane emissions under no wind effects, and we observed a methane
diffusion process that approaches the maximum diffusion concentration (in the spa-
tial domain) almost at the middle of simulation time (total simulation time is 4s),
which demonstrates the methane diffusion characteristics.

*»$OUS -~ - @08

Figure 4.4: Swarming UAVs in Gazebo.
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Since there is no standard evaluation metric for DT, we only check task com-
pletion on each subsystem. The 3D flight path of testing fixed-point flight that
performs well, the coverage swarming such as the CVT algorithm in Gazebo per-
form efficiently. The PDE experiments was successful in simulating the methane
diffusion process. The only thing we need to notice about the order of PDE is that
it affects diffusion temporal and spatial information.

4.2.5 Discussion and Future Works

Networked sensors and actuators are mainly composed of UAVs, and their bat-
tery life is limited to the total mission lifetime. Besides, the payload of UAVs also
needs to be considered, as we need to use UAVs to spread biochar to abate methane
emissions. Thus, selecting a coverage strategy to cover the entire field as fast as the
UAVs can is the critical component of implementing real-time data updating.

When we simulate the methane diffusion process, the order of the PDE does
matter for methane emissions in the time and spatial domains, respectively. There
are supper diffusion and subdiffusion that correspond to different orders. Besides,
adjusting the order of PDE to meet those unexpected issues (wind field has many
types, turbulence, eddy, meandering [235], etc.) as referred to fractional order is one
way to approach DT in the practical situation of methane emissions. Once we have
configured the DT of methane emissions, we can easily predict and abate methane
by controlling our UAVs.

The opportunities and challenges of DT introduced by a combination of UAVs
as mobile sensors and actuators, real-world data input, etc., as virtual representation
can be further explored. We plan to explore the DT in the following directions: 1)
optimizing the UAV sampling operation schedule to increase the opportunity to
capture methane emissions and minimize the total mapping and prediction cost; 2)
deploying the Web App as user interaction to combine these subsystems (methane
emissions, UAVs, sensing, actuators, etc.) into the DT; and 3) collecting actual
methane emission data to enhance the DT by selectively hovering at desired locations
that allow high-fidelity data acquisition and transmission.

4.3 A Digital Twin Enabled Internet of Living Things (IoLT) Frame-
work for Soil Carbon Management

4.3.1 Introduction

Numerous environmental challenges that lead to climate or agricultural crises
on a global scale prompt us to consider innovative technologies that facilitate a
quicker recovery of our natural ecosystems. The first question is always how to
observe our ecosystem efficiently. We have recently become interested in a new con-
cept known as the Internet of Living Things (IoLT). The key idea is we envision
Internet-enabled cyber interfaces (or cyber insects) paired with living insects that
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would revolutionize the way we manage natural ecosystems by managing their be-
havior and communication with the surrounding environment [236]. However, it’s
difficult to employ sensors on insects to monitor soil conditions, and that would
also break ecosystem balance. Therefore, we employ Al on the Internet of Living
Things (IoLT), which has the potential to revolutionize soil carbon management.
Al-driven IoT generates intelligent technologies that mimic intelligent behavior and
facilitate decision-making with minimal or no human involvement. We declare this
combination Artificial Intelligent Internet of Living Things (AIoLT) [237].

Digital Twin (DT) [238] is a popular concept in Industry 4.0. It is the digi-
tal replicas of real-world objects designed to simulate, evaluate, and explain their
physical equivalents’ behavior. In soil carbon accounting management, DT dupli-
cates past objects and simulates future objects to provide farmers with actionable
scenarios. It enables farmers and stakeholders to respond to unexpected deviations,
for instance, by diagnosing problems on site and in advance, scheduling predictive
maintenance such as irrigation and fertilizer at the optimal time, optimal place,
and optimal amount, and by offering quick-reaction solutions to problems that are
accumulating. For carbon-neutral and carbon-negative techniques, DT speeds up
the production, marketing, and sales processes.

Previous techniques for assessing changes in soil carbon have used direct mea-
surement |183], indirect measurement (such as remote sensing) [108], model esti-
mates (using process-based or empirical models) [239], and hybrid methods that
combine direct sampling and modeling [240]. In general, soil carbon accounting
includes sampling, which involves randomly selecting a few bulks at a depth of
approximately 30 cm (with some recommending sampling down to 1 m) [241], air
drying samples, grinding samples, and then putting them into expensive element an-
alyzers, which require extensive lab resources and hardware costs. Besides, the main
items of the soil carbon accounting baseline take into account the time domain and
spatial domain, respectively, to account for fluctuations resulting from past man-
agement decisions and current distribution, including temperature variation, human
activities, moisture variation, etc. These methodological inconsistencies can result
in vastly different estimates of carbon net sequestration rates over the life cycle of
soil carbon footprints.

In addition, only a few studies have discussed soil carbon accounting using DT.
In [239,242], the authors discussed digital twin-enabled methane emission by using
networked UAV mobile sensing and model simulator-based estimation of methane
emission. A study of soil microbiomes for climate mitigation [243] has been illus-
trated by deploying a DT platform to monitor the GHG emissions situation through
microbial metabolism. These studies all target the single scenario of carbon account-
ing, which cannot meet the needs of soil carbon accounting.

To overcome these drawbacks, we utilized the DT as an essential analytical
platform to manage soil carbon accounting. The physical world data collection
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would use AloLT-enabled edge devices (soil carbon sensors, which are microwave
and millimeter Wave)m, mobile platforms such as swarming UAVs and UGVs to
obtain long-range and fine-grained information that would be helpful for soil carbon
management in large-scale fields.

To deploy the DT platform for virtual soil carbon management, ML algorithms
would be employed to analyze reflective signals from microwave and millimeter waves
that contain the soil carbon content. In the meantime, instructions would be sent to
UAUVs for spraying the proper substances, such as water, biochar, and fertilizer, that
sequester carbon in the soil. The main challenges of using AloLT-enabled sensors
and UAVs for deploying DT are: 1) how to assign artificial intelligence to soil
living things such as insects, plants, and microbiomes in order to reveal soil carbon
footprints; and 2) the AIoLT evaluation metric must meet DT properties [244]. To
tackle these challenges, we proposed a DT system to: 1) deploy proximity sensors
(AIoT) to observe the insects, plants, and microbiome distribution situations that
compose it into AIoLT; 2) develop a kinematic model that performs the implication
of the affection to soil carbon footprint by the living things; and 3) deploy ML
algorithms to power on DT using real-time data for interaction with the real world.
In summary, the contributions of this work are as follows:

e To our best knowledge, this is the first time to utilize the DT as the essential
framework to engage the edge-Al proximity radar sensors to do soil carbon
management referred to as AIoLT.

e We present an SCMDT evaluation metric to validate AIoLT with standardized
soil carbon accounting management.

4.3.2 Digital Twin in Soil Carbon Management

Most soil carbon exists in the form of soil organic matter (SOM) [245]. Soil
organic matter consists of microorganisms such as bacteria and fungi, decomposing
matter from once-living species such as plant and animal tissues, feces, and the
products of their decomposition. SOM is a diverse collection of elements ranging
from fresh plant remains to a highly decomposed substance, humus. SOM is com-
posed of carbon-heavy organic molecules. Soil organic carbon (SOC) levels [246] are
directly proportional to the amount of organic matter in soil, and SOC is frequently
used to assess organic matter in soils.

Several ecosystem processes, including photosynthesis, respiration, and decom-
position, interact to determine SOC levels. Photosynthesis is the process through
which atmospheric CO, is converted into plant biomass. A plant’s root biomass

“https://shop.walabot.com/products/walabot-developer-pack-new

Shttps://blog.vayyar.com/ignite-intelligence-vayyar-element
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primarily determines SOC input rates, but plant shoots also deposit litter. Climate
conditions, particularly soil temperature and moisture, influence the rates of photo-
synthesis, decomposition, and respiration. Therefore, our soil carbon management
digital twin (SCMDT) will mainly focus on SOC, living things, soil temperature,
soil moisture measurement, and our proposed SCMDT solution, as illustrated in

Figure [4.6]
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Figure 4.6: SCMDT-Digital twin in soil carbon accounting.

4.3.3 Digital Twin Front End of Soil Carbon Accounting
4.3.3.1 Proximity Sensors for Measuring SOC

As we previously mentioned, almost all approaches to measuring SOC and
greenhouse GHG emissions include collecting soil samples at designated sampling
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locations. Scientists typically place these samples into element analyzers after air-
drying, grinding, and weighing them. Some researchers also employ portable de-
ViCGSEl to detect carbon-based gases such as methane, CO,, etc. However, these
methods face limitations such as low spatial resolution, high labor costs, and ad-
ditional hardware costs. As a result, we would use proximity sensors to tackle the
challenges we mentioned and measure SOC both in practice and in real-time.

As shown in Figure .7, the microwave radar sensor is shown on the left, and
the millimeter wave radar sensor is shown on the right. In , the researchers al-
ready verified possibility of using proximity radar sensors to measure soil carbon and
soil moisture content. Using these proximity radar sensors to measure soil carbon
has many benefits. For instance, quantifying soil carbon is less labor-intensive, and
the proximity radar sensor is a small device (hand-sized) that is easily equipped on
autonomous drones or vehicles to detect large-scale soil cost-effectively. Lastly, the
implementation of the proximity sensor will not disrupt standard agricultural activ-
ities, including irrigation and fertilization. This sensor captures signal reflections in
real-time, making it an ideal data collection device for DT analysis.

Figure 4.7: Proximity radar sensor, left is microwave radar sensor, right is millimeter
wave radar sensor.

Shttps://www.gazomat .com/en/products/gazoscan/

128


https://www.gazomat.com/en/products/gazoscan/

4.3.3.2 Swarm UAVs Mobile Platform

For the characterization of dynamic systems, mobile sensors offer the benefit of
gathering local area data (fine-grained) and a broad detection spatial range. Our
UAVs fly back and forth in order to map desired sensing areas in large-scale fields.
The DT philosophy dictates that we equip multiple robots with sensors to perform
sensing fusion and transmit data to SCMDT. Previous research [242] has shown that
several mobile sensors can complete long sensing range tasks.

In addition, for UAVs to reach their destinations as quickly as possible, we
should investigate an optimal coverage management issue in order to identify a
better actuator distribution method for efficiently sampling soil carbon content data
and exchanging information between digital and physical entities.

4.3.4 Digital Twin Back End for Soil Carbon Accounting
4.3.4.1 Soil Carbon Classification Using Machine Learning

As indicated previously, soil carbon exists in a variety of formats, signifying
that it has a variety of structures [127]. The surface of living organisms, in partic-
ular, is comprised of numerous small, porous structures. Therefore, the microwave
signal permeates, absorbs, and reflects these structures when it encounters them.
In other words, by analyzing the reflective signals, we may obtain soil carbon data
like the amount remaining, different formats of soil carbon (solid, liquid, gas), water
retention capacity, etc.

The next stage is to analyze and classify the radar reflective signals. To reduce

the possible effect of classification algorithms on sensing accuracy, we looked at nine
popular classification algorithms in Table [4.1] in detail in [135][223].

Table 4.1: Selected nine machine learning algorithms with parameter setup.

Name
K-nearest Neighbors (KNN)
Decision Tree
Gaussian Bayes Naive (GNB)
Random Forest (RF)
Linear Regression (LR)

Support Vector Machine -Linear(SVML)
Support Vector Machine - RBF(SVMR)
Support Vector Machine - Sigmoid (SVMS)
Linear Discriminant Analysis (LDA)
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These classifiers all have great performance in soil carbon accounting. We aim
to create tools for data labeling, data preprocessing, and data analysis to support
DT and facilitate the implementation of further UAV commands.

4.3.4.2 Smart Big Data for Soil Carbon Accounting

[oT and edge devices (sensors and actuators) help researchers solve complicated
agricultural challenges [247|. Farmers or related researchers may track critical data
for farm management, such as soil moisture, wind speed, air temperature, humid-
ity, etc., The volume of data might be enormous and time-consuming to process.
Therefore, it becomes necessary to ”smarten up” this vast amount of data, a ques-
tion that will also arise in the context of soil carbon accounting. Soil temperature,
soil moisture, soil living things distribution, edge devices power life remaining, soil
carbon content, and so on need to be processed in real time and given useful informa-
tion. Therefore, we propose the concept of smart big data analysis. Smart big data
in soil carbon is an interdisciplinary research topic concerned with the extraction
of meaningful information, utilizing techniques from multiple fields, such as UAV
image processing, deep learning, pattern recognition, high-performance computing,
and statistics. We can filter and transform big data into smart big data before ex-
amining it for insights, leading to more effective decision-making. In Figure [4.6| we
deployed the three main subsystems, which are SOC measurement, risk alert, and
SCMDT evaluation, to compose the smart big data system and towards SCMDT
for running up the soil carbon accounting mission in the meantime.

4.3.4.3 Digital Twin in Soil Carbon Accounting Assessment

The verification and assessment of SCMDT need thorough exploration. We
believe that evaluating the performance of SCMDT involves several critical areas,
including system fault tolerance, soil data validation, data storage, data security,
data pre-processing, smart data processing, and the optimized antenna combina-
tion of radar sensors. Additionally, effective communication strategies for edge Al
sensors and UAVs must also be considered to ensure comprehensive functionality
and reliability. Therefore, to enable a standardized and quantifiable evaluation of
SCMDT, we created a model that takes into account the components we mentioned
earlier and accuracy of prediction for soil carbon content to determine the SCMDT
performance:

b
SCMDT = q Y wafuy(da), (4.2)

a=1

where fg,(d,) represent the sigmoid function applied to the bt components value

we mentioned above, and fy;, is the sigmoid function to restrict the value to [—1, 1].
The w, is the weight of each component a, which could be adjusted dynamically
due to different missions. The total SCMDT value range is [—1, 1], and ¢ is the soil
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carbon classification accuracy. Overall, the SCMDT represents data reliability and
DT data processing performance.

4.3.5 Discussion and Future Work

Edge sensors, AIoLT, proximity radar sensors, and UAVs can all serve as net-
worked sensors and/or actuators, but their battery life limits the duration of the
mission. When we evaluate the SCMDT’s remaining life, battery consumption be-
comes a essential concern. Thus, establishing an optimal strategy and self-health
awareness battery management system to cover the entire field as quickly as possible
using these AloLT sensors is an interesting future research effort.

The opportunities and challenges of SCMDT introduced by a combination of
edge Al sensor devices, AloLT, proximity radar sensors, and virtual soil carbon con-
tent can be investigated further. We intend to further investigate the SCMDT in
the following areas: 1) increasing the opportunity to capture soil carbon accounting
costs by optimizing the AIoLT proximity radar sensor distribution; 2) deploying a
uniformed user interaction to combine the subsystems (soil carbon content, proxim-
ity radar sensor, SCMDT evaluation, sensor life remaining, etc.); and 3) Enhancing
the strategy for monitoring soil carbon on a site-specific basis, where high-quality
data can be systematically observed and recorded.

