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Abstract

The widespread adoption of technologies has made digital transformation relevant to al-
most every sector of the economy, including agriculture. Thanks to technologies such as
the Internet of Things (IoT), the farming industry now has access to tools that enable
a shift from precision agriculture to farming. Smart farming has progressed from preci-
sion agriculture, which relied on technologies like satellites and planes for precise product
applications, such as pesticides. These improvements allowed for the collection of informa-
tion and assisting farmers at a reduced cost. The research examined farming architecture
systems and their different levels. It introduced commonly used machine learning models
in agricultural data management. By applying mathematical methodologies, a simulation
model was created to study the growth of crops, particularly focusing on cassava as the
plant of interest. Additionally, various machine learning models were constructed and
evaluated using the available data.
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Chapter 1

Introduction

In recent decades, technology has made remarkable progress, leading to significant changes
in how humans connect and how they interact with machines. These advancements have
resulted in various notable developments. The development of telecommunications, partic-
ularly the advent of 5G, and the emergence of the Internet of Things (IoT) have expanded
the scope of telecommunication services. These advancements have not only pushed the
boundaries of telecommunications but have also extended their influence to various indus-
tries, including agriculture.

The agricultural and livestock industries have experienced notable shifts due to techno-
logical innovations. Progress has been made from an era when farmers had to rely on their
experience and intuition to deal with the unpredictable forces of nature to a time when
it is now possible to anticipate and model the potential impact of environmental changes
with greater accuracy.

Undeniably, the integration of the Internet of Things has unlocked substantial agricul-
tural potential. Within the scope of our research, we will specifically explore the techno-
logical advantages provided by the modeling and management of environmental variables.

1.1 Motivation

Smart farming, which refers to the adoption of advanced autonomous technologies, is
experiencing rapid growth and has great potential to revolutionize agriculture. It can
improve crop productivity and contribute to the long-term sustainability of farms. Through



the adoption of innovative tools such as sensors, drones, and data analytics, farmers can
manage their crops more efficiently, conserve resources, and improve yields.

Given the shortage of the world’s food resources by 2050 (according to FAO), it becomes
crucial to investigate viable agricultural methods as a possible remedy. This presents smart
farming as an intriguing area of research. By investigating the application of cutting-
edge technologies and data analysis in agriculture, this study aims to contribute to the
development and adoption of smart farming practices. The main objective is to use smart
farming methods to improve the management of crops at the field level and use data
analytics to optimize resource allocation.

Among the various crops, cassava has garnered significant attention due to its ex-
ceptional tolerance to acidic soils and adaptability to changing environmental conditions.
These attributes make it well-suited for cultivation in developing countries and regions
with challenging climates. The variety of data sources allows us to use computer simula-
tions and predictive models to study how crops grow. We will Analyze data from different
sources to create models that can predict crop yields and help us make the best use of
resources.

Research in smart farming costs money, and very often developing countries find them-
selves left behind. The crop used in this research is cassava, a crop often used in developing
countries and tolerant to environmental variations. One of our goals is to help these farm-
ers neglected by science. Our research with UAVs and complementary sensors provides
substantial assistance to cassava farmers, irrespective of their technological expertise. It
equips them with the means to discern optimal planting periods, select suitable cassava
varieties considering anticipated weather patterns and soil attributes (including nutrient
levels), and address challenges such as nutrient deficiencies, weed proliferation, diseases,
and water scarcity promptly as they arise. This research will help us gain an understanding
of how advanced technologies and data analytics can be used in farming, particularly when
it comes to cassava. This knowledge will play a role in promoting agricultural growth and
tackling the issues surrounding food scarcity in the future.

1.2 Problem

Despite the benefits, the adoption of farming comes with a set of unresolved challenges that
need to be tackled for its complete realization. The primary challenge is the cost involved
in researching, developing, and sustaining the required technologies. Small-scale farmers,
who typically operate with limited resources, face obstacles when it comes to investing in



expensive equipment, like drones, automated tractors, and other technological tools that
are essential for smart farming practices.

Moreover, the absence of uniformity and interoperability in technologies poses an addi-
tional substantial obstacle. The current landscape of smart farming involves diverse sensor
systems, platforms, and data formats, which poses obstacles in integrating and analyzing
data across multiple systems. The absence of consistency in data makes it difficult to effi-
ciently exchange and utilize information to make optimal decisions and manage resources.

Continuous research and investigation continue to delve into the potential advantages
and ramifications of smart farming technologies. Important questions remain about how
they impact productivity and resource usage and how these effects vary across different
crop types, climates, and soil conditions. Our study will primarily focus on addressing
these uncertainties. We aim to explore how smart farming, which seeks to maximize
output-to-input ratios, can empower farmers by providing them with data-driven insights
for informed decision-making.