4.4 A Case Study: Long Endurance Site-Specific Management of
Biochar Applications Using Unmanned Aircraft Vehicle and Un-
manned Ground Vehicle

4.4.1 Introduction

In recent years, the world has paid attention to climate change, and one of the
main reasons is that carbon emissions have lost control. According to the Envi-
ronmental Protection Agency (EPA), in 2020, methane (CHy4) accounted for about
11% of all U.S. GHG emissions from human activitie{, and most of them were the
methane generated from dairy farms. Methane is the second-greatest contributor to
global warming. To mitigate climate change, we must sequester carbon emissions
in the soil. Biochar is a carbon-rich product that can improve soil health by enrich-
ing its soil structures [248]. However, determining which places require carbon and
which generate lots of GHG remains a huge challenge.

Carbon sequestration is the process of trapping and storing atmospheric carbon
dioxide. Consequently, it can be employed as a form of climate adaptation due to
its proven positive effects on soil erodibility, water retention capacity, temperature,
and gross primary production [249]. Moreover, SSM in agriculture has been dis-
cussed widely and considered a characteristic of agricultural 4.0 [250]. Using SSM

"https://www.epa.gov/ghgemissions/overview-greenhouse-gases
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to capture, measure, quantify, and mitigate carbon emissions is suitable for agricul-
tural applications, especially on large-scale fields. The essential elements of SSM are
site spatial information and obtaining needed information, then making the correct
decision to manage. Several studies work on site-specific management using UAVs
and UGVs [181,1251-253]. In [253] and [252], these works confirmed the feasibility
of using UAV and UGV to manage nitrogen using remote sensing image processing.
In [251] used UAVs for imaging remote sensing and UGVs as actuators to spray
chemicals, and [181] created a smart bi-bike as a UGV for strawberry pest control
management. However, none of these studies combined UAV and UGV to perform
agricultural and biochar applications from an SSM standpoint.

Many studies have been conducted on UAV landing on moving targets, and
we chose several pieces of literature to summarize their contributions [254-263].
The UAV’s landing on a moving target can be categorized mainly in three ways:
vision-based control, optimal landing control strategy, and model predictive control
(MPC). Vision-based control includes traditional image processing, deep learning
image processing, etc. [254]. The optimal landing control strategy is based on mul-
tiple sensor fusion data sources, such as IMU, GPS, and ultrasonic sensors, to get
the landing coordinates [262]. The MPC method is based on UAV and UGV kine-
matic models to estimate and predict the vehicles’ status for landing [259]. These
studies are able to solve the landing on moving targets problem, but they are costly;
they require lots of computation resources, labor intensive work, and well-trained
people to manipulate the UAVs.

To tackle the challenges, we proposed a low-cost and long-endurance agricul-
tural carbon emissions site-specific management strategy using the combination of
UAV and UGV. In our system, long endurance has referred to UAVs and UGVs
having long flight times for the practice of biochar application on large-scale fields.
The significance of the system lies in the UGV’s role as a moving platform, enabling
UAVs to gather fine-grained information without power limitations. The sensor
payload consists of millimeter-wave (mm-wave) radar and microwave radar sensors
that have been proven to capture soil carbon content and GHG without causing
harm to the soil [135]. Thus, we designed our sensing system with two benefits:

e Our system requires less labor to operate on a large-scale field than other
SSMs that use a UAV and a UGV for agricultural purposes.

e To cut costs, the edge devices would be a co-pilot system that would measure
the amount of carbon in the soil and process the moving landing mark.

As a result, we target two challenges in this paper: 1) how to provide a reliable
landing strategy by using a simple controller (a proportional integral (PI) controller);
2) how to process the sensing data on time and the actuation (spray biochar or other
necessary allowable chemicals). Our system provides an in-situ SSM strategy for soil
carbon content and biochar applications. The contributions are as follows:
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e To the best of our knowledge, this is the first time that long-endurance sens-
ing and actuation for biochar applications have been implemented by a UAV
landing on a moving UGV as a backup station.

e To do proximity sensing, we equipped the UAV and UGV with mm-wave radar
and microwave radar sensors as payloads.

e We conducted experiments to evaluate our mission-guided biochar application
system.

The rest of the paper is organized as follows: Section depicts the sys-
tem’s framework architecture from a mission perspective. Section presents the
evaluation setup, and the preliminary results are shown in Section [4.4.4]

4.4.2 Framework and Architecture

In this section, we first introduce the complete scenario of mission planning
using a UAV and UGV combination to detect field carbon emissions. Then we
explain our sensing system, including the UAV, UGV, and co-pilot system that
help complete the sensing mission. The payload, such as carbon emissions sensors,
batteries, and a spray tank, would also be introduced later.

4.4.2.1 Mission Planning

We mainly focus on UAV autonomous landing on UGV while sensing carbon
emissions to improve SSM endurance. In Figure 4.9, the UGV would follow the
field path, slowly moving on the trail, and spray necessary chemicals and biochar
if needed. To collect carbon emission information, the UAV would fly toward the
survey area. The specific sensing process involves the UAV flying by the top of the
survey area, hovering or landing on the crop or field, sampling, and then flying to
the next survey area. In the meantime, we consider two cases: 1) In the event of the
UAV’s battery depletion, it has the capability to autonomously return to the UGV
landing location to avoid a collision and undergo a battery replacement; and 2) the
UAV can talk to the UGV to do sensing and actuation procedures by sending GPS
coordinates and pre-processed survey information (by AI devices on the UAV), such
as less or more carbon emissions. In the end, after finishing the survey mission, we
should be able to get a carbon emissions map of the field.
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Figure 4.9: UAV and UGV for sensing carbon emissions diagram.

4.4.2.2 Site-specific Management Sensing System

Our sensing system mainly consists of UAV and UGV, as shown in Figure [4.10]
We build a UAV from scratch by using a lightweight and low-cost TAROT 650
Carbon Fiber framd® The 4 motors we used are T-Motor MN3508 KV380, which
would give a maximum takeoff payload of 1.4 kg. Using a 9500 mAh (6S 1P) battery
would support at least 40 minutes (no extra payload). In addition, we customized
the co-pilot system installation structure by using the 3D printer (Figure red
words and points direction). The Raspberry Pi is the essential processor for running
landing pad marker coordinate tracking, receiving GPS signals from UGV, and also
being able to send UAV GPS location through Pixhawk’s telemetry to UGV for
both communications. The camera we used was the Raspberry Pi camera, facing
downward to the ground. The UGV was retrofitted from a toy to a tool [164].
The UGV would be programmed by mission plannerﬂ for survey path planning and
waypoint setup that allows for autonomous driving to the needed survey area. The

details are shown in Figure [4.9] and

8https://www.rc-wing.com/tarot-t165b01.html

9nttps://ardupilot.org/planner/
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Figure 4.10: UAV and UGV sensing system.

4.4.2.3 Mobile Sensing Platform Payload

The payload of the carbon sensing mission mainly consists of sensors, biochar,
a spray tank, and backup batteries, as shown in Figure 4.11] The sensors and
microwave and millimeter-wave sensors would be equipped on the UAV and UGV.
For more details, please see our previous work [135,264]. We would primarily equip
the biochar with a UAV| enabling in-situ spraying after analyzing the carbon results.
The spray tank and backup batteries are on the UGV. The spray tank can carry
anything, such as water, chemicals, and biochar, to spray them at a specific location.
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Spray Tank

Figure 4.11: The payload options of the mobile platforms. The biochar, microwave
radar, millimeter wave radar, battery, and spray tank are shown individually.

4.4.3 Approach Methods

The experiment setup and methods would be discussed in this section, including
proximity sensor data collection, controller performance, mission simulation, and
vision-based marker tracking.

We designed two fields for demonstrating entire experiments on the long-
endurance SSM functionality of our system. In the first field, the UAV and UGV
demonstrate the touch-and-go survey method for SSM biochar applications. In the
second field, we zoomed in on the touch-and-go method, which involves the UAV
landing on the moving UGV with a visual tracking algorithm target and a properly
tuned PI controller. We ran the simulation on Matlab 2022b and conducted the
data analytics on the same platform.

4.4.3.1 Proximity Sensor Data Collection Configuration

As shown in Figure 4.11] we deployed the microwave and millimeter wave radar
sensors, respectively. The microwave sampling rate was set at 102.9 GHz, and
the millimeter sampling rate was set at 100 kHz. We record the microwave and
millimeter-wave radar data when the UAV approaches the desired survey area. The
sampling repeats each sensor 20 times at the same location (technically, the UAV
would have a small vibration due to wind or GPS error). The Raspberry Pi receives
the data for processing, enabling the UAV to determine whether to spray biochar and
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forward the data to the UGV. Please see [135] for information on carbon emissions
from radar signal processing.

4.4.3.2 UAYV Landing Process — A Simulation Approach

At the beginning of the simulated mission survey developed, the objective was
for the UGV to navigate between two fields of size 10 x 10 m, separated by a distance
of 1 m (see Figure . We achieved this by positioning waypoints at the extreme
points of each field and directing the UGV to minimize the distance between itself
and these waypoints. In the first half of the survey, we set up waypoints for the
UAV to survey Field 1, which involved landing on the field, taking off, landing again
within the same field, and then taking off again. The waypoints would be picked at
either a point of interest or with equal spacing throughout the field. This method
was to display a close encounter with the soil sample by conducting a touch-and-go
survey, which creates a grid-style survey. After completing the survey in Field 1,
the UAV proceeds to Field 2, utilizing a hover-sweep survey methodology instead of
the touch-and-go approach. We once again introduced waypoints, but selected the
inner corners of the field to facilitate a sweeping method for data collection. This
hover-sweep represents collecting data samples from a more overgrown field where
landing cannot be done. The waypoint navigation for both the UAV and UGV of
the distance-driven velocity controller is handled using :

d"’ = 0" — X}, (4.3)

where d*? denotes the distance between the i*" vehicle state and waypoint state %7,
where j € J € R. X} denotes the i*" vehicle state which contains (z,y, ) position
at timestep & and 6% denotes the waypoint position j in 3D space also containing
(z,v,2) position for the i'" vehicle. Once the distance between the waypoint and
the vehicle is calculated, the velocity of i*" vehicle is calculated using :

dz‘,G

v’ Vv

= Na:0n Vmaz (44)
||

where v denotes the velocity of the i vehicle and V;,. represents the max velocity
of the " vehicle. In the case of the simulations, the maximum velocity for the UGV

and UAV is 0.5 m/s and 1.5 m/s, respectively.
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Figure 4.12: Full trajectory of the UAV and UGV survey missions of size 10 x 20 m
where the starting point is denoted by a magenta square. The black squares denote
the UGV trajectory, while the blue line represents the UAV trajectory. The landing
sequence of the UAV onto the UGV is denoted by red circles.

Once the UAV completed the survey mission, the new objective was to land
on the UGV while the UGV was moving. This process was done in two parts, first
lining up with the UGV from 0.1 m above by matching UGV velocity and position,
then landing on the UGV by reducing the UAV’s vertical velocity (see Figure .
The distance-driven velocity controllers mentioned previously in and are
coupled to be used with a PI controller.

to

dVAVUCY — ke + / edt, (4.5)
t1

The error e is calculated using (4.3) and then passed into the PI controller

to output dVAV"UEV  which denotes the distance between the UAV and UGV at a

height of 0.1 m above the UGV. We then used this to calculate the UAV’s velocity

in the (x,y, z) directions, aiming to initially catch up with the UGV before landing.

4.4.3.3 Vision Process of Landing Target

Once the UAV matches its horizontal speed with the UGV from above while
beginning in the frame, the landing sequence commences. There would be 5 arcuo
markers on a flat surface of the UGV with the same orientation but positioned in
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an X pattern. Four large markers are at the corners of the flat surface while a single
smaller aruco marker is in the center. This was done to allow the Raspberry Pi
4 camera to see the large markers from a far distance during the landing descent
stage. As the UAV reduces its altitude closer to the UGV, the larger markers would
become omitted from the field of view (FOV) of the camera, leaving the smaller
aruco marker left as the driving factor of localizing the landing point.

During the initial descent stage, the centroid of the marker pattern is calculated

in :

> oro XA
N,
where C is the measured (z,y, z) location of the centroid of the aruco markers with
respect to the camera on the UAV. x{ represents the measured (x,y, z) location of
the ¢*" aruco marker at time step k, where ¢ € Q € R and N,,, denotes the number
of markers used.

C= (4.6)

4.4.4 Preliminary Results

We conducted a series of experiments to evaluate our long-endurance site-
specific management system. A simulation approach includes two controllers, one
for controlling the landing process and another for tracking UGV movement.

4.4.4.1 Controller Performance Analysis

We evaluated our PI controller’s performance based on the landing sequence.
Figure shows the 3D of the UAV landing on the moving UGV process. When
the UAV approaches its last survey waypoint, it starts the landing sequence. We
divided the PI control for the landing sequence into two stages: the transition from
the survey to the UGV’s above-ground landing pad, and the final landing on the
UGV. During the first stage, shown in Figure [£.14] the y and z directions converge
to 0, while the UAV’s x position is catching up with the x position of the UGV. Once
the UAV position is caught up with the UGV, the next stage is engaged (see Figure
of the landing sequence. The UAV then matched the horizontal velocity of the
UGV while reducing vertical velocity to land on the UGV, as shown in Figure [4.13
and . The timestep size dt we set is 0.1 s, the UGV moves at 0.5 m/s, the
maximum UAV speed is 1.5 m/s for survey missions, and the UAV’s velocity is
constrained to 0.6 m/s during the landing sequence. The overall controller performs
well and is cost-effective, making it suitable for use on the UAV’s edge devices.
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Figure 4.13: Landing sequence trajectory of a UAV and UGV survey mission. UGV
trajectory is represented by black squares, while UAV point mass trajectory is rep-
resented by blue circles. The landing sequence of the UAV onto the UGV is denoted
by red circles.
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Figure 4.14: Controller performance for X, Y, and Z directions of the UAV towards
landing on the UGV.
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4.4.4.2 Tracking Moving Target Analysis

Testing the vision system for the landing sequence consisted of using OpenCV
on a Raspberry Pi 4B with a Picamera. A board outfitted with 5 aruco markers
was used to test the accuracy of the vision system’s capability in determining the
distance and position of the markers with respect to the camera.

Figure 4.15: Testing a landing vision system with 5 aruco markers using the OpenCV
Python library for detection. The coordinates denoted in the upper left corner
represent the distance of the calculated centroid of all markers from the camera
principle point. The red circle represents the calculated centroid of all aruco markers
combined.

Figure 4.16: Testing the landing vision system with the camera close to the board
observing a single aruco marker.
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The frames captured while determining the accuracy of marker measurement
are shown in Figures [1.15] and [4.16] For the far distance case (Figure [{.15), the
measured distance the vision system calculated the markers to be was 1.81 m, while
the true distance between the markers and camera was 1.78 m. The centroid of the
group of markers on the board showed a slight shift from the center of the middle
marker. While for the close distance case (Figure [£.16]), the measured distance the
vision system calculated the markers to be was 0.78 m, while the true distance
between the markers and camera was 0.77 m.

4.5 Conclusions

This chapter begins by introducing the concept of SSM, a sophisticated system
designed for biochar applications. The system leverages an array of technologies in-
cluding UAVs, UGVs, and proximity sensors, which are integrated into various pay-
load options to optimize the practice of SSM. Our design is aimed at enhancing the
mission life and operational feasibility of carbon sequestration initiatives, centering
on the sustained endurance of the mobile sensing platform. This is achieved through
an innovative approach enabling UAV autonomous landing on a moving UGV, as
verified through simulation of the landing sequence and vision-based marker track-
ing.

Building on the foundation of SSM, we delve into the DT concept, applying it
to dairy farms for networked sensors and actuators within the realm of the [oT. The
DT-enabled methane emission abatement framework that we present employs a UAV
toolbox, ROS, and Gazebo, in conjunction with mobile sensors and actuators. We
provide a detailed exposition of the DT’s core physical principles, demonstrating how
mobile sensing and biochar spreading can significantly mitigate methane emissions.
Preliminary results showcase the efficiency of UAVs in flight path management,
swarming actuators, and in tracking methane diffusion processes, indicating DT’s
substantial potential to enhance methane abatement.

Subsequently, we expand the scope of DT into the IoLT proposing a soil car-
bon accounting management system (SCMDT). This system integrates proximity
radar sensors, AloLT, and UAVs as mobile sensors and actuators. We outline the
fundamental physical principles of SCMDT, alongside an evaluation metric for ver-
ifying soil carbon content accounting. The utilization of common machine learning
algorithms for determining soil carbon content is discussed, positing SCMDT as a
unifying framework poised to revolutionize soil carbon management.

These developments are exemplified in a case study on long-endurance site-
specific management sensing and actuation systems for biochar applications. Our
system offers multiple benefits over traditional carbon emission management strate-
gies, such as non-intrusive sensing and suppression of carbon emissions, extended
operational endurance through UAV-UGYV interfacing, and cost-effectiveness in edge
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computing. The system’s controller exhibits rapid response times, with vision
marker tracking errors maintained below £ 0.02 m on average.

In the future, our efforts will pivot towards real-world system validation, with
an emphasis on devising comprehensive evaluation metrics for biochar applications.
To bolster the realism of our simulations, further exploration into ROS2 and Gazebo
is needed. The development of Al-enabled edge devices for advanced radar signal
processing is also on the horizon. We plan to expand our machine learning al-
gorithms to establish an exhaustive site-specific management model, incorporating
UAV and UGV sensing data to elevate sensing precision. Moreover, the incorpora-
tion of Explainable Al (XAI) will enhance decision-making processes, empowering
agricultural and environmental experts to tackle insights from UAV and UGV data
streams and other sensor inputs.
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Chapter 5

EXPLAINABLE ARTIFICIAL INTELLIGENCE (XATI)
EMPOWERED DIGITAL TWIN ON SOIL CARBON
EMISSION MANAGEMENT USING PROXIMAL
SENSING

5.1 Introduction

Digital Twin (DT) becomes a more and more important management tool in
Industry 4.0 and has enabled many applications. DT is a digital replica of a physical
entity, system, or process that enables real-time monitoring, analysis, and optimiza-
tion. By creating a high-fidelity virtual model that accurately mirrors the real world,
it is updated from real-time data and uses simulation, machine learning, and domain
knowledge to help decision-making accurately [265]. DT enables many applications
of precision agriculture in that it represents certain land areas or ecosystems for
managing carbon emissions. DT would take into account various parameters such
as the type of soil, vegetation, climate, human interaction, and many more. With
the help of sensors and satellite Imagery, real-time data can be collected and fed into
the digital model. However, the models used in DT are usually trained by machine
learning or deep learning algorithms, which are more or less black boxes, which
means there is less transparency and interoperability to help DT make reasonable
decisions. Thus, we decided to involve explainable artificial intelligence (XAI) in
DT to better manage soil carbon emissions.

Explainable Al is a subfield of Al that focuses on creating models that provide
clear, understandable explanations for their decisions and actions [266]. XAI can
address some of the shortcomings of DT for carbon emission management. With
XAI, the decision-making process of the DT becomes more transparent and under-
standable. This is particularly useful when the DT is used for complex scenarios
where it’s crucial to understand why a particular prediction or decision has been
made.

Prior research on DT applications for carbon emissions management has focused
on the DT framework proposal. In [242] was proposed DT for methane emissions
using mobile sensing and mobile actuation on dairy farms. The Internet of Living
Things (IoLT) has been investigated and validated for soil carbon emission, and
DT is suitable for managing soil carbon emission as a core platform [267]. Papers
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above systematically illustrated how to apply DT to carbon emissions management,
including gas and solid carbon emissions, which is the holistic idea of how to utilize
DT and its benefits. Recent works using DT for precision agriculture and soil
condition diagnosis are explained in ,. These works discussed applications
and challenges in agriculture by combining data science. Several works, such as
1270] applied XAI on DT for managing the versatile corn production ecosystem,
while , discussed potential applications of using DT on agriculture activities.
However, these works did not explain how to enhance the DT’s performance on
prediction or decision-making in carbon emission management and did not even
introduce potential functions if XAl is involved.
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Figure 5.1: XAloT empowered digital twin in soil carbon emissions quantification.
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To address these shortcomings, we introduced an XAloT-empowered DT frame-
work for managing soil carbon emissions with advanced proximal sensing (Al can be
applied to the collection data section at local devices (AloT) that justify whether
data is reliable or not). In addition, we also explored mobile sensing and mobile
actuation in ,, and the proximal sensors can be attached to these mobile
platforms for acquiring fine-grained information. In summary, the contributions of
this chapter are as follows:
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e We present an XAloT-DT that contains explainable artificial intelligence com-
ponents to explain, and interpret the DT prediction results and improve them.

e We validated our XAIoT-DT framework based on real-world soil carbon con-

tent datasets to demonstrate the feasibility, challenges, and opportunities of
our XAIoT-DT.

5.2 XAIoT empowered Digital Twin in Soil Carbon Emissions Manage-
ment
Industry 5.0 seeks to reintroduce human, environmental, and social ele-
ments [273]. Therefore, we inherit DT from Industry 4.0 and add XAIoT to DT
to better solve precision agriculture and environmental challenges. We will discuss
the details of the XAloT-DT framework for soil carbon emissions management in
this section. The entire framework is shown in Figure 5.1, and the definition of
XAIoT-DT is shown in Section We will illustrate XAI components in the
next section.

5.2.1 The XAIoT-DT Framework

As shown in Figure [5.1, we conducted physical twin data collection for soil
carbon emissions activities such as moisture, temperature, nutrients, tree growth,
living things activities, air quality, GHGs, etc. Each of these variables is monitored,
including but not limited to the proximal sensors. In our previous work, we applied
Al to edge devices to process, label, and verify the collected data in advance. Next,
the preprocessed data would feed into DT To clearly address DT, we simply revealed
the all-data relationship in the following:

f(Sxaror—pr) = {Sr, Sm, Sp, Sap, Sk, ...}, (5.1)

where f(Sxaror—pr) is the virtual soil carbon emissions activity generated by DT.
St,Sv,Sp, Sap, Sr are temperature, moisture, phenology, air quality, flux, and so
on, respectively.

In the DT process, DT will do data analysis and learn soil carbon behaviors,
which means training the model by feeding it real-world data. After that, DT would
generate the prediction results for the next level of carbon emissions, and we would
add the XAI component to judge whether the results are reasonable and reliable. If
it gives unreliable results, we will go back to the training stage to retrain the model
by adding XAI feedback. After that, we acquire the carbon emissions results, and
these results can guide the physical soil carbon sensing, quantification, mitigation,
and so on in agriculture activities.
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5.2.2 XAI Explainer Strategy—Shapley Index

Shapley value was first proposed by Lloyd Shapley in Game Theory [274], and
it is a fair allocation of the total gain generated by a cooperative game to individual
participants. The Shapley value of a feature for a specified query point explains
the contribution of the feature to a prediction (the response for regression or the
score for each class for classification) at the specified query point. The Shapley
value represents the deviation between the prediction for the query point and the
average prediction caused by the feature. For each query point, the total deviation
of the prediction from the mean is equal to the sum of the Shapley values for all
features [275,276].

The Shapley value of the " feature for the query point z is defined by the value
function f:

o) = > U= o @) - fsto) (5.2
SCN\{i}

where ¢;(x) is the Shapley value of the i feature for the query point z, S is a
subset of features not containing the i** feature, N is the set of all features, and the
sum is over all subsets S of N that do not contain the i feature. |S| is the number
of features in subset S, fg is the prediction model trained only on the features in
subset S, fsugiy is the prediction model trained on the features in subset S and the
ith feature.

In this paper, to implement the Shapley algorithm, we used intervention al-
gorithms [275] that compute the expected contribution by using artificial samples
created from the specified data x. The results are presented in Section [5.3]

5.3 Preliminary Results

To validate our XAIoT-DT and especially XAI components, we mainly con-
ducted an explanation effort of signal features extracted from proximal sensor sig-
nals, which are microwave and millimeter wave signals. The datasets we used are
already published [130], and they were collected from the soil carbon content by
using microwave [135] and millimeter wave [264]. The microwave signal contains
8192 features, and the millimeter wave signal contains 1024 features. Here we se-
lected the amount of soil carbon content that contains 5 classes and the amount of
soil moisture that contains 6 classes for the classification mission. At this time, we
will mainly focus on the XAIoT-DT performance, while the details regarding data
processing workflow can be found on our previous work [135,264,267].
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Figure 5.2: The Shapley value distributions of the microwave and millimeter wave
signals that come from 20% of the soil and carbon mixture.
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Figure 5.3: The Shapley value distributions of the microwave and millimeter wave
signals that come from 20% soil moisture.

As shown in Figures and [5.3] we demonstrated the first 10 highly correlated
features extracted from the signals that affect the prediction results. Positive values
mean positive correlations, and negative values mean negative correlation or bad
contributions to the results. We checked the prediction results for the first class
(20% of the soil and carbon mixture and 20% soil moisture). The correlated signal
distribution is from the first few milliseconds to the last few milliseconds. This is
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an important observation: we can train our models based on these highly correlated
features to reduce costs. In addition, we trained the model using the SVM classifier
by only feeding these 10 features into the model; the classification accuracy is 90.6%
in microwave and 95.2% in millimeter wave, respectively, which are close to previous
results.

5.4 Discussion and Future Works

In this work, we propose an XAlIoT-DT framework for better monitoring and
managing soil carbon emissions so that we can mitigate climate change. The pri-
ority should be data collection and sensor calibration. Users should ensure that
the sensors used for data collection are regularly calibrated and maintained to pro-
vide accurate and reliable data and also consider expanding the range of variables
monitored in (5.1]) if new research indicates other factors significantly impact soil
carbon emissions. Moreover, the iterative process of model training and XAI feed-
back is crucial for improving the accuracy of predictions. We would like to consider
implementing advanced machine learning techniques rather than classifiers, such as
reinforcement learning, which could potentially improve the efficiency of this itera-
tive process.

In the future, we will keep investigating how the XAlIoT-DT framework could
be integrated with other systems, such as weather forecasting systems or satellite
imagery, to provide additional data that could improve the accuracy of soil carbon
emission predictions. User-friendly interfaces and data visualization tools would
also be developed to help end-users, such as farmers or land managers. Finally,
long-term studies to assess the impact of the XAIoT-DT framework on soil carbon
emissions and overall environmental health also need to be conducted and validated.
This could provide valuable data for refining the framework and demonstrating its
effectiveness.

5.5 A Case Study: A Miniature Millimeter-Wave Radar Based Con-
tactless Lithium Polymer Battery Capacity Sensing with XAI

5.5.1 Introduction

In recent years, the use of drones and UGVs for precision agriculture ap-
plications has become a significant area of research, while the use of recharge-
able batteries in electrical systems, such as portable devices, etc. [277], has be-
come more widespread. As a significant electrochemical energy storage solution
for drones and electric vehicles (EV), lithium-ion batteries are among the most
commonly used rechargeable batteries. For numerous applications, Li-Po (Lithium
Polymer)batteries have been chosen due to their exceptional advantages, including
critical high single-cell voltage, critical high discharging rate (often several times
greater than the charging current rate), critical long service life, and critical wide
typically operating temperature range. However, it is still a challenging problem to
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accurately sense SOC and estimate how much capacity left for safety critical mission
in use of the battery.

To tackle the challenges, several researchers and industry companies proposed
battery management systems (BMS) for EVs and drones [278]. It examines battery
performance indicators such as SOC, SOH, power state, and battery discharging
rate condition [279-281]. Modeling with parameter identification, and additional
studies on optimal charging design [278] are the conventional techniques for Li-
Po. Two most commonly used models for Li-Pos are the equivalent circuit model
(ECM) [282] and the electrochemical model [283]. The ECM is an impedance-based
model that focuses primarily on electrical properties. In recent years, ECM has
been expanded by including temperature equations or other chemical reaction equa-
tions [283], and the single particle model (SPM) and its extended forms have gotten
a lot of attention in recent research [284]. Some research has proposed fractional
order models (FOM) for Li-ion batteries to improve the performance and accuracy
of BMS, such as fractional circuit impedance models [285] and fractional electro-
chemical models [286]. During charging and discharging, these fractional models
can better explain the nonlinear, stochastic electrochemical behavior of Li-Pos.

Most BMS systems are built according to the simulation model to estimate the
battery life. We all know that the life time of a battery will reduce over charging
cycles. In other words, estimating the capacity is not accurate in battery use, which
is not reliable to provide safety instructions. There is only one work that tests
drone batteries using a contactless method (Microwave sensing [287]). However,
the sensing accuracy is not consistent, and the models cannot run on edge devices
(such as the Raspberry Pi, which can easily be mounted on drones or UGVs).
Other research [105288-291] and [135] used mm-waves and microwave for materials
classification and soil carbon sensing, but not for battery monitoring. So, here we
apply millimeter-wave radar sensor for battery capacity monitoring system, which
has two innovations:

e Compared with the traditional method and microwave of sensing battery ca-
pacity, the mm-wave radar sensing method is less labor-intensive and more
accurate compared with existing contactless solutions.

e A portable mobile device is easily equipped on an autonomous drone or vehicle
to detect SOC and SOH in a cost-effective way without causing a negative
impact on the battery.

As a result, we target two challenges: 1) How to convert a mm-waves signal in-
dicating battery capacity, 2) how to use these unique mm-wave signal characteristics
to predict battery life. The contributions of this work are as follows:

1. To the best of our knowledge, this is the first time work to show that mm-wave
radar can detect Li-Po battery capacity on site.
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2. We revealed a potential relationship between features from mm-wave re-
flectance and battery capacity and voltage based on physical knowledge.

3. We validated our system by conducting real-world experiments and machine
learning algorithms.

5.5.2 Materials and Methods
5.5.2.1 Sensing Hardware

The ImageVK-74 mm-wave sensor is from Vayyarﬂ and was designed and man-
ufactured by Mini-circuit{’} Please see more details in Chapter

The drone battery we used is 6S 1P (6 cells in series connection, no parallel
connection) with fully charged voltage 25.1 V, and the capacity is 9500 mAh (as
shown in Figure left). A battery contains an anode, a cathode, a separator,
an electrolyte, and two current collectors (positive and negative). Both the anode
and the cathode contain lithium. Through the separator, the electrolyte transports
positively charged lithium ions from the anode to the cathode and vice versa. The
mobility of lithium ions generates free electrons in the anode, which in turn produces
a charge in the positive current collector. The current then flows from the positive
current collector through the load device (cell phone, computer, etc.) to the negative
current collector. The separator prevents electrons from flowing through the battery.
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Figure 5.4: Drone battery 9500 mAh with high discharge rate.