Furthermore, our choice to focus on the cassava crop is motivated by several factors.
Cassava is predominantly cultivated in developing countries and serves as a vital staple
food. It possesses a remarkable tolerance to drought conditions and exhibits extended
growth periods ranging from eight to eighteen months. These unique characteristics have
led to cassava being labeled as a "crop for the poor” due to its potential to alleviate
food security challenges in resource-constrained regions. However, existing crop modeling
software for cassava is insufficiently updated and lacks the necessary accuracy. Another
important goal of our research is to overcome this limitation and improve the precision and
reliability of crop modeling for cassava.

1.3 Solution

Data acquisition becomes crucial to maximizing the output-to-input ratio in the context
of smart farming. However, raw data alone holds little value unless properly interpreted
and analyzed. While the collection of environmental variables through sensing mechanisms
is an advantageous approach, the lack of knowledge regarding their use results in missed
opportunities. In light of this, our research aims to address these challenges by analyzing
various process-based models specific to cassava cultivation and developing a comprehensive
model. This model will serve as a foundation for generating data that can be used for
machine learning purposes.

The primary objective of our study is to conduct a comparative analysis of existing



models and evaluate the potential benefits of integrating machine learning techniques into
smart farming practices, particularly in improving crop yield. To achieve this, we propose
modifying the existing models and introducing a predictive model within the simulation
framework. This enhanced simulation model will encompass crucial factors such as soil
conditions, weather patterns, water stress, and nutrient stress, enabling a comprehensive
understanding of the dynamic interactions between these variables and their influence on
cassava growth and productivity. Our model incorporates nutrient uptake, representing an
enhancement over the approach used in the [22] model.

By combining process-based modeling, data generation, and machine learning method-
ologies, our research endeavors to contribute to the advancement of smart farming practices,
optimize crop management strategies, and enhance the overall productivity and sustain-
ability of cassava cultivation.

1.4 Methodology

Machine learning (ML) models fall into both categories. The categorization depends on
how the model is constructed and selected. Mathematical models establishes linear rela-
tionships, making linear ML models suitable for this approach. On the other hand, machine
learning process-based models can be built using non-linear ML techniques such as random
forests, K-NN, and neural networks. Furthermore, each process can be established as a
service to represent the dynamic interactions among various components within crop.

The proposed approach entails conducting an in-depth examination of the crop yield
model and developing a predictive model for cassava cultivation using non-linear machine
learning techniques. Efficient farming techniques aim to maximize the use of resources.
Consequently, our research will primarily concentrate on identifying the optimal strategies
for input application in the context of cassava cultivation.

1.5 Contributions

The existing models for Cassava crop development have predominantly focused on analyz-
ing the plant’s response to ecological factors such as solar radiation and water dissipation.
Our model aims to determine optimal timings for applying nutrients and water, as well as
the cessation of such inputs. It is well-established that the maximum yield of the Cassava
crop is highly responsive to inputs up to a certain stage of its development. Beyond this



stage, unless subjected to substantial environmental stress, the crop’s yield remains un-
changed. Furthermore, adding supplementary nutrients beyond this critical stage does not
impact the crop’s maximum yield. We can summarize our contribution at two significant
levels:

e The development of a dynamic model that incorporates nutrient considerations.

e The creation of comparative machine learning models for yield.

1.6 Outline of the Thesis

This thesis consists of four additional chapters following this one.

Chapter 2 will focus on the background work, providing an in-depth exploration of
smart farming and a comprehensive review of the technologies employed in this field.
Additionally, it will include a thorough examination of crop simulation techniques specific
to cassava and present various examples of machine learning techniques employed for crop
yield simulation. Furthermore, the chapter will briefly discuss the architectures used in
smart farming.

Chapter 3 will delve into the characteristics of cassava, presenting a detailed description
of the plant itself. Moreover, it will highlight a process-based simulation model that will
be implemented as a fundamental component of this research.

Chapter 4 will encompass the practical implementations of the models, including both
process-based simulation and machine-learning approaches. The chapter will feature an
analysis of the results obtained, along with a comprehensive discussion of these findings.

Finally, Chapter 5 will serve as the concluding chapter, summarizing the key outcomes
of the thesis and presenting recommendations based on the findings derived from the study.



Chapter 2

Related Work

2.1 Smart Farming Technologies

Precision agriculture, also known as smart farming, is an innovative farming technique that
applies advanced technology to maximize crop yield and improve farming efficiency in a
sustainable manner. By leveraging data analysis, sensors, and digital tools, farmers can
make informed decisions about crop management with precision and accuracy.

While smart farming and precision agriculture are often used interchangeably, there
are differences between them. Precision agriculture focuses on leveraging technologies to
optimize crop management and conserve resources. It involves collecting and analyzing
data related to soil moisture, nutrient levels, and weather conditions using sensors, drones,
GPS, and other digital tools. This valuable information can then be used to create farm
maps and apply inputs, like water, fertilizers, and pesticides accurately to specific areas
of the farm. The primary objective of precision agriculture is to maximize yields while
minimizing resource waste.