While the battery is draining and supplying an electric current, the anode
discharges lithium ions to the cathode, resulting in an electron flow from one side

"https://www.vayyar.com/

2https://www.minicircuits.com/
p
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to the other. When charging the battery, the converse occurs: the cathode releases
lithium ions and the anode receives them (See Figure right).

Since we understand the charging and discharging process of the Li-Po battery:
the variation of terminal density during charging and discharging would be captured
by mm-waves radar. This physical principle inspired us to believe that battery
capacity monitoring through mm-waves is feasible.

9500 mAh Li Po Battery

Figure 5.5: Load circuit for battery capacity draining along with mm-wave radar
sensor sampling hardware setup.

5.5.2.2 Millimeter Wave Signal Classification Methods

In this section, we proposed using machine learning algorithms to process the
sample of the mm-wave signals that categorize the battery capacity and voltage.
We select PCA to reduce high dimensions and use linear SVM to do classification.
For the details of linear SVM, see Chapters [2| and

To solve the multi-class classification problem, N binary SVM classifiers are
created in the case of N-class issues (N > 2). The i* SVM is trained so that
samples in the i*" class are labeled as positive and all other samples are labeled as
negative. In the classification process, a test sample is obtained from all N SVMs
and is labeled based on the classifier with the highest output [292].

In addition, we used the Classification Learner App from Matlabﬂ to imple-
ment the classification mission. The Classification Learner is used to train classifier
models using many popular models such as decision trees, discriminant analysis,
support vector machines, logistic regression, closest neighbors, naive Bayes, kernel
approximation, ensembles, and neural networks. Moreover, 10-fold cross-validation
is used to tweak hyper-parameters and validate the performance of all models on

3https://www.mathworks.com/help/stats/classificationlearner-app.html
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our soil carbon samples. The accuracy and confusion matrices are used to sense how
well the objects have been categorized.

5.5.3 Experiments
5.5.3.1 Experiments Setup

To further capture the variation of the battery capacity during charging and
discharging, we need to use an equivalent discharging circuit to simulate the battery
used for drone power consumption. The objectives are to test the batteries, includ-
ing: 1) real battery capacities, 2) obtaining the real cutoff voltage. The load circuit
we deployed is shown in Figure . We connect two 2() resistors in series (total
external resistance is 4.1 2). The fully charged battery voltage is 25.1 V (Open Cir-
cuit Voltage). Therefore, this load circuit would generate around 5 to 6 A of current
for fast discharging. Moreover, the mm-waves sensor is placed above the battery
at less than 2 cm height to keep sampling at every 1000 mAh of consumption by
monitoring the loading circuit, such as the power cost.

The sampling frequency of the mm-wave sensor is from 62 GHz to 69 GHz. We
sampled each sample 20 times for the purpose of reducing likelihood error. We set
up 150 sampling points during the frequency band we mentioned, and the RBW is
100 KHz for reasonable sweep time and lower noise. To evaluate our system’s per-
formance fairly, we introduced a confusion matrix to calculate average classification
accuracy. The 10-fold cross-validation is also employed to adjust hyper-parameters
and validate all models’ performance on our battery capacity samples. The ac-
curacy and confusion matrix are presented to evaluate the classification objects’
performance.
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5.5.3.2 Evaluation
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Figure 5.6: Original mm-wave data from varying battery capacity.

As mentioned earlier, we used PCA and linear SVM to reduce the data dimen-
sion and perform multi-class classification, respectively. The original data scatter
plot is shown in Figure [5.6, Totally, it has 8 classes from 100 mAh to 7100 mAh.
The scatters of each class is pretty independent of each other.
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Linear SVM, Accuracy 98.8%
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Figure 5.7: Confusion matrix of SOC classification of Li-Po battery

The accuracy of categorized capacity is 98.8% from the confusion matrix after

10-fold cross-validation (See Figure [5.8). In [287], their classification accuracy of
voltage is 93.06% by using the microwave radar, which is lower than using mm-

waves radar.
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mm-Wave Signal Energy Vs. Battery Voltage Drops
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Figure 5.8: Comparison of mm-wave signal energy and battery voltage drops

In addition, we also investigated the relationship between mm-wave signal en-
ergy and battery voltage drops in Figure 5.8, As shown in the figure, the mm-wave
signal energy decreases slightly as capacity decreases and the voltage drops from
23.5 V to 20.0 V. As we know, the voltage drops of Li-Po batteries are non-linear,
and we need to further explore the relationship of mm-wave signal energy with the
capacity to predict the battery health, which may help the earlier battery alarm to
whether to trigger emergency landing of the drone or not.

5.5.4 Discussion and Future Work

In this study, we proposed a contactless method of measuring battery capacity
by identifying the reflectance signals of mm-wave radar. The accuracy of measuring
capacity is higher than microwaves radar. However, there are still some issues that
need to be discussed.

The sensing distance affects the sensing accuracy. We tried many times to place
the mm-wave radar sensor on top of the battery, and we discovered that if we place
the sensor more than 3 or 4 cm above from the battery, all of the scatter points are
the same (See Figure. To achieve the most accurate results, we will design more
experiments to validate the sensing accuracy affected by the placement distance.
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Figure 5.9: Failure case of using mm-wave sensing.

In addition, when testing battery capacity, the battery should not be moved
for at least 10 minutes for stable electrolyte density. In Figure [5.10, we tested a
fully charged battery six times every 10 min. As we can see, the signals of first time
sensing are far away from the rest of the tests. These unique features should be paid
attention to when measuring battery activities such as SOC, SOH, and voltage and
capacity left. Moreover, this method has also been validated by different batteries
(same capacity, same connection, same materials), and they also achieved the same
results.
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Figure 5.10: A failure case of using mm-wave radar sensing.

Another consideration is that the ImageVK-74 has a total of 40 antennas for
transmitting and receiving signals, where each receiver would receive all the trans-
mitters generating signals, also referred to as a sensor array. The advantage of the
sensor array is that it provides new dimensions to the observation, allowing more
parameters to be estimated with improved estimation performance. An array of ra-
dio antenna elements used for beamforming, for instance, can raise antenna gain in
the direction of the signal while decreasing antenna gain in other directions, thereby
boosting the SNR by amplifying the signal coherentlyﬁ Because our objective here
is materials with varying Li-ion density, using a sensor array to sense the electrolyte
density and Li-ion distribution would give reliable battery health awareness for all
electrical systems, including EV safety control.

5.6 Chapter Summary

In this chapter, we presented an XAIoT-DT framework for managing soil car-
bon emissions. DT can help understand the intricate dynamics of these emissions
and manage them more effectively. Combining DT with XAI by introducing Shap-
ley value as the preliminary explainable method for addressing soil carbon content

‘https://en.wikipedia.org/wiki/Sensor_array
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sensing results can greatly enhance users’ ability to understand, monitor, and man-
age soil carbon emissions, helping us address the pressing issue of climate change
more effectively. In addition, we also extened the XAI concept to XAloT, which
enables many potential smart applications that not only work for the precision agri-
culture sector but also work in many other environmental, urban, and infrastructure
construction scenarios.

In addition, the cognitive battery management system and a contactless method
of measuring Li-Po battery capacity and SOC are presented. We employed a mm-
wave radar sensor, designed a load emulation circuit, and machine learning algo-
rithms (XAI) for building groundtruth. After conducting a series of experiments,
we found that our system has a higher sensing accuracy (98.8%) than using a mi-
crowave radar sensor.

In the future, this mm-wave radar sensor can be placed on the drone to get
the on-site battery capacity monitoring to form a battery health awareness system
to prevent crash damage. Moreover, the proposed cognitive BMS framework needs
to be explored further to estimate the reliable capacity by introducing working
temperature, future mission requirements, etc.
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Chapter 6

SOIL METHANE EMISSION SUPPRESSION CONTROL
USING AUTOMATIC DRONE SWARM APPLICATION
OF BIOCHAR MULCH - A SIMULATION STUDY

6.1 Introduction

Methane (CHy) is a GHG that is getting more and more attention as people try
to curb global warming. Natural methane can be produced extensively by bacte-
ria [293] that live in the soil, water, or ruminant animals (the stomach of cattles has
four compartments that ferment food as a significant part of the digestion process.).
As a GHG, methane traps infrared radiation in the atmosphere and contributes to
global temperature warming and thus climate change. Industrial and agricultural
methane can also be regarded as the second most abundant GHG made by humans,
which ultimately comes from fossil fuel combustion [294], dairy farms, landfills, etc.
Once it is emitted, methane will exist in the atmosphere for at least 12 years |295].
As a result, the global climate is getting warm enough to potentially release some
unknown ancient bacteria/virus [227], which existed in permafrost. Keeping away
from these unknown viruses by curbing global warming is becoming a more common
sense. Besides, methane is extremely flammable and could result in an explosion,
causing damage to people or industrial infrastructures, raising unexpected financial
costs [296]. It seems that reducing methane emissions into the atmosphere is the
best way to inhibit global warming potential. However, the main research challenge
is how to curb methane emissions in the soil by where, when, and how much to apply
biochar mulch from a team of UAVs. The research questions include: what’s the
best way of measuring time-varying methane concentration (in a spatial sense) and
how to control methane emissions under wind field disturbances effectively. These
two main research challenges are the keys to curbing methane emissions in this
application.

Prior research into methane detection (or remote sensing in general) has led to
many developments in sensing and actuation approaches, such as methane emission
maps provided by satellite [180], [297], aircraft, or sensors on the tower to visualize
the methane distribution. However, these remote sensing methods are susceptible
to space weather constraints [148]. Bad weather can delay or change methane in-
formation, which makes it harder to take steps to control the emission source (like
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methane emissions). Another popular method is regional monitoring, such as plac-
ing multiple fixed-location sensors on the ground to simultaneously acquire methane
information. However, the installation, maintenance, and calibration requirements
of these methods (e.g., [228]) would significantly increase cost and complexity. More
recently, companies such as SenseAir or Figaro have developed small, cheap, and
low-power GHG sensors that can be used in regional monitoring. Although these
sensors are calibrated to measure much higher quantities than what may be found in
natural emissions, several works [298-300] have made good progress in exploring the
ability of these sensors to measure at the natural emission levels. For this work, we
assume that sensors like these can be used for methane sensing simulation purpose.

In this chapter, we present a soil methane emissions suppression approach us-
ing swarms of UAVs by spreading biochar mulch on top of the detected methane
emissions area/source. Microorganisms in the soil can produce methane and release
it into the atmosphere, causing climate change, such as global warming. However,
people lack methods to manage soil methane emissions, especially the quantifica-
tion of methane emissions from the soil. Current methods for measurement and
suppression of methane (e.g., remote sensing using satellites, regional sensing with
multiple embedded sensors, etc.) are often limited due to the maintenance, instal-
lation, and calibration requirements. Besides, none of these methods put forward
how to suppress methane emissions. To overcome these drawbacks, we present a
new method called FADE-MAS2D (Fractional Advection Diffusion Mobile Actua-
tor and Sensor) in which swarming UAVs are applied as an optimal coverage control
to various methane release scenarios (from single to multi-source disturbances) uti-
lizing an anomalous diffusion model with different time and space fractional orders
subject to wind fields. This strategy is based on the premise that methane diffusion
can be modeled as an anomalous diffusion equation to which swarming UAVs can
be applied to tackle the optimal coverage control issue. To simulate methane diffu-
sion under the wind, we utilize fractional calculus to solve the anomalous diffusion
equation and define wind force with the drag equation. However, this approach in-
volves two challenges. First, biochar mulch would also be affected by the wind when
spreading it. Second, due to the continuous influence of wind, swarming UAV's have
lots of fluctuations when flying to the desired location. These issues may lead to a
large-scale system failure. To address the wind challenge, we propose a PI controller
to reduce the suppressing methane emissions’ compensation effects. To determine
the optimal PI controller coefficients, we must incorporate emissions control, UAV
control efforts, and UAV position error into the cost function. We evaluated our ap-
proach using simulation experiments with methane diffusion and multiple methane
emission sources in the time and space domains, respectively. The results show that
when a = 0.8 and § = 1.8, the emission dynamics of methane look realistic. Fur-
thermore, our approach resulted in great control performance with multiple methane
emission sources and different wind velocities and directions.
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As a result, we designed our FADE-MAS2D system with easily accessible ma-
terials and comprehensive algorithms that provide two advantages (innovations):

e The wind field was added to the fractional advection diffusion model for the
first time to simulate the effect of area source diffusion under the wind distur-
bance. Drone flights and the spray materials (biochar) are also assumed to be
affected by wind fields.

e Consider the total emissions area, UAVs control efforts, and actuators position
error as guidance for finding the optimal controller performance.

More specifically, the main research challenges are: first, the traditional anoma-
lous diffusion model [301] can only describe a stationary diffusion process, which
means when the methane source is moving (subject to wind), it fails to demonstrate
the methane diffusion, and UAVs would not know where to apply the biochar.

Second, the optimal UAV coverage control strategy can deal with disturbances
and delays. The UAVs need to move towards the methane diffusion source given
the UAV’s optimal distribution location based on measured methane data from the
regional sensors, and then apply the biochar mulch to suppress emissions. Third,
in the real world, the most common situation is that methane diffusion would be
affected by wind and turbulence. Therefore, since we already have a mathemati-
cal model for anomalous diffusion and want to see how multiple UAVs correspond
to the methane diffusion subject to wind, we believe that adding a wind field to
our anomalous diffusion model can be a substantial computational challenge. To
overcome this, we only look at the advection-diffusion equation on a larger scale.

To address the modeling challenges, we proposed a method that applies
fractional-order calculus to describe the methane diffusion in the time domain and
space domain, respectively, which corresponds to our first challenge. Fractional
order calculus has non-local and hereditary properties, making fractional differen-
tial equations powerful to model the methane diffusion process. We also applied
CVT proposed by Qiang Du et al. [234], which serves as a multiple UAVs dis-
tribution strategy to command our UAVs to spread biochar to accommodate the
methane diffusion area. We then added the advection term to the anomalous dif-
fusion model [301] to accommodate the wind field conditions. The modeling is
validated by using Simulink in the time and space domain with UAVs. The main
contributions are summarized as follows:

1. Proposed a practical biochar spreading application algorithm based on CVT
using UAVs swarms as networked moving actuators or spreaders.

2. In FO-DIFF-MAS2D [302] simulation platform, multiple meth-ane emission
sources can be considered to better characterize the real methane emission
dynamics in the region of interest.
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3. We added wind in FO-DIFF-MAS2D to create a fractional advection diffusion
mobile actuation and sensing (FADE-MAS2D) model which is more realistic.