On the other hand, smart farming is a concept that goes beyond precision agriculture.
While precision agriculture is one of its key components, it involves technologies like the
Internet of Things (IoT), artificial intelligence (AI), robotics, and big data to automate
tasks, reduce human involvement, reduce cost, and improve production. The goal is to
create farming techniques that are efficient in their use of resources and promote produc-
tivity, all while minimizing waste and environmental harm. This includes aspects such
as monitoring, automated machinery, predictive analysis, and making decisions based on
real-time data to optimize farming operations. Taking an approach like this can address
the pollution and environmental damage that comes with farming methods.



Additionally, there exists the concept of intelligent farming. The core principle of
intelligent farming solutions lies in extracting actionable insights and meaningful value from
the data collected through precision farming practices. Intelligent farming goes beyond
simply collecting data; it involves leveraging advanced analytics and artificial intelligence
to transform raw data into valuable insights and actionable intelligence. This approach
encompasses the concepts of precision farming and smart farming, aiming to optimize
agricultural operations and drive sustainable outcomes.

A primary objective of smart farming is to increase crop yields while optimizing the use
of resources such as water, fertilizers, and pesticides. Through the utilization of sensors
and other data collection technologies, farmers can monitor various environmental variables
in real-time, including temperature, humidity, soil moisture, and nutrient levels. This
information enables improvements in irrigation, fertilization, and pest management, leading
to better resource management and higher crop yields. Smart farming also utilizes precision
agriculture tools such as drones, robots, and GPS-guided tractors to automate various
farming tasks. Drones, for instance, can assess crop conditions, detect disease or stress
symptoms, and provide specialized care. Robotic systems can be deployed to automate
processes like seeding, planting, and harvesting, reducing the need for manual labor.

In conclusion, smart farming represents a cutting-edge approach to farming that has
the potential to enhance the efficiency, productivity, and sustainability of agricultural
operations. Through the utilization of cutting-edge technologies and data analysis, farmers
can make informed choices when it comes to managing their crops. This ultimately results
in yields. Promotes the adoption of sustainable agricultural methods. We will explore the
technologies utilized in smart farming.

2.1.1 Sensors and IoT Devices

The Internet of Things (IoT) constitutes a network of interconnected physical terminals,
commonly referred to as ”"objects.” The IoT integrates sophisticated technologies such
as sensors and software, which in turn facilitate the smooth transmission and reception
of data. Essentially this network model allows for the transformation from the physical
dimension into the digital dimension, making communication and information exchange
between these realms more efficient through the use of the Internet. Over the years,
[oT has found numerous applications spanning from intelligent domiciles and wearable
technologies like smartwatches to the optimization of supply chain management.

Despite its multiple applications, the present focus lies on its pertinence to the agri-
cultural domain. The IoT assumes a pivotal role in the collection of data through an
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interlinked network. The adoption of IoT comes with an array of advantageous outcomes,
including but not limited to:

e Reduction of workforce cost, connectivity established by objects enables the sharing
of status updates and environmental data, thus achieving a diminution in human
intervention,

e Increase in income by improving the quality and quantity of crops.,

e Facilitation of agricultural modernization.

Within these terminals, sensors equipped with microcontrollers serve as pivotal instru-
ments in the facilitation of data exchange. While the terminal architecture accommodates
other devices for data regularization, sensors invariably occupy a central role in data acqui-
sition. Sensors are conceptually defined as devices designed to evaluate and then transmute
physical data emanating from their surrounding environment into intelligible data that can
be interpreted by end users. For example, thermometers deployed for human body temper-
ature measurement are equipped with sensors that provide numerical values on interfaces
as they interact with the human body. In the field of agriculture, there are sensors that
are easily distinguishable:

e Electrochemical sensors, with their ability to collect information on soil pH and nu-
trient concentrations. Some sensors have the ability to perform a nuanced analysis
of soil composition, resulting in the generation of soil chemical maps. Optical sen-
sors are designed to determine soil attributes through the prism of light spectra,
encompassing variables such as clay content, raw materials, and soil moisture.

e Mechanical sensors are dedicated to the quantification of the mechanical resistance
of soils. These sensors allow us to record the strength exerted by the roots when
absorbing water, which gives us information for managing soil irrigation methods.

e Air flow sensors are responsible for the dynamic measurement of soil air permeability.
Their primary role is to determine the air pressure required to infuse a specified
amount of air into the ground at a stipulated level.

Over time, scientific minds have worked diligently to instantiate various technologies, pro-
grams, and applications aimed at improving agricultural techniques. The following section
will present selected examples of triumph in this area.



The first story focuses on the concept of precision farming. In the context of India,
researchers have designed an loT-based agricultural production system designed to moni-
tor an array of parameters encompassing temperature, humidity, and water consumption,
all aimed at optimizing productivity. The deployment of this system has resulted in a
substantial 30% reduction in water consumption, representing a substantial conservation
feat. At the same time, crop yield recorded a commendable increase ranging from 15 to
20 percent, including crops such as wheat, rice, and maize. In essence, this innovative
system announced the confluence of time, financial, and energy savings concomitant with
a significant improvement in agricultural production [20)].