6.2 Problem Statement

Suppose that anomalous diffusion processes occur in a convex polytope €2 : Q C
R2. R is the set of all real numbers. Denote R_. the set of all positive real numbers.
The time-domain ¢ > 0 or t € Ry U{0}. Let p(z,y,t): 2 x R,y U{0} — Ry U{0}
represent the methane concentration. The corresponding spatial-temporal dynamic
process can be modeled by using the following advection-diffusion equation is:
Pp 0%

_‘{‘U——FV—:D(%‘Fa—yZ), r,y € Rt >0, (61)

where p(z,y,t) is the methane concentration, U and V' are the advection velocities
along = and y directions, respectively, and D (D > 0) is the diffusion coefficient. If
U=0,V =0, is the standard diffusion equation. If |U| > 0,|V| > 0, then
the equation is called the advection-dominated diffusion [303]. The fractional
anomalous diffusion model is described as follows:

C ra Pp , Pp _
o Dip(x,y,t) = ka(amQ + 0y2) + fa(psz,y,t) + fe(p, 2,9, 1), (6.2)
and space fractional diffusion equation is:
dp(z,y, 1) p  Fp _
=k t (p,x,y,t), 6.3
9 ﬁ(amﬁ + a,y|ﬁ)+fd(p,w,y, )+ fe(p, @y, 1) (6.3)

where p(z,y,t) is the methane concentration, k, and kg are positive constants rep-
resenting the diffusion rates, fy(p,z,y,t) is the source, p is the measured data of p
from the sensors, f.(p, z,y,t) is the control input by mobile actuators to spread the
biochar, and its dynamic equation depends on the closed-loop control that designed
by the user based on certain control performance requirements, and we will intro-
duce it in Section [6.3] §Dgp is Caputo fractional derivative of order o (0 < a < 1)
which is defined in [304]. Its mathematical presentation is shown below:

(6.4)

__ 1 t —«
Cpo,— F(ll—a) fo (t—=7)" % (z,y,7)dr, 0<a <],
ot p= 9p o1

Bt

oB8

s . . L. .
The operators ;'Tfﬁ and 8|y|% are Riesz fractional derivatives. The representation is

defined as follows [304]:

163



p _ —QCB(RLDf@P +re Dlyp), 1< <2, (6.5)
a‘x|ﬁ ng7 B =2,
p _ ;C,B(RLDf,yﬂ +re D) gp), 1< B <2, (6.6)
yl” | 55 B =2,

where RLDf’x, RLDf,b’ RLDgy, RLng are the left/right Riemann-Liouville deriva-
tives for variable x and y defined in [304]. The parameter cg in and is
Cg = m.

Let P = (p1,..,pn) be the location of n actuators and |-| be the Euclidean
distance. Each actuator at position p; will receive information from sensors and
then move towards the methane diffusion area and release or spread the biochar by
a control law. The objectives are:

e Control the methane diffusion to a confined area.
e Spread biochar optimally while avoiding overspread the area.
e Suppress the methane emissions.

n actuators will divide € into a set of n polytopes V- = v1,..., v, p; € v, v;Nv; =0
for i # j and UL, ; = Q (7; = v;Udv; and Q = QNIN) [301]. The actuators should
be close to areas with high methane concentrations in order to control the diffusion
process and reduce the methane emitted area. This will allow the methane to quickly
absorb the biochar and prevent further diffusion. But putting all the actuators very
close to the methane source is not a good strategy. Hence, to decide the positions
of the actuators, we consider minimizing the following cost function [301]

K(P) = Z/V p(q)lqg — pil*dg, forq € Q. (6.7)
i=1 @

Obviously, we needed to minimize IC, the distance between actuators and desired
location generated by CVT, |¢—p;| should be small when the methane density p(q) is
big. The density function p(¢q) determines the optimal positions of the actuators. A
necessary condition for K to be minimized is that {p;, Vi}%_, isa CVT of Q [234]. Our
algorithm is based on a discrete version of (6.7)),and the concentration of methane
comes from the measurements of mesh sensors.
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6.3 Algorithm of Optimal Control Strategy & Simulation Platform
6.3.1 Optimal Actuation Algorithm

In this section, we give the algorithm to compute the locations of actuators
by using CVT [305], [306], [307], as mentioned before, we use Lloyd’s method to
determine CVT. The algorithm is described as follows [234]: Give a region , a
density function p(z) defined for all z € Q, and a positive integer k. Therefore,
the algorithm [2| has the details of how to generate a CVT map to command UAVs
moving towards the mass centroids points.

Algorithm 2 CVT generation based on Lloyd’s method.
Require:

Initial set of K points {Z;}% | as the generators
Ensure:

Voronoi generators are in region 2
Initialize UAVs positions p;(0) € €;
Initialize sensors positions ¢; € €2;
while Convergence condition not satisfied do
for each sensor ¢; do
Find the nearest UAVs p;(k);
Check ¢; € 2 and send it to UAV p;;
end for
Each UAV calculate the mass centroids p;(k);
Each UAV move towards to p;(k);
Update k = k + 1;
11:  Update p;(k) = p; (k)
12: end while

,_.
@

Although each UAV can calculate its own desired mass centroid, it still requires
computational resources, which could slow down convergence or, even worse, cause
divergence. Thus, to overcome these limitations, we assume that an actuator can
communicate with the sensors and other actuators within a changeable radius r;.
Here we introduce an improved algorithm from [305] with mild modification. Af-
ter each Voronoi cell and its centroid have been generated, each UAV will do the
following;:

1. Assign its detection range r; with a small initial value, detect all its neighboring
sensors with radius r;.

2. Generate its own Voronoi cell within the radius 7;.

3. For every sensor ¢;, compute L; = max |q; — p;.
J
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4. If r; > 2 x L;, stop. Otherwise, set r; = 2 X r;, go to the next iteration.

Considering UAVs indeed have a detection range, this procedure can lower the
computational cost due to the real application such as spreading biochar. r; obtained
at the first step will be used as the initial values for the following steps. More
specifically, these procedures explained the different strategies in the For loop of
Algorithm [2| This improvement on the algorithm from [305], [308] helps to reduce
the computational requirements.

The mobile actuators are regarded as virtual particles and obey the second-
order dynamical equation:

t
pi = kpe — kypi + kz/ e(t)dr,
0

e = (p; — AP, — pi,

(6.8)

where Ap’ is the desired offset due to the wind, the first term of on the
right-hand side is a proportional control law used as the force input to control the
motion, and p; is the desired location from computing the mass centroid of the
current Voronoi cell. The second term is the viscous friction artificially introduced
[309]. k, is the friction coefficient, and p; denotes the velocity of the actuator i. The
last term is the integral error to reduce the fluctuation of UAVs when approaching
the methane source. As for how to determine k, and k,, we will explain in the
experiment subsection.

6.3.2 Wind Field Effects

We consider how methane diffusion is affected under the wind field, as we
mentioned earlier. In general, the wind field not only affects methane diffusion,
but it also affects the actuators to spread biochar mulch. Since applying wind to
diffusion equation, it has been claimed to be advection-diffusion. Here, we introduce
how the wind affects spreading biochar mulch.

As we know, the trajectories of the objects, which are the biochar mulch falling
from the height, would be parabolas, as shown in Figure [6.1]
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Figure 6.1: Spreading biochar mulch under wind field

The wind force can be split within x and y directions. Based on the drag
equation from fluid dynamics, the wind force is represented as below:

1
fw = icdpairSVQa (69)

where C indicates drag coefficient, p,;- denotes air density, S represents the cross-
sectional area, and V' is wind velocity relative to biochar mulch. Since we have wind
force, we need to add the term on control law f., at the following location:

j’o(t*)Q + .Tot* + Zo,

6.10
o (t*)? + got™ + o, (6.10)

——

< R
% %
I

N— N

the z¢ and yg represents the current mulch location, and t* =  / % is the time that is

needed for biochar mulch to drop to the ground. Therefore, with wind, the methane
concentration in our measurement should be modified to:

p(,y,t) = p(Tim, Y, 1), (6.11)

where z,, = x4+ 2%, y,, = y + y*. We will introduce the methane diffusion, biochar
mulch spreading effects under wind in Section and Section [6.4]
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6.3.3 Simulation Platform of FADE-MAS-2D
The simulation platform FADE-MAS2D is mainly based on FO-DIFF-
MAS2D [302] for fractional-order modeling and control with mobile sensors and
actuators. FADE-MAS2D is deployed fractional module to solve the PDE
Based on (Section [6.11]), f(p, x,y,t) consists of control and methane source.

f(ﬁ,I,y,t) = f6<ﬁ(xmaymvt>ax7yat) + fd(x7yat)7 (612)

where p = p(Z, Ym,t) is the measured data of p(z,y,t) from mobile sensors,
fe(p(Tmy Ym, t), x,y,t) is the control law that applied to mobile sUAVs, and its
closed-loop control law is provided by the user. fy(x,y,t) is the methane source.

The following two types of boundary conditions can be used in the problem
formulation.

e Dirichlet Boundary Condition

where C' is a real constant.

e Neumann Boundary Condition

)
9P — oy 4 Cop
on

where C; and (5 are two real constants. m stands for the outward normal
direction.

FADE-MAS2D uses the finite difference method to discretize the spatial deriva-
tive in (Section [6.2), then leaves the time domain integration to Matlab/Simulink.
Specifically, FADE-MAS2D is used to solve a two dimensional fractional diffusion
equation. As an extension of FO-Dift-MAS2D [302], the main features of FADE-
MAS2D are listed as follows:

e Sensors and actuators can be collocated or non collocated.

Disturbances can be movable, and they can change over time.

The mobility platform dynamics of sensors and actuators can be modeled as
either the first or second orders.

Movement of sensors and actuators can be open-loop or closed-loop.

Control algorithms can be applied in f.(5(Zm, Ym,t), z,y,t).
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6.4 Simulation Experiments

In this section, we conducted a set of experiments with methane emissions
and spreading mulch to check system performance. We first introduce the simu-
lation configuration and initialization of sensors and actuators in (Section [6.4.1]).
Next, we present and analyze the time and space fractional diffusion processes
that were compared with and without wind fields using our approach (in Sec-
tion |6.4.3] 16.4.2][6.4.4} [6.4.5)). We then explore the effect of the different control
law parameters we proposed to seek the optimal control strategy (Section .
Finally, we validate our FADE-MAS2D platform approach to simulate the multiple
diffusion sources (Section [6.4.7)).

6.4.1 Experiment Setup

To evaluate our methane emissions under different situations, we proposed
FADE-MAS2D for this simulation. The boundary of simulation is given by {2 =
{(z,y)]0 <z < 1,0 <y < 1}. The methane source is modeled as a point distur-
bance f; to the fractional diffusion system Section with its position at (0.8, 0.2)
and the representation of f; is shown below:

fd(t> = 2067t|m=0.8,y:0.2- (613)

The methane source begins to move at ¢ = 0 in (), four actuators that can re-
lease or spread the biochar mulch are deployed with initial positions at (0.33,0.33),
(0.33,0.66), (0.66,0.33), (0.66,0.66), respectively. There are 30 x 30 sensors evenly
distributed in €2, and they form a grid over the area. The wind coefficients U and
V' are initialized with 0.2, the unit of wind velocity is normalized based on simu-
lation length. In our simulation, we suppose that once the sensors are deployed,
they remain static. In Section [6.2, we can see the initial positions of actuators, the
positions of the sensors, and the position of the methane source.
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Figure 6.2: Initialization of static mesh sensors, methane source and mobile actua-
tors.

Several preparation steps are needed before simulation studies. The entire
simulation time varies from ¢ = 4s for a single source, to ¢t = 5s for multiple sources.
The time step is set to At = 0.005s for the system’s numerical algorithm. The
UAVs recompute their desired position every 0.1s. To demonstrate how the UAVs
inhibit methane diffusion, we turn on the actuators and at t = 2s. The evolution
of the methane diffusion and biochar mulch released by UAVs are demonstrated in
the following sections.

6.4.2 Wind Effects

Let us recall the advection-diffusion equation. When |U] > 0 and |V| > 0,
the standard diffusion equation is transformed into an advection-diffusion equation,
where U and V' denote the velocity in the U and V' directions, respectively. Based
on this, and given that the coefficient of diffusion D is 0.01, we choose the velocity
along the x and y axes of the U and V areas to be 0.1 with direction, which is ten
times greater than D. The simulated wind effects are shown in Figure and no
wind effects are demonstrated in Figure
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6.4.3 Time Fractional Diffusion Equation
The dynamic transport system with control input is modeled as the following
time-fractional diffusion equation:

Pp  9?p
C na —
o Di'p(z,y,t) = 0‘01(@ + 9

0 0 _ .
)—0%£+0%£+ﬁMMm%ﬂ+ﬂ@wwih
(6.14)

with homogeneous Neumann boundary, given by

9p _

n 0.

Therefore, the initial value and boundary condition are:

p(x,y,0)=0, O<zx<l, O<y<l,

p(0,y,t) = p(1,y,t) =0, (6.15)
p(x,0,t) = p(z,1,t) = 0.

The fractional order « dictates the time-fractional diffusion behaviours. To
illustrate the effect of o, we tested different v values to show the behaviours of the
diffusion process. We plot total methane emissions to show the different behaviors
with different o values. The different diffusion behaviors with different o are shown
in Figure (6.3
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Figure 6.3: The diffusion behaviours under different o.

As we can see in Figure[6.3] we choose « from 0.8 to 1.2 since we want to show
the different behaviors with integer order and fractional orders. When o < 1, the
methane emissions grow fast as sub-diffusion but easily reach the critical value when
t < 2.25s. As we mentioned earlier, the controller’s delay in lowering the methane
after 2 seconds is because the UAVs need to move towards the pollution area (CVT
desired locations are marked as red dots in Figure. The super-diffusion happens
when a > 1, which is growing slowly, but they still need time to reach the maximum

concentration.
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(a) Methane diffusion with wind field.
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Figure 6.4: (a) The solution of time-fractional partial differential equations for sim-
ulating the methane diffusion system with the upper left wind, its velocity is 0.1,
and the diffusion coefficient is 0.01. The alpha is fixed a = 0.8. (b) Same as (a) but
no wind effect.

6.4.4 Space Fractional Diffusion Equation

The system is modeled by the following space fractional diffusion equation, that
is presented as follows:

op(x,y,t) 9°p 9%p dp dp N
é)t O (]]'(69Lr|6 _% £9|11|5 ) O ]-é) +_ 0 ]-691/ +_ jii(ﬁ% x 3/7 ) +_ j%(/)73773/7t)7
(6.16)

where the boundary condition with homogeneous Dirichlet boundary condition is
given by:
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p(z,y,t) =0,

where x,y € 0. The initial condition is:

plx,y,0) =0, 0<z<1,0<y<l, (6.17)

Here, we choose several values of 5 and plot the methane diffusion over timeThe
graph is presented in Figure [6.5

beta=1.6
beta=1.7
beta=1.8 ||
beta=1.9
beta=2

beta=2.1
beta=2.2 ||

Total pollution
(4]
T
1

Figure 6.5: The diffusion behaviours under different j3.