Additionally, there is evidence of cost savings in terms of reduced labor expenses. An
example from China highlights the impact of an emerging loT-driven system centered
around greenhouses, which has resulted in a decrease in labor costs. Direct transmission
of data to end users via a remotely manageable real-time application avoids the need
for physical crop monitoring by farmers. In the previous era, without IoT integration, the
greenhouse required a workforce of around sixty people; after the implementation, a simple
group of six was enough. This recalibration resulted in a 60% reduction in labor costs.
Furthermore, analysis of data led to a decrease in the use of fertilizers while there was an
80% rise in the deployment of pesticides [20].

Finally, here is an example of how the Internet of Things (IoT) has been used in the
livestock industry. There is this farm in Africa that implemented a system to monitor
the well-being of their animals in real time. They did this by outfitting the animals with
collars that can send information directly to a platform. With this setup, farmers are now
able to keep track of the animals grazing habits and migration patterns [20].

2.1.2 Blockchain

Improving agriculture requires a multi-faceted approach since the agricultural sector relies
on cooperation between different technologies. Blockchain, a relatively new innovation
that has shown practical potential, has motivated researchers to investigate its usefulness
in various agricultural areas.

Agriculture and livestock involve a variety of activities from production to end user.
This complex process includes stages of production, transportation, and preservation of
the products. One of the challenges is ensuring the quality of products. Establishing
connections between parties involved, such as farmers, suppliers, stores, and consumers.
It’s worth noting that there is a lack of transparency in terms of where the products come



from and financial aspects. Instances like food epidemics emphasize the need for solutions
like blockchain. [15].

A block includes data, a reference to the previous block’s hash (encryption), and its
hash, forming a cryptographically linked chain. If data is altered, the hash changes, in-
validating the chain. Concepts like mining, distributed peer-to-peer networks, consensus
ledgers, and cryptographic hashes further define blockchain.

Blockchain functions as a secure record-keeping system where individuals store trans-
actions. It acts as a reference point for the state of an ecosystem. In the agriculture
sector, important information regarding farms, contracts, and management is stored in
the blockchain. This enables decentralization, traceability, indisputability, automated pay-
ments, and the exchange of commodities [19]. Blockchain technology is guided by principles
such as governance, accountability, transparency, flexibility, availability, usability, manage-
ability, and sustainability.

Using RFID and blockchain, we are able to maintain standards of food safety and
quality throughout the supply chain. This system covers fresh produce and meat, offering
transparency to stakeholders. Introduced by [101], this approach focuses on data collec-
tion and information management for every transaction in the agriculture supply chain,
enhancing monitoring and tracking. Some researchers propose similar solutions, integrating
blockchain in agriculture supply chains with slight variations [28] [L00] [107].

IBM Food Trust, built on Hyperledger Fabric, is another example of such applica-
tions. Developed in collaboration with Walmart, it traces product provenance, leveraging
blockchain’s transparency from producer to consumer. Data accessibility throughout the
supply chain is a hallmark of this solution [0].

2.2 Smart Farming Architecture

2.2.1 Data

The integration of big data in smart farming revolutionizes agriculture. This approach
involves collecting, processing, and analyzing vast amounts of agricultural data generated
from various sources such as sensors, satellites, drones, weather stations, and machinery.
Big data technologies enable farmers to make data-driven decisions, enhance crop manage-
ment, and improve overall productivity in several ways.

Predictive Analytics: Big data facilitates predictive models that forecast weather pat-
terns, pest infestations, crop diseases, and optimal planting times.
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Precision Agriculture: By employing big data analytics, farmers can perform precise
field-level analysis. This helps optimize irrigation, fertilizer application, and pesticide use,
leading to resource efficiency and reduced environmental impact.

Real-time Monitoring: Integration of big data enables real-time monitoring of farm
activities. IoT devices and sensors collect data on soil moisture, temperature, humidity,
and crop health, providing farmers with instant insights for timely interventions.

Supply Chain Optimization: Big data facilitates better traceability and transparency
in the agricultural supply chain. It allows stakeholders to track produce from farm to
market, ensuring quality control and reducing waste.

Decision Support Systems: Advanced analytics tools assist in developing decision sup-
port systems that offer personalized recommendations to farmers, enabling them to opti-
mize inputs and increase productivity.

2.2.2 Communication Systems

Advancements in computing power, including the Internet of Things (IoT), have led to
new capabilities in communication systems, transitioning from human-to-machine interac-
tions to machine-to-machine interactions. However, the latter posed numerous challenges.
When our mobile devices or computers take two seconds to load a webpage, it might seem
acceptable from a human standpoint. Yet, in terms of machine operations, this delay
is deemed excessively slow 100 times too sluggish and thus unacceptable. This delay in
communication is termed ”latency.” Addressing this issue, among others, prompted the
creation of 5G.

5G networks facilitate a vast number of connected devices, fostering the proliferation
of TIoT devices and applications across various sectors, such as smart cities, autonomous
vehicles, healthcare monitoring, and industrial automation. Within smart farming com-
munication systems, 5G introduces several key technologies, including:

Narrowband IoT (NB-IoT): Specifically designed for low-power IoT devices that
require long battery life and extended coverage, NB-IoT allows for efficient transmission
of small data packets [L11] [34].

Edge Computing: In the context of [oT, Edge Computing in 5G networks involves
processing data closer to the source (devices or sensors) rather than transmitting it to
distant data centers. This reduces latency and speeds up decision-making for time-sensitive
applications like autonomous vehicles and industrial automation [10)].
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Network Slicing: 5G networks can be divided into multiple virtual networks through
network slicing. Each slice is tailored to meet the specific requirements of different IoT
applications. For instance, a slice could be optimized for smart farming, while another
could be for connected vehicles.

Cloud computing: It is a foundational technology that serves as a centralized hub for
data storage, processing, and analysis. Within the context of [oT in 5G, cloud computing
enables the aggregation and management of immense volumes of data generated by various
connected devices. This infrastructure provides scalable and efficient storage solutions and
allows for sophisticated data analytics [10)].

Fog computing and edge computing are both distributed computing paradigms that aim
to process data closer to the source, reducing latency and enhancing efficiency in handling
vast amounts of data. However, they differ in certain key aspects. Fog computing is
positioned between the edge devices and the cloud, closer to the network’s edge but not
directly on the devices themselves. It operates at an intermediary level, typically within
a local area network or across multiple networks. Edge computing, as the name suggests,
occurs at the immediate "edge” or endpoint devices, closer to where data is generated
and where actions are taken. It operates directly on devices like sensors, gateways, or
routers. Fog Computing is suitable for applications requiring intermediate processing,
analytics, and coordination across multiple edge devices or networks. Edge Computing is
ideal for applications needing immediate, localized processing, such as real-time analytics,
autonomous systems, or IoT devices in remote or resource-constrained environments [91].

2.2.3 Architecture Models

[3] introduces an IoT-enabled stick designed to monitor various agricultural parameters
in real time. The stick aids farmers in obtaining immediate data on temperature and soil
moisture. Through its plug-and-play functionality, this agricultural IoT device enables
quick setup for smart monitoring by placing it in the field, allowing access to live data on
smart devices such as tablets and phones. Furthermore, the sensor-generated information
can be easily analyzed and accessed by agricultural experts, even in remote areas, utilizing
cloud computing technologies [11].

[54] introduced a monitoring system for farms using IoT technology. Various sensors,
including those for CO2 levels, temperature, humidity, soil moisture, light intensity, and pH
values, gather environmental data and transmit it to a central gateway node. Complement-
ing these sensors, cameras were deployed to capture photos and videos of the monitored
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area. Acting as the gateway device, a microcontroller collects information from the sensors
and sends it onward to a web portal for further analysis [99].

[97] introduced a smart farming system leveraging IoT technology for monitoring key
parameters such as light intensity, humidity, soil moisture, and temperature while also
implementing automated irrigation for plants. They utilized specific sensors for diverse
environmental measurements: thermistors for soil temperature, coplanar capacitors for
soil moisture, photo-resistors for light intensity, and sensors to measure both humidity and
air temperature [99].

Based on research from [74] and [?], it’s evident that architectures in various studies
are predominantly built using a layered approach. Authors tend to differ in their depiction
of these layers, ranging from 3 to 6 in number. However, a common trend emerges, where
most of these architectural designs can be effectively summarized or condensed into four
primary levels or layers.

Perception layer: This layer includes various sensors and devices deployed in the
field to collect data on soil moisture, temperature, humidity, light intensity, pH levels, crop
health, and more. It also contains actuators that enable actions in response to data inputs,
such as controlling irrigation systems, adjusting temperature, and activating pest control
measures.

Network layer: It involves the communication protocols and networks connecting sen-
sors, actuators, and devices to transmit data. This layer often utilizes wireless technologies
such as Wi-Fi, LoRaWAN, NB-IoT, or Zigbee to enable seamless data transmission. It also
includes gateways and devices that facilitate the connection between local sensors and the
wider internet, providing aggregation and initial processing of data before transmitting it
to the cloud. It is sometimes referred to as the transport layer.

Processing Layer: Data from various sensors and edge devices are transmitted to
the cloud, where it undergoes further processing, storage, analytics, and integration with
other data sources. Cloud-based platforms provide a scalable and robust infrastructure
for data management and advanced analytics. Edge computing happens at this layer too.
By extension, this layer can also be used for data analytics, applying various analytics
techniques, such as machine learning algorithms, predictive modeling, and Al, to derive
insights from the collected data.

Application Layer: This layer consists of user interfaces, dashboards, and applica-
tions that farmers, agricultural experts, or stakeholders’ access to monitor, analyze, and
act upon the collected data. It includes tools for crop monitoring, predictive analytics,
decision support systems, farm management applications, and feedback and control. It
completes the loop by taking actions based on the analyzed data.

13



2.3 Machine Learning

In today’s rapidly changing agricultural landscape, smart farming powered by artificial
intelligence offers highly effective solutions to meet the pressing challenges of sustainable
agriculture. Machine learning, deep learning, and time series analysis play a critical role in
the foundations of smart farming. These advanced techniques enable a wide range of agri-
cultural strategies, including crop selection, yield prediction, soil compatibility allocation,
and water management. With the integration of artificial intelligence, modern agricultural
practices have the potential to revolutionize productivity and sustainability [1].