As we can see from [6.5] the higher § corresponds to a smaller diffusion process.
6.4.5 Time and Space Fractional Equations

The diffusion process can be fractional in both the time and space domains,
respectively. The transport dynamic is defined as below:
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9°p 9%p dp ap
C Nna ~
D ) =00(z—=+ 5—=) — 02—+ 02— t (p,x,y, 1),
0 tp(x7y7 ) <a|x|5 + 8|y|5) ox + ay +fd(p,x,y, )+f(p T,y )
(6.18)
where its boundary condition is:
plaa = 0.

From the previous Section [6.4.3, and Section [6.4.4, we choose that a = 0.8 in
Figure [6.3] and § = 1.8 in Figure [6.5] for control study. Based on the literature
review describing diffusion of methane that satisfied sub-diffusion [310], we select
here § = 1.8. The total methane emissions are described in Figure [6.6]

10

T
Alpha = 0.8, Beta= 1.8

Total Methane Emissions

Figure 6.6: The diffusion behaviours when o = 0.8 and § = 1.8. Note that when
t = 2.25s, biochar mulch spreading control is turned on.

6.4.6 An Optimal Control Strategy
In this section, we will validate our controller with different &, and k; from (6.8]).
At t = 2.25s in the simulation, the UAVs begin to respond by spreading biochar
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mulch kg (spray rate) to absorb methane diffusion. There are several PI controller
tuning methods, such as heuristic tuning, rule-based tuning, and model-based tun-
ing. Due to different scenarios, we would generate a cost function for tuning k, and
k; that considers three main components, which are total methane emissions area,
control efforts, and UAVs position error. The cost function is defined as follows:

ming, g, k, J(kp, ki, k) = ming, g,k AR () + K 30 ) 51 + Q2 (eh)},
R+K+Q=1,
(6.19)

where R, K,() are the weights of each components. The first term is the total
methane emissions, the second term is the total control input signals (control efforts)
per number of actuators; and the third term is the total actuators (UAVs) position
error. The goal of this cost function is that we want to minimize these three items
to get the optimized k, and k; parameters for the actuator controller. The spraying
rate of the amount of biochar k, in f. must also be optimized.

To find the optimal control performance, we need to set different weights for
each item in (6.19), The table containing the different weights is shown in Table[6.1]
We proposed four scenarios that consider all items and assign the same weight to
each item, as well as extreme scenarios involved. The friction parameter (the noise
of UAVs, such as drifting) has been set at k, = 1.

Table 6.1: The weights of cost function for determining k,, k;, and k;.

Methane Emissions | Control Efforts | Position Error | Average
R 1 0 0 0.33
K 0 1 0 0.33
Q 0 0 1 0.33

Next, we create the matrix for k,, k;, and kK, respectively, and use their per-
mutation of these parameters to find minimization of the cost function. By selected
ten number from each parameters uniformly by given range are 0.1 < k, < 80,
0 <k <80,and 0 < ky; < 80, we would find the minimum J among 1000 grids.
The minimum J of each cases is shown in Table [6.2] As we can see, when the fric-
tion coefficient k£, = 1 and the weights of the cost function have been averaged, the
controller coefficients k, = 0.1, k; = 0, and sprayer rate k; = 8.8899 in Figure are
consider as the optimized coefficients for f.. The controller effects with optimized
ky,, k;, and kg under different R,K,() is shown in Figure as well.. The methane
diffusion has been controlled, as demonstrated by simulations in Figure [6.9]
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Table 6.2: The optimized k,, k;, and ks under different weights configuration.

K, | K; K

AveR, K, | 0.1 | 0 | 8.8899
Only R [0.1| O 80
Only K 0.1 0 0
Only @ 80 | O 0
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Figure 6.7: Comparison different control process under different R, K, ) and no

control baseline.

In Figure[6.7] we can see the control effects of the extreme situation and it would
not be suitable for the real methane emission suppression process. The R term is
unconcerned about the total amount of biochar carried by UAVs, which means it
could spray indefinitely. The drone’s battery life and speed are limited (limited by
K term), which means the drone cannot just fly towards the desired location within
a second. The @ term, like the K term, only considers the UAVS’ position error,

which has no concern on UAV missions (suppression of methane emissions). As
a result, this cost function can be used as an optimal control strategy for better

control effects when determining which parts are most important or costly during

the process of reducing methane emissions.
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Figure 6.8: The total amount of biochar mulch sprayed based on different weights
configuration

The total spray per UAV based on Table has been demonstrated in Fig-
ure As we can see, the different actuators would spray different amounts of
biochar mulch due to their different initial positions, whether close to the emission
source, etc. The Only K, the only (), and the no control cases have not taken k;
which means no spray at all during the suppression mission. This would be useful
when we do real emission control, as the UAVs’ payload needs to be taken into
account in different spray situations based on the simulation results.
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(c) The UAVs fly to their desired CVT locations and finish the control.

y x

Figure 6.9: (a) The methane is diffusing, as shown in the green area under the
wind field, and it is about to get the most concentration. (b) The sensors detect
methane emissions and send them to UAVs. The UAVs start to spread biochar
mulch as shown in the yellow area to curb the methane. The mulch is considered
they have weights and can be affected by wind. (c¢) The control ends at the end of
the simulation time.
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The sensors detect methane emissions and send them to UAVs.

Figure 6.10

The UAVs start

to spread biochar mulch as shown in the yellow area to curb the methane. (e) The

control ends at the end of the simulation time.
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We set up methane sources at (0.35, 0.35) and (0.65, 0.65) in Figure [6.10] and
we also changed the wind direction with U = —0.2 and V' = —0.2 to see how the two
emissions combine. As we can see in Figure [6.10] the diffusion of multiple sources is
fused as expected with each other, and our actuators with the desired control law
perform better than previous work [301]. We can obtain the UAVs tracing the de-
sired CVT location and emission sources to spread the biochar mulch dynamically.
Similar experiments with four sources are demonstrated in Figure [6.11] To see the
multi-source emissions diffusion process, we set up the sources in (0.3, 0.3), (0.7,
0.3), (0.3, 0.7), and (0.7, 0.7), with wind coefficients of U = —0.2 and V' = 0.2.
The actuators take control efforts for a longer time than single methane emission
sources since the diffusion area is larger. Overall, these experiments illustrate that
our FADE-MAS2D platform is capable of multiple scenario simulations of methane
emission suppression and can provide clear instructions for real-time methane emis-
sions management.
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Figure 6.11: (a)(b) The four methane sources are diffusing as shown in the green
area under the wind field and are about to get close to each other. (c)(d) The UAVs
start to spread biochar mulch as shown in the yellow area to curb the methane, and
it will be eliminated at the end.

6.5 Conclusions

In this Chapter, we introduce an FADE-MAS2D platform for simulating soil
methane emission suppression control using swarming UAVs that spread biochar
mulch based on fractional anomalous diffusion with wind field effect. Our approach
uses fractional calculus to solve the diffusion equation by adding a wind field. The
main challenges are that methane concentration is time-varying due to gas plume
properties, and the optimal control strategies for methane emissions are difficult to
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determine due to various disturbances and delays. We address the control strategy
by combining CVT and PI controllers to minimize a cost function.

Our results show that when 0 < a < 1 and 1 < 8 < 2, sub-diffusion occurs,
and when a > 1 and 8 > 2, super-diffusion occurs. a and g are determined based
on the methane diffusion behaviours. Second, our optimal control strategy is based
on a cost function that takes into account three situations: total methane emissions,
control efforts, and UAV position errors e. This approach to suppressing methane
outperforms the proportional-only controller approach with CVT which significantly
reduces the system oscillation. Third, our approach performs well across multiple
emissions sources (with different sources’ locations and different wind directions).
Overall, our system provides an accurate and robust model for estimating methane
emissions and suppressing emissions processes. In the future, our platform could be
used to efficiently manage soil methane emissions in practice.
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Chapter 7
XAIOT ENABLED SMART APPLICATIONS

7.1 A Greenhouse Gas Proximal Sensing System Using Chemiresistive
Strip and Miniaturized Radar Array
7.1.1 Introduction

Soil carbon sequestration techniques play a vital role in addressing climate
change, providing water, and promoting biodiversity. It is necessary for crucial
environmental processes that have positive impacts on both plants and humans.
Human activities, particularly those that involve the combustion of biomass using
fire, lead to a decrease in soil coverage and cause both immediate and long-term
depletion of soil organic carbon. Both soil cultivation and drainage facilitate the
exposure of organic molecules to oxygen, leading to their oxidation. We must prevent
the loss of carbon from the soil caused by erosion and the production of greenhouse
gases.

According to a report by the California Air Resources Board in 2019, the agri-
cultural sector in California was responsible for 7.6 percent of the state’s GHG
emissions. The majority of these emissions came from sources of methane (CHy)
and nitrous oxide (N,O) [311]. Approximately 71 percent of the greenhouse gas
emissions in the agriculture industry are generated by animals. In 2019, livestock
emissions have increased by 18% compared to the levels seen in 2000. Enteric fer-
mentation and manure management are the primary sources of methane emissions,
with dairy activities being responsible for the majority of emissions from cattle.
From 2000 to 2007, GHG emissions resulting from the management of dairy manure
and enteric fermentation increased. Since 2007, the annual fluctuations in emissions
have been minimal. The soil is expected to absorb these significant carbon emissions
in order to facilitate carbon sequestration, which can improve soil health, enhance
agricultural productivity, bolster climate resilience, and strengthen the resistance of
farms to droughts and severe rainfall. If we are unable to measure GHG emissions,
we cannot effectively manage or pursue more carbon sequestration efforts. Quan-
tifying GHG emissions at a parts per million (PPM) level remains a difficult task,
since it requires precise, rapid, cost-effective, and large-scale sensing capabilities.

Researchers have explored a variety of methods and sensors for measuring GHG.
The portable carbon analyzer is typically utilized to identify gas leaks in the field
or manure compost. These sensors may be utilized and provide results in a short
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amount of time. The primary sensing technique relies on gases that exhibit observ-
able infrared bands. Based on these features include the G2508 Picarro gas flux
analyzell, the Irwin portable pump-based?] infrared sensor, and the GAZOSCAN[]
etc.

Typically, at least one month is required for an appropriate monitoring period to
track GHG performance. In other words, researchers must transport a large number
of heavy instruments to the field for measurement and data recording, which requires
a significant amount of resources, such as intensive labor, additional power supply
for the Picarro analyzer, etc. In addition, it takes considerable effort to prepare
the detection procedure (equipment warm-up, calibration, etc.) for the analyzer
due to varied measurement objectives. The sluggish measurement results may delay
the entire project, potentially leading to delays in typical agricultural operations
such as irrigation planning and fertilizer management. Besides, the equipment are
expensive, making it less affordable.

To tackle the above challenges we mentioned, we are looking for a low-cost so-
lution that doesn’t require complex preparation yet is effective and accurate enough
to measure GHG concentrations in real-time. Our intuition behind our solution was
inspired by air quality monitoring using UWB radar [312], where UWB radar is used
to determine the concentration of ammonia by using dedicated materials to absorb
ammonia gas. Therefore, we considered another material, metal-organic frameworks
(MOFs), which can absorb COy significantly. MOFs are 3D-ordered crystal struc-
tures that can be built by combing metal ions as nodes and functionalized organic
ligands as struts [313]. Gas storage and separation have widely employed MOF's due
to their organized high-surface-area geometry, structural flexibility, and enormous
pores throughout the structure. The zeolitic imidazolate framework (ZIF) is a class
of MOFs where metal cations are bridged by imidazole-based ligands. In particular,
the ZIF-67, which is made of Co?* ions and 2-methylimidazole, has been extensively
researched for CO, capture applications recently as a result of its well-defined and
tunable morphology, a uniform pore size distribution, high thermal stability, and
high capacity for CO, adsorption [314,1315].

Previous research efforts on MOFs absorbing methane and carbon dioxide can
be found in [316-321]. These studies verified the possibility of using MOF's to sense
methane and other GHGs. However, they used lab analyzers or surface acoustic
waves (SAW) to measure dielectric variations, which can be costly and difficult to
manipulate. In our sensing system, the mechanism for using proximal radar sensor
to measure COs is that ZIF-67 has electrical conductivity that is very sensitive to
the presence of small quantities of gas. Upon exposure to a small amount of gas,

"https://www.picarro.com/g2508_gas_concentration_analyzer
’https://www.inficon.com/en/products/mobile-methane-leak-detector-irwin

3https://www.gazomat . com/en/products/gazoscan/
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such as CO,, the conductivity of the ZIF-67 will increase significantly. Our proximal
sensolf]]| would capture this small change by analyzing microwave reflectance. A few
studies using microwaves to identify blood type [322], determine electrolytic content
in the distilled water [323], and determine how serious diabetes is by sensing exhaled
acetone and ethanol [324] all utilized the properties of dielectric changes to sense
gas concentration fluctuations. These studies proved our solution is feasible and
supported by its underlying physical principle. As a result, we designed our low-cost
gas sensing system with easily accessible materials and machine learning algorithms
that can provide two advantages (innovations) as follows:

e MOF's material can be applied on a large-scale field to sense GHG emissions
concentration without compromising sensing accuracy.

e We use a filtering algorithm for noise reduction to filter out disturbances and
enhance sensitivity to various gas concentrations.

Here, we target two challenges: 1) How long can we capture the variation of
concentrations within our sensing system’s sensing range in PPM? 2) How do we
accurately label the gas concentration for the purpose of calibrating our sensing
system? The contributions to this work are as follows:

1. We introduce a gas sensing system that uses a proximal radar sensor with
ZIF-67 material to detect GHG at the PPM level.

2. We present an algorithm to quantify the gas concentration at the PPM level
from the variation of radar signal amplitude acquired.

3. We conduct real-world experiments to evaluate our sensing system and the
sensor processing algorithm.

7.1.2 Materials and Methods

We present a GHG sensing system based on the proximal radar sensor illus-
trated in Figure [7.I] The sensing system is a small, wireless GHG gas sensor for
accurate, real-time gas detection at the PPM level, and we combined the proximal
radar sensor with a piece of gas sensing material, which consists of a photo paper,
ZIF-67, and printed silver paste as an antenna.

“https://shop.walabot.com/products/walabot-developer-pack-new
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Figure 7.1: GHG sensing system framework.

7.1.2.1 Proximal Sensor Setup

The sensing module consists of four essential components: a Walabot mi-
crowave transmitter and receiver, a Raspberry Pi 4B, the display touchscreen,
and a COq Sensor (KEYESTUDIO CCS811 Carbon DioxideE[) for our system cal-
ibration in Figure Walabot is a reprogrammable device capable of capturing
three-dimensional information that utilizes novel radio frequency technology to see
through objects [135]. As shown in Figure the Walabot API offers 40 possible
antenna pair combinations, which we use to detect variations in CO, concentrations
and obtain accurate results.

Shttps://wiki.keyestudio.com/KS0457/keyestudio/CCS811/Carbon/Dioxide/Air/
Quality/Sensor|
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4
CO; Sensor Calibration

Figure 7.2: GHG sensing system hardware setup. The left is our CO5 source, and
the upper right is a proximal sensor with a Raspberry Pi and touchscreen. The
lower right is a sensing chamber that contains CO, airflow. The CO, sensor is used
to calibrate our system.