To start, let’s delve into some explanations. Artificial intelligence (Al) pertains to the
intelligence displayed by machines. In the domain of computer science, Al research focuses
on the analysis of "intelligent agents”, devices that can understand their surroundings and
make decisions to optimize their chances of accomplishing objectives. Meanwhile, machine
learning represents a subfield within computer science that, as defined by Arthur Samuel
in 1959, empowers computers with the ability to learn without being programmed [39].
Machine learning involves studying algorithms that can learn from data and use that
knowledge to make predictions. These algorithms go beyond programming instructions by
using data-driven methods to make predictions or decisions based on examples. Machine
learning is used in computing tasks where it is difficult or impractical to design and program
algorithms for high performance [77].

Supervised learning and unsupervised learning are two of the most widely adopted
machine learning methods. In addition, there are types of machine learning, such as re-
inforcement learning and semi-supervised learning. Supervised and Unsupervised learning
make up roughly 80 percent of the field of machine learning [77]. That’s why these methods
will be analyzed in more detail in the following sections.

2.3.1 Supervised Learning

In supervised learning, the algorithm undergoes training using a labeled dataset. Each
data point in this dataset is associated with a known outcome or label. Various algorithms
are used to create a function that connects inputs with the desired outputs. In supervised
learning, we often encounter what is known as a classification problem. The main objective
for the learner is to approximate the behavior of a function that connects a set of input
features to classes. To accomplish this, the learner relies on a collection of training examples
that show how the function behaves when given inputs (represented as vectors) and their
corresponding class labels. By observing these examples, the model tries to understand
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the underlying patterns and connections between the input features and class labels. This
knowledge enables it to accurately classify data points into their appropriate classes [73].
Let’s say we're interested in creating a model that uses supervised learning to determine
if an email is classified as "spam” or "not spam”. We have a dataset of emails where
each email is represented by features or attributes like word frequency, email length, and
the sender’s address. In addition to the email data, we also have labels for each email
indicating whether it is categorized as "spam” or "not spam.” These labels act as the
reference points for our supervised learning algorithm. They Help it learn how to predict.
Linear regression, logistic regression, support vector machine, decision trees, and Random
Forests are some algorithms employed in supervised learning.

K-Nearest Neighbors (KNN)

K nearest neighbors (KNN) is a used and straightforward algorithm in supervised machine
learning that can be applied to both classification and regression tasks [59]. It falls under
the category of case-based learning methods [27], where it retains all the training data for
classification purposes. KNN is considered a lazy learning algorithm because it doesn’t
construct a model during training; instead, it directly utilizes the stored training data for
predictions.

15



During the model’s construction process, each data point identifies its neighborhood,
which consists of the maximum number of data points sharing the same class label. By
analyzing these neighborhoods, we can determine the global neighborhood in each cycle.
This largest global neighborhood acts as a representative that encompasses all the data
points within its range [27]. In KNN, "K” refers to the number of neighbors considered
when making predictions for data points. The fundamental concept behind KNN involves
identifying the K data points from the training set in terms of distance or similarity (using
metrics) to predict outcomes for new data points. In classification, the k neighbors vote
to decide the class, while in regression, they contribute to the prediction. Although KNN
is simple and easy to understand it may not be suitable for large datasets due to compu-
tational costs when storing and searching through the entire training set. It is considered
a parametric and instance-based learning method as it relies solely on the training data
without any assumptions about the underlying data distribution.

These are the steps for KNN conception:

1. Determine the value of K. Decide how many neighbors (K) should be taken into
account when making predictions. Usually, an odd number is chosen to avoid ties.

2. Calculate distances. Use a distance metric to measure the distance between the data
point and all other points in the training set.

3. Find K neighbors. Select K data points with the distances from the new data point.

4. Class vote. In classification tasks, these K nearest neighbors vote collectively to
determine which class label should be assigned to the data point. The predicted class for

feedback

iheme >

Evaluation set Evaluation

Figure 2.2: Supervised learning Workflow [59]

Production

Data
Source

16



a data point is determined by selecting the class with the number of votes from the K
nearest neighbors.

In regression tasks, a similar process is followed, but instead of voting, the values con-
tributed by the K neighbors are considered. The predicted value for the data point is often
calculated as the average of these contributed values. KNN is a used and straightforward
algorithm in machine learning that can be applied to both classification and regression
tasks.

Regression

In regression, the objective is to develop an understanding of the relationship between
input characteristics and output values by utilizing the information provided in the training
dataset. This enables the model to generate predictions for data points that have not been
previously encountered.