As for the sensing background, obviously, our target is to sense the variations
in magnitude when we measure various gas concentrations. Thus, the minimum
sensing background noise needs to be determined. In our previous work [223], we
validated the influence for different backgrounds and different sensing distances. In
this work, we selected the wood table as our background, and the Walabot is located
on top of sensing materials at 3 inches to reduce sensing background noise as much
as possible.

7.1.2.2 Sensing Materials Preparation

It has been reported that the adsorption of COy will increase the conductivity
of ZIF-67 . The main reasons are: 1) The process of adsorption of COq leads
to a considerable temperature increase at the corresponding adsorption location,
which means the conductivity has increased; 2) COy molecular is an electron donor,
which provides negative charge to the carrier material so that the conductiv-
ity increases. As shown in Figure we made a gas-sensitive film to test CO,
concentration.
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Figure 7.3: GHG sensing film. The W, and L, are silver antenna width (1 cm) and
length (3 c¢m), respectively. The L, and W, are 1 cm and 1.6 cm, respectively.

As previously stated, the conductivity of ZIF-67 changes after COy adsorption,
so we created a set of silver pastes that act as conductors when brought into contact
with the ZIF-67, increasing the induced current by the proximal sensor. The under-
lying physical principle is that electromagnetic waves (EM waves) have electric and
magnetic field components. Under the action of an electric field, metal electrons
may leap to higher energy levels, and this process absorbs EM waves. Meanwhile,
as the electrons jump to higher energy levels, they will also spontaneously decline to
lower levels. This process emits energy in the form of EM waves, which our proxi-
mal sensor will capture. In Figure|7.3, we made our ZIF-67 attached to silver paste,
which is composed of parallel resistors, in order to enhance the current induced by
silver paste and capture resistance variation.

The essential material we introduced in Section is ZIF-67. The synthesis
process for ZIF-67 sample is identical to our previous research . Typically,
7 g of Co(NO3)2-Hy0 and 8 g of 2-methylimidazole (C,4HgNy) were dissolved in
a mixed solution of 80 mL ethanol and 80 mL methanol separately. They were
further mixed rapidly and stirred for 10 seconds, and then the final solution was
kept at room temperature for 24 hours. The resulting purple precipitates collected
by centrifugation were washed with ethanol and DI water (deionized water) three
times and finally dried at 80 °C for 12 hours to form ZIF-67.
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The as-prepared ZIF-67 (10 mg) was fully dissolved in 1000 pm of ethanol
and then ultrasounded for 20 minutes to obtain a homogeneous solution. For the
preparation of each gas sensing material, 5 drops of ZIF-67 solution were uniformly
deposited on the surface of self-made silver printing photo paper using a 1 mL
disposable syringe, forming an area of 1x1 cm? in the center. The sample was dried
under a vacuum for 10 minutes for further CO5 capture measurement.

7.1.3 Sensing Algorithms
7.1.3.1 Optimal Antenna Pair Selection

The proximal sensor has 40 antenna Tx/Rx pair combinations in total, and as
our previous study of optimal antenna pair [223] showed, the different antenna pair
will affect the measurement results. However, in our case, we don’t know which
antenna pair performs better since the induced currents may vary by the generated
EM waves from different antenna pairs. Additionally, the signal energy of EM waves
can represent their reflectance. We use the trapezoidal numerical integration method
to calculate signal energy. The approximation for an integration with N+1 evenly
spaced points is as follows:

b b—a
f(z)dx ~ J(xn) + f(Tnn
BEIEE=S WEARNE) -
b—a
= S @) + 20 (2) + o+ 2f () + foni)),

. . . b—
where the spacing between each point is *%*.

7.1.3.2 Savitzky-Golay (SG) Smoothing Filter

We established a relationship between captured signal energy and gas concen-
tration in section [7.1.4.1) and the amplitude of the signal is our most concerning
data. In the signal processing domain, the FFT is a powerful tool to transform the
time domain signal to the frequency domain in order to observe the distribution
of amplitude. However, reducing unknown noise and extracting useful signals from
raw signals is still a challenge. As a result, we decided to tackle this challenge by
using the RMS (Root Mean Square) method and the SG smoothing filter [328].

The SG filter is a digital filter that can be applied to a set of data to smooth
the data and improve the accuracy of the data without changing the trend of the
signal. Convolution implements this filter by fitting a continuous subset of adjacent
data points to a low-order polynomial using linear least squares. Arbitrarily selected
different window widths can be at any position, which is the advantage of the SG
filter.
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Figure 7.4: Savitzky-Golay smoothing filtering.

As shown in Figure the nlL and nR are selected sampling point sets from
raw data to fit a polynomial model, where in our case, the parameters are 3 (order)
and 21 (frame length), respectively.

7.1.4 Experiments and Results

Our proposed sensing system has been tested through deployments of real-
world experiments: 1) we identified the different CO5 concentrations in time and
frequency domains, respectively; 2) we tested the maximum sensing range of our
sensing system.

7.1.4.1 Classification of Different GHG Concentration

The difference in CO, concentrations at the PPM level can be seen in Fig-
ure [7.5al We can also see how they change by sending and receiving radar signals
from our proximal sensor. The first bar is always no exposure (exposure in an am-
bient air environment where COs is approximately 410 ppm@ and as for the rest of
the bar plot from 2 to 5, we exposed our gas film to different CO, concentrations,
which are {570, 765, 793, 900} PPM, and each exposure lasted 50 s. We obtained
the amplitude that can represent the difference in COy concentrations shown in

Figure [7.5H]

Shttps://www.climate.gov/news-features/understanding-climate/climate-change-
atmospheric-carbon-dioxide
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Figure 7.5: a) The signal energy variations of different COy concentrations in time
domain. b) The amplitude of different CO, concentrations in frequency domain.

In addition, the frequency amplitude of the raw radar signal has a linear pos-
itive correlation with different concentrations. The higher the gas concentration
is, the larger amplitude is. We also verified our observation by deploying 5 times
independent environments within 50 s of exposure time. The adsorption of COs is
linear, which means that our sensing range could reach up to an average around
1500 PPM, in which case the sensing system needs to do calibration first (setup
no exposure (ambient environment) amplitude as the 410 PPM). The resolution of
amplitude per 100 PPM is shown in Figure [7.6] It is difficult to control the same
concentrations at every experiment. However, we found that all independent exper-
iments achieved similar resolution from expected sensing results (the blue bar is the
ambient air COy concentration) when compared with our groundtruth data.
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Figure 7.6: The resolution of amplitude after FFT per 100 PPM.

7.1.4.2 Maximum Gas Sensing Range

We also explored the saturated adsorption of our sensing system. As shown in
Figure , we exposed each gas sensing film to the same CO, concentrations (4000
PPM) for {0, 15, 30, 45, 60} minutes. After 15 to 30 min, the adsorption of COs of
the certainty usage of ZIF-67 from our gas sensing film was temporarily saturated,
which is approximately from 2100 PPM to 2300 PPM. Therefore, our sensing system
should be able to sense COy at 2200 PPM within 15 min.
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Figure 7.7: a) The signal energy variations of saturated COs concentrations in
time domain with different exposure times. b) The amplitude of saturated CO,
concentrations in frequency domain.

After 45 min, we can see the amplitude is a little higher than the first stage
saturation, and the total amount of adsorption for CO4y which is up to 132.5 mg. In
the meantime, the concentration is meaningless since the current amplitude cannot
reflect the real concentration. The reason for causing additional adsorption will be

explained in Section [7.1.5]

7.1.5 Discussion and Challenges

CO, adsorption is primarily a result of physical adsorption and chemical ad-
sorption. As can be seen from Figure [7.7] there are mainly two stages for the
adsorption of COs. The first stage, where the adsorption starts from 0 to 45 min,
is mainly attributed to the chemical adsorption of COs into the pores inside the
ZIF-67 structure. This is because the porous ZIF-67 structure made it easier for
COs to adsorb into specific binding sites through chemical adsorption, whereas the
adsorption mainly occurred inside the structure. In the second stage, the adsorption
rate suddenly increased to a very high value after 45 min. Because the adsorption
process is limited to the surface of ZIF-67, Van der Waals forces must be in op-
eration for this to occur [329]. The physical adsorption is not selective since the
inter-molecular force would happen between all molecules even if we sealed other
gases than COs inside the container. So we will mainly focus on the first 45 minutes
for the selective adsorption of COs.

As a result, we validated that our sensing system would give reliable sensing
results within 50 s of exposure time. After conducting 5 independent experiments,
our sensing range is from 410 PPM and up to around 1500 PPM, and the resolution is
15 PPM compared with our groundtruth CO, sensor. The reasons that could cause
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significant variations in resolution are: 1) our groundtruth results are inaccurate
because our COq sensor has an offset and is inaccurate; 2) our sensing system needs
to do calibration for every sensing activity to get reliable results. Additionally, the
gas sensing film should not be exposed to the air for a long time since it absorbs
COg from the air. Our GHG sensing system is summarized in Table

Table 7.1: Summary of GHG sensing system specification.

Cost Estimate $500 proximal Sensor + Gas Sensing Film
Sensitivity PPM Level
Resolution 400-1500 PPM in 50 s 2600 PPM in 15 min (Saturated under fixed gas sensing film)
Portable | Yes, hand-sized. easy equipped on UAV as a payload option

To increase our sensing range and sensing sensitivity, the material coverage and
silver paste area need to be enlarged as much as possible. Based on the previous
analysis, the adsorption of CO, would be affected by the usage of ZIF-67 and its
total surface area, and the silver paste area would affect the induced current as
well. However, simply increasing these two components would raise relatively high
cost (currently, the cost of one gas sensing film is worth no greater than $0.2),
which would be a trade-off of our sensing system. In the future, we will investigate
potential solutions for reducing costs and increasing the sensing range.

7.2 A Proximal Point Sensing System for Mapping Soil Moisture Using
A Miniaturized Spectrometer
7.2.1 Introduction

Surface soil moisture is referred to as the volume of water content (VWC) in
the uppermost layer of soil, typically up to a few centimeters deep. This layer of
soil is the first to interact with precipitation, irrigation, and evaporation, making
it an essential part of the water cycle. Surface soil moisture plays a significant role
in determining the rate of evapotranspiration, which is the combination of transpi-
ration from plants and evaporation from the land surface. For many plants, seeds
germinate and young roots develop in the soil’s uppermost stratum. Consequently,
the moisture content of this stratum can have a significant effect on plant growth
and agricultural output. Additionally, moist surface soil is more susceptible to wind
and water erosion. Understanding surface soil moisture is necessary for soil ero-
sion prediction and management. However, it is still a challenge because it lacks a
high-precision sensing method for measuring surface soil moisture in situ and in real
time.

A spectrometer is a scientific instrument used to measure the spectral response
of a physical phenomenon. The term “spectrometer” is a broad term often used to
describe instruments that measure a continuous variable of a phenomenon where
the spectral components are somehow mixed. Spectrum usually refers to a plot of
light intensity or power as a function of frequency or wavelength, also known as a
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spectral density plot. In other words, almost every material has its own spectrum
response that can be used to identify its signature, and surface soil moisture can
also have its own spectrum response [330] which can be used as identification to
classify different levels of VWC.

Many studies utilize spectrum response to measure soil moisture, such as hyper-
spectral imagers on satellites [185], aircraft [188], and UAVs [108}/189-191], and these
methods are also referred to as remote sensing. They used regression models to find
the correlation between indices such as NDVI or NMDI and soil moisture [131}331].
Moreover, some researchers used a thermal camera to sense soil moisture through
soil temperature [332]. Remote sensing for estimating soil moisture has several ad-
vantages, including no negative impact on the soil. Furthermore, it can efficiently
scan large-scale fields and gather soil properties in those difficult-to-reach areas.
Nevertheless, remote sensing has a low signal-to-noise ratio [195], low spectral res-
olution [60], and is affected by atmospheric and geometric disturbance [196]. As
for the proximal sensing of soil moisture, [131}/135] used microwave and [264] used
millimeter wave sensors for soil moisture quantification. They verified the feasibil-
ity of using microwave and millimeter waves to measure soil moisture but found a
lack of accuracy. Furthermore, it is difficult to scale up their proximal sensing into
large-scale fields.

To tackle these challenges, we proposed a sensing system that consists of a
proximal spectrometer with a spectral range of 300 - 1000 nm, a Raspberry Pi for
spectrum analysis in real-time, and lastly, a SMA905 optical fiber for extending
sensing range and location (see Figure . This system enables a point sensing
mechanism for soil moisture that combined proximal sensing and remote sensing
benefits such as in situ, real-time, high visit frequency, etc., for large-scale field
surface soil moisture mapping.

As a result, we target two challenges: 1) how to interpolate reasonable mea-
surement data from the spectrum response to those unknown sensing locations, and
2) how to build the relationship between the spectrum response and surface soil
moisture. This work has the following contributions:

1. We proposed a point-sensing system for soil moisture using a portable spec-
trometer by analyzing the spectrum response in real-time.

2. We investigated the performance of sensing surface soil moisture under differ-
ent spatial distributions.

3. We validated the spectrum absorption response to the surface soil moisture
level by comparing it with groundtruth data.
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7.2.2 Materials and Methods
7.2.2.1 Spectrometer Setup

As mentioned earlier, our point sensing system consists of three components:
a miniaturized spectrometer, a Raspberry Pi, and an optical fiber for extending its
sensing range and location shown in Figure[7.8a] The spectrometer we used is called
Pleromd} Spectrochip Inc. developed Pleroma, a spectrometer that integrates an
optical MEMS chip and an image sensor. Several studies use this spectrometer
to detect COVID-19 virus concentrations [333,1334]. Pleroma guides the light to
measure into its entrance port (e.g., through an optical fiber), and the built-in image
sensor outputs the spectrum for data acquisition from the CSI port. Pleroma allows
for accurate measurement with low noise. Pleroma comes with evaluation software
(Python) that allows setting measurement conditions, acquiring and saving data,
and displaying graphs. Pleroma takes full advantage of an open-source feature of
the Raspberry Pi Single Board Computer (SBC), the most widely distributed SBC,
to quickly customize applications. The technical details are shown in Table [7.2]

"http://www.spectrochips.com/
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Figure 7.8: Spectrometer hardware and captured spectrum.

Figure [7.8b] shows the spectrum response in real-time at a specific band and
their intensity. The image sensor is shown in the upper-right image, revealing how
much light it captures. In other words, we could use captured images to feed into
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machine learning models for classification, extract information from spectrum re-
sponses, and build relationships between absorption peaks and desired sensing tar-
gets. The light source we used here is sunlight, enabling a full-band spectrum.

Table 7.2: Technique details of Pleroma spectrometer.

[tem Specification | Unit
Spectral range 300 - 1000 nm
Spectral resolution 5-7 nm

Wavelength reproducible +0.375 nm
Spectral Stray light 19.3 (1.17%) | dB

A /D conversion 8 bits

Number of pixels 1280 pixel
Optical solid angle 24 ©
Power consumption 158 mW

7.2.2.2 Geospatial Interpolation with Kriging

In geostatistics, it is common to interpret and estimate a set of unknown data
locations, p(sp), from a set of sparse observations, p(s;), at locations [y and [;. These
N sparse sampling points are taken inside a domain 2 € R? and determine a set
of weights, );, to estimate the value at the unknown locations. For the details of
Kriging methods, please refer Chapter [2]

p(s0) = Z Aip(5i)- (7.2)

In this work, we utilize ordinary Kriging by feeding into absorption peak intensity
for interpolating surface soil moisture levels.