Linear Regression. The primary goal of linear regression is to find the line (or hyper-
plane in higher dimensions) that shows the direct line relationship between the independent
variables and the dependent variable. It establishes a modeling connection between a vari-
able (also called the response variable) denoted as y and one or more independent variables
(also known as predictor variables), which can be represented as X. We can think of these
variables as a vector of D dimensions [73]. This relationship is expressed using an equation
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Figure 2.3: Regression function’s display
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in this form:
y=>byg+ by xx1+byxxo+ ...+ b, *xx, (2.1)

Where:

y is the value we want to predict (dependent variable)
X is the vector of features (independent variables)

b is the vector for bias or the function’s slope

The method of regression is used to make predictions by taking into account a set
of input features. It has applications in fields such as predicting stock prices forecasting
weather, and projecting sales.

Logistic Regression. Logistic regression is commonly utilized for tasks involving
classification. Its purpose is to predict one of two outcomes, such as true or false, yes
or no. Despite its name, logistic regression is a classification algorithm than a regression
algorithm.

The underlying concept of regression revolves around predicting the probability of an
event occurring by data to a logistic function. Logistic regression takes into account pre-
dictor variables that can be either numerical or categorical [73]. The logistic function,
which is sometimes called the sigmoid function, is used to represent this probability. It
guarantees that the estimated probabilities will always be between 0 and 1.

The logistic regression model takes a combination of variables and their corresponding
coefficients. Uses the sigmoid function to convert them into probabilities. We can represent
this regression model as shown below:

Py =11X) = (2.2)

1+4+e*

Where:

P(y = 1|X) is the probability that the dependent variable y is equal to 1 given the inde-
pendent variables X

X is the vector of features (independent variables)

z is the linear combination of the independent variables and their coefficients

Support Vector Machines (SVM)

Support Vector Machines (SVM) are a type of model used in data analysis to classify
information or predict output values. They do this by identifying the hyperplane that
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separates classes. SVMs are effective for both classification and regression tasks. They
excel at solving classification problems where data points need to be binary-categorized.

The main goal of SVM is to find the hyperplane that separates data points of classes
in the feature space. In a two-feature space, a hyperplane is just a line that divides the
data into two classes. SVM strives to maximize the margin, which is the distance between
the support vectors (representative points) of each class and the decision boundary.

Moreover, SVMs possess the ability to efficiently handle non-linear classification tasks
through a technique referred to as the kernel trick. This trick implicitly maps inputs
into feature spaces, allowing for more complex classifications by drawing margins between
classes [59)].

Overall, Support Vector Machines offer solutions for classifying data and making predic-
tions while leveraging concepts like hyperplanes to achieve accurate results. On the other
hand, SVM might necessitate adjustment of hyperparameters, and its training duration
can be computationally demanding when dealing with extensive datasets. The margins
are designed in a way that maximizes the distance between them and the classes, thus
reducing classification errors. They are applied in fields such as image classification, text
classification, and bioinformatics.

Decision Trees

Decision trees apply a tree structure to model decisions and their potential consequences.
They are commonly applied in customer segmentation, product recommendations, and
medical diagnosis.

It is a type of model that divides data recursively into subsets based on input features
to predict the target variable. These models, known as decision trees, are constructed using
a sequence of tests. Each test compares an attribute to a value (threshold) or set of values.
Decision trees have an advantage because they offer greater clarity and understandability
in their decision-making process [13].

The decision tree begins with the dataset as the starting point. Makes splits at internal
nodes based on features that effectively separate the data into different classes or groups.
The choice of feature and threshold for each split is determined by maximizing information
gain or reducing impurity at that node.

In a decision tree, when a data point falls within a region, it is classified as belonging
to the most recurrent class in that region. The error rate is calculated by comparing
misclassified points to the number of data points while the accuracy rate is derived by

19



Did the guest eat
chicken?
|

Yes I‘!lu

Non-Veg
e
mutton?

Yes No

Non-Veg
Did the guest eat sea-
food?

Yes No

l v
-

Figure 2.4: Decision Tree [59]

subtracting the error rate from one. Once the Decision Tree has been constructed, it can
be employed to make predictions on data by traversing the trees’ branches until it reaches
a leaf node. The leaf node represents the anticipated class (for classification) or value (for
regression).

Random Forests

Random Forest is a widely used learning technique in machine learning. It combines
decision trees to create a robust and accurate model. This approach is commonly employed
for both classification and regression tasks.

The main concept behind Random Forest involves creating decision trees during the
training phase and then combining their predictions to make the final prediction. Each
decision tree in the Random Forest is trained on a subset of the training data and a random
subset of the features. This randomness introduces diversity among the trees, which helps
prevent overfitting and enhances the performance of the ensemble model.

To elaborate further, based on [54] [78], during training, a random subset of the training
data is selected with a replacement called bootstrapping or bagging. Some data points may
be repeated, while others may be left out. For each tree in the Random Forest, a random
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subset of features (variables) is chosen at each node to make decisions within that tree,
thereby introducing diversity among them. Multiple decision trees are constructed using
these bootstrapped samples.

Trees, in a Random Forest model, are cultivated until they meet certain conditions,
such as reaching a depth or having a minimum number of data points at each node.
In classification tasks, each tree provides its input on the class of a data point. The final
prediction is determined by selecting the majority class. In regression tasks, the predictions
made from each tree are combined to calculate the predicted value.