7.2.2.3 Savitzky-Golay Smoothing Filter

We found a relationship between absorption magnitude and surface soil mois-
ture, with the amplitude of the signal being our most important piece of information.
In the field of signal processing, the FFT is a potent instrument for transforming sig-
nals from the time domain to the frequency domain in order to observe amplitude
variation. Nevertheless, reducing unknown noise and extracting accurate signal’s
from unprocessed signals remains a challenge. Thus, we chose to use the RMS and
SG smoothing filter [328] to tackle this challenge.

In this study, the SG algorithm has been applied during the sensing phase to
choose sample point sets from raw data for fitting a polynomial model. Specifically,
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the polynomial model has been chosen to be cubic and the frame length is chosen
to be 18.

7.2.3 Experiments and Results

We validated our point sensing system by collecting real-world data. We in-
vestigated 1) surface soil moisture at different distributions and 2) the relationship
between surface soil moisture and spectrum absorption peaks.

7.2.3.1 Soil Moisture Uniformly Distributions

In this experiment, our main target is to verify the feasibility of interpreting
surface soil moisture by spectral response. We proposed five different moisture levels,
as shown in Figure [7.10al We define well-saturated soil as adding water to dry soil
after mixing well and seeing liquids on top (our record shows 60g of water reached

well saturation). Then we selected the moisture ratio based on well-saturation: 0%,
25%, 50%, 75%, 100%, respectively.
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Figure 7.9: Spectrum responses of surface soil moisture levels at 0%, 25%, 50%, 75%
and 100%. The y-axis is light intensity, and x-axis is light wavelength.

Figure shows the spectral responses of the five different surface soil moisture
levels under sunlight exposure. It has two obvious absorption peaks at 750 nm (the
first peak) and 785 nm (the second peak). According to the spectral response, the
absorption peaks correspond to surface soil moisture levels.
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(b) sensing process

Figure 7.10: Five different surface moisture levels and uniform distributions. (a)
The moisture level increased one by one from the left, as the dry level, to the
bottom, as the well-saturated level. (b) Sensing processing: SMA905 is capturing
the reflectance signals from sunlight; the distance between the optical fiber and the
sample is fixed at around 1 cm.
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Figure 7.11: Kriging results of fitting captured spectrum absorption peak values.
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Figure [7.11] reveals the Kriging results of using absorption peak values from
dry soil to well-saturated soil. We sampled 16 points (4 by 4) so that we could fit
this data into the Kriging method. We present several conclusions: 1) the point
sensing results extracted from the spectrum response can indeed reveal the surface
soil moisture levels, and 2) the Kriging method demonstrates the surface moisture
distributions. In addition, we believe that the Kriging results, when compared
to the results of these five experiments, reveal the soil moisture levels in terms
of average values. We also observed that different angles and surfaces result in
varying reflectance intensities, which in turn reveals that the surface soil moisture
distributions may not appear uniformly in the sensing results.

7.2.3.2 Soil Moisture Non-uniformly Distributions

In this section, we explored the performance of the spectrometer to capture
non-uniform surface soil moisture distributions. Figure demonstrates a total
of three different moisture distributions. Figure [7.13]|shows the sensing and Kriging
results of these three distributions.

Figure 7.12: Surface soil moisture in non-uniform distributions.
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Figure 7.13: Kriging results of non-uniform distributions.

Figure took samples from 16 places (4 by 4), and Kriging displays the
outcomes on the lower middle position, which is the same as Figure for a single
location’s moisture. Figure [7.13b| sampled a total of 20 locations (5 by 4) for more

details on moisture location. We obtained a lower Kriging value, which indicates
that the moisture level is higher than in other places in the boundary area. We
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believe this phenomenon stems from the fact that water, when dipped into the soil,
absorbs not only the vertical soil but also the neighboring soil. Lastly, Figure
reveals three moisture locations through sampling 25 locations (5 by 5). Overall,
we maintain that our point-sensing system is capable of demonstrating surface soil
moisture levels and spatial distributions.

7.2.3.3 Soil Moisture Regression Analysis

We validated further the regression analysis of the spectrum response by si-
multaneously measuring the surface soil moisture and the spectrum response at
the sample site. We sampled 500 points and 100 points of each soil moisture level
(in total, we have 5 levels. See Section . As we mentioned earlier, we ob-
served that there are two significant absorption peaks shown in Figure [7.9] Thus,
we investigated the relationship between surface soil moisture levels and two peaks,
respectively. An Arduino board powered a resistive moisture sensor to sample the
groundtruth data.
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Figure 7.14: Regression analysis of spectrum absorption peaks intensity with surface
soil moisture. (a) the first peak analysis for low, middle, and high moisture, and (b)
the second peak analysis for low, middle, and high moisture, respectively.
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The relationship between surface soil moisture and two absorption peaks’ sizes
is shown in Figure After fitting into the linear regression model, the average
R? = 0.9213 for the first peak and the average R? = 0.9183 for the second peak.
The first peak can indicate that the surface soil moisture level is slightly better
than the first peak, and the low moisture level is less correlated with the spectrum
absorption peak. We also obtained the same conclusion from observing Figure (7.9
that the second peak at 785 nm shows a more clear ascending order of moisture
levels. To evaluate whether our obtained results have statistical significance since
we performed regression model analysis, we used analysis of variance (ANOVA)
to illustrate that our data has significance, which means it is reproducible and
meaningful in statistical analysis. The Pearson value (p-value) is less than 0.001,
which indicates these data are significant and totally different from each other.

7.2.4 Discussion and Challenges

We provided various analyses and experiments in this work to discuss the feasi-
bility of spectrometer applications. Therefore, we would like to address a few issues
here.

Dataset collection and spectrometer usage instructions: The light
source, sensing angles, and light strength are the essential factors affecting spec-
trum response. In this work, we conducted all experiments during noon, when the
sun shines directly, resulting in a relatively large amount of radiation. In addition,
we found several works that use general RGB as a light source. This could work on
several materials; however, we recommend that users better investigate the spectral
response of the target before using an LED light source.

Moreover, to capture signals with the lowest noise, we increased the shutter
speed to 1000000 ps (maximum) so that more lights would come into the SMA905
connector, which would show the spectrum response more clearly than other settings.

Feature extraction: Multi-modal employment: Numerous pervasive com-
puting systems and Internet of Things applications utilize multi-modal data. We
can use various data formats to store a diverse range of information from various
sources. Our information extract method is just the Kriging method for implement-
ing point sensing of surface soil moisture distribution. In the future, we will utilize
more than one spectrometer sensor to build a spectral sensing matrix to measure
soil moisture, soil carbon content, etc. We would also consider using multi-modal
and XAI to autonomously tackle soil carbon sensing tasks (including but not limited
to soil carbon content, soil moisture, nutrients, etc.).

7.3 Chapter Summary

In this Chapter, we present several smart applications using XAIoT. A low-
cost GHG sensing system that employs a proximal sensor and a low-cost gas sensing
film. The system detects the CO5 concentrations in a contact less approach through
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variation of radar signal amplitude after gas sensing film adsorption of CO,, and
we employ a filter and antenna selection algorithm to enhance the sensing accuracy.
After conducting a series of experiments, we found that our system sensing range
is from 410 PPM up to around 1500 PPM based on our gas sensing film setup and
proper calibration. The environment we tested is easy to expand to a large field
so that GHG emissions from soil or compost can be measured. In the future, we
will collect the soil CO, groundtruth data to calibrate our sensing system, which
will provide much more reliable sensing results for targeting soil carbon emissions.
Furthermore, we want to set up verification metrics for sensing concentrations and
fluxes of GHG emissions in large-scale fields.

Additionally, we present a point sensing system using a pocket-sized spectrom-
eter to sense surface soil moisture distributions for proof concept of how to use a
point sensing system. We illustrated the sensing mechanism of using a spectrom-
eter to sense surface soil moisture distributions and also discussed other potential
spectrometer-enabled agricultural applications. The point sensing system was val-
idated by conducting real-world data and revealed that surface soil moisture can
be identified by spectral absorption response significantly (R? is around 0.92 and
p value is less than 0.001). The Kriging method has been applied and verified on
geospatial interpolations, and it achieves good results.
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Chapter 8
CONCLUSIONS AND FUTURE RESEARCH

8.1 Concluding Remarks

This dissertation has articulated the advancement of XAlIoT in the research
domain of soil carbon analysis and precision agriculture. Across the diverse method-
ologies and studies presented, a consistent theme has been the utilization of smart
sensing and applications to understand and improve soil health and carbon man-
agement.

Chapter (1] presented the foundational concepts underscoring the significance of
soil carbon and its environmental impacts, introducing the concept of smart sensing
and applications within the XAlIoT framework. Chapter [2] discussed the XAlIoT
data acquisition platforms, revealing a classifier based on feature extraction with
74.0% accuracy in identifying biochar amounts, underscoring the substantial water
retention capacity of biochar.

The case studies elucidated the potential of XAIoT in practical field scenarios.
The use of UAVs in monitoring soil conditions post biochar application, as discussed
in case study III, showed that image index analysis could become a fast method for
assessing soil conditions. Case study IV introduced a low-cost UGV solution for
precision agriculture, specifically pest management, with significant scalability and
cost-saving potential.

In Chapter [3| the comparative efficacy of microwave and millimeter waves in
sensing soil carbon was presented, indicating a 10-15% classification accuracy im-
provement of millimeter wave sensing over microwave sensing for soil carbon content.
Chapter 4] detailed a DT-enabled methane emission abatement framework using
UAVs, illustrating the potential of DT for more effective methane management.
The chapter also proposed a SCMDT-enabled soil carbon accounting management
system framework, indicating the promise of SCMDT as the future standard for soil
carbon management.

Chapter [ introduced an XAIoT-DT framework for managing soil carbon emis-
sions, leveraging the Shapley value method to enhance user comprehension of soil
carbon sensing results.

The FADE-MAS2D platform approach presented in Chapter [6] focused on sim-
ulating soil methane emission suppression using swarming UAVs, demonstrating an
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optimal control strategy with a PI controller that showed considerable promise for
practical methane management.

Finally, Chapter [7] showcased various smart applications utilizing XAloT, in-
cluding a low-cost GHG sensing system, and discussed the potential of point sensing
systems using spectrometers for soil moisture and SOC estimation.

8.2 Future Research on XAIoT Empowered Smart Sensing of Soil Car-
bon Content
The future of XAloT in soil carbon estimation and management is bright with
huge potential. Building on the successes of the current research, future work will
delve deeper into enhancing the simplicity and accuracy of biochar application and
soil condition monitoring in large-scale fields. The integration of mm-wave sensors
into UAVs and UGVs can be further pursued to advance the operational ease and
precision of sensing systems. Real-world experiments are vital for validating the
proposed systems, and a comprehensive evaluation metric for biochar applications
is imperative. To our current thinking, the future research efforts plans are suggested
in details as follows:

e Enhanced XAIoT Frameworks: Development of XAloT frameworks tai-
lored for dynamic soil analysis, integrating data from multispectral imaging,
millimeter wave sensing, and in-situ measurements. Advanced machine learn-
ing models will be devised to interpret complex data patterns and provide
actionable insights into soil health projects.

e Enhanced XAI in Soil Carbon Sensing: Bridging the gap between Al
predictions and human interpretability by advancing XAI techniques in soil
carbon sensing. This includes refining algorithms for better clarity on model
decisions, thereby enhancing trust and reliability in automated soil health
assessments.

e Biochar Characterization: Delving deeper into the material properties of
biochar using XAlIoT for a comprehensive understanding of its impact on
soil health enhancement, water retention, and carbon sequestration. Explore
biochar’s various effects based on its origin and treatment processes.

e Sensing Technology Advancements: Innovating sensor technologies to
accurately quantify soil carbon levels and biochar effectiveness. This involves
advancing both proximal and remote sensing methods and improving calibra-
tion techniques for more precise soil property measurements.

e Soil Carbon Measurement Standards: Establishing standard method-
ologies for soil carbon measurement using XAIoT, bridging the gap between
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research findings and practical applications. Efforts may include the develop-
ment of universal metrics for soil carbon assessment that can be applied across
different landscapes and conditions.

e Autonomous Sensing Platforms: Utilizing autonomous UAVs and UGVs
equipped with advanced sensing payloads for continuous monitoring of soil
conditions. XAl will play a crucial role in processing the collected data, offer-
ing explanations for patterns related to soil carbon fluctuations and biochar
impact.

e Integrated Soil Health Management: Creating an integrated framework
for soil health management that combines soil carbon data with other vital
parameters such as moisture levels, nutrient content, and microbial activity,
leveraging XAIoT for a holistic approach to precision agriculture.

In addition, the cognitive BMS should be further studied to estimate reliable
capacity, accounting for factors like working temperature and mission requirements.
Furthermore, the Al-enabled edge devices for radar signal processing could be devel-
oped to process more complex datasets with advanced machine learning algorithms.

The application of XAI will be expanded to empower UAV and UGV systems
with advanced agricultural and environmental insights. This expansion includes re-
fining the control strategies for methane emission suppression and broadening the
soil carbon accounting management system to encompass large-scale field imple-
mentations.

Lastly, it is necessary to establish verification metrics for sensing concentra-
tions and fluxes of GHG emissions in large-scale fields. This will involve collecting
extensive ground truth data to calibrate sensing systems and developing robust
models for real-time monitoring and management of methane and CO, emissions,
thereby contributing significantly to the mitigation of climate change impacts. The
potential research gaps in soil carbon and biochar, particularly from the sensing
perspective, include the need for real-time, high-resolution data acquisition, and the
development of sensors capable of distinguishing between different types of biochar
and their effects on soil properties. Addressing these gaps will require interdisci-
plinary research, combining sensor technology, artificial intelligence, agronomy, and
environmental science to achieve a more sustainable agricultural practice.
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Appendix A
DATASET CONTRIBUTIONS

e Dataset: An, Di; Chen, YangQuan (2023). Microwave and millimeter wave
signals reflectance of soil carbon content [Dataset]. Dryad. https://doi.
org/10.6071/M3M092

e Dataset: An, Di; Zhang, Patrick; Chen, YangQuan (2024). Exploring the
impact of varied background on quantification of soil carbon content using
microwave and millimeter wave signal reflectance [Dataset]. Dryad. https:
//doi.org/10.5061/dryad.ghx3ffbx3
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Appendix B
CODE CONTRIBUTIONS

Chapters 2| and |3 The MathWorks Inc. (2024). Deep Learning Toolbox
version: R2023b, Natick, Massachusetts: The MathWorks Inc. https://www.
mathworks.com

Chapter [3} https://www.deepscn.com/SCN_release_vl.zip
Chapters [5| and [4} https://andi00123456.github.com

Chapters [6] and [7} https://andi00123456.github. com
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