Random Forests can be constructed using either input variables or output [54]. Their
usage can be found in tasks such as image classification, text classification, and fraud
detection.

2.3.2 Unsupervised Learning

According to [77] [59] [1], in unsupervised learning, an algorithm is trained on a dataset
where the outcomes are unknown and no labels. Unlike supervised learning, which provides
answers, unsupervised learning operates without guidance. The goal of the algorithm is
to identify patterns or structures in the data, such as clusters or associations, without any
previous knowledge or clear indication of these patterns.

The algorithm explores the data to discover structures or groupings and aims to un-
derstand how the data is distributed and correlated. By finding similarities or differences
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among data points, the algorithm strives to uncover underlying patterns.

Unsupervised learning includes two types of tasks: clustering and dimensionality re-
duction.

Clustering algorithms group similar data points together based on their features with
the objective of creating partitions where data points within the same cluster are more
similar to each other than those in other clusters. Clustering finds applications in areas
like customer segmentation, image segmentation, and anomaly detection.

On the other hand, dimensionality reduction algorithms aim to reduce the number of
features (dimensions) in the data while preserving information. This is particularly use-
ful for datasets with high dimensions as it simplifies data representation and addresses
challenges caused by having many dimensions. Used methods for reducing dimensions in-
clude techniques such as Principal Component Analysis (PCA) and t-distributed Stochastic
Neighbor Embedding.

For instance, marketers can use unsupervised learning to identify groups of customers
who share attributes, allowing them to target these segments effectively in their campaigns.

K-Means

The study of [80] [96] [52] reveals the following. K-means is a type of machine learning
algorithm that falls under the category of unsupervised learning. Its purpose is to group
data points into clusters, making it easier to analyze and process them.

The K-Means algorithm operates through the following steps:

1. Initially, K data points are randomly chosen from the dataset to serve as the centroids
for each cluster. These centroids act as the center points of their clusters.

2. Each data point in the dataset is assigned to the cluster whose centroid is closest to
it using a distance metric.

3. The centroids of each cluster are recalculated by taking the mean of all data points
assigned to that cluster. This updated centroid becomes the center point for its cluster.

4. Steps 2 and 3 are repeated until there is no significant change in the centroids or a
maximum number of iterations has been reached.

The outcome of applying the K-Means algorithm is a set of K clusters, where each
cluster is represented by its centroid. Data points within each cluster share characteristics
are grouped based on their proximity to their corresponding centroid. Determining the
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number of clusters K is an aspect of the K-Means algorithm. It can be quite challenging
to find the value. Often requires domain knowledge or techniques, like the elbow method
or silhouette score.

It’s important to note that depending on the centroids the K-Means algorithm may
converge to different solutions. To address this issue, it is practice to run the algorithm
times with various initializations and select the best outcome based on cluster quality.

K-Means is widely used for clustering tasks due to its simplicity and effectiveness.
However, it does have some limitations, such as being sensitive to centroids struggling
with clusters of different shapes and sizes and requiring prior knowledge of the number of
clusters. For more complex clustering problems, other algorithms like DBSCAN may be
more appropriate.

Density-based Spatial Clustering of Applications with Noise (DBSCAN)

DBSCAN is a known learning technique used for clustering data. It stands out as a
pioneer for density-based clustering algorithms that are specially designed to cluster data
points of various shapes while also accounting for noise, in both non-spatial and spatial
datasets with high dimensions [12]. Unlike partition-based clustering algorithms like K-
Means, which assume clusters and require the number of clusters as input, DBSCAN has
the ability to discover clusters of shapes without needing the number of clusters to be
specified beforehand.

The core concept behind DBSCAN revolves around the idea that for each object within
a cluster, its neighborhood defined by a radius (epsilon) should encompass at least a min-
imum number of other objects (MinPts). Therefore, the cardinality of the neighborhood
needs to exceed a predefined threshold. In other terms, DBSCAN works based on density
connectivity. The algorithm groups together data points that are close to each other and
have neighboring points within a given distance (epsilon) [93]. Based on [31], it classifies
data points into three categories; core points, border points, and noise points.

Core Points: A data point is considered a core point if it has the required number of
other data points within its epsilon neighborhood. To put it simply a core point is a point
that has neighboring points to form a cluster.

Border points are the ones that fall within the epsilon neighborhood of a core point
but don’t have enough neighbor points to be considered core points. They are still part of
a cluster.

On the other hand, noise points (or outliers) are the ones that don’t belong to any
cluster because they aren’t core or border points.
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The DBSCAN algorithm starts with a data point and gradually expands the cluster by
adding core and border points connected to each other based on their density connectivity.
Once no points can be added, the algorithm moves on to another point to create the next
cluster. This process continues until all data points are assigned to clusters or identified
as noise.

DBSCAN has advantages such as its ability to handle data with cluster densities,
its resilience against outliers, and its capability to discover clusters in various shapes.
However, it may encounter challenges when dealing with data or data with significantly
varying densities. DBSCAN is a method utilized in fields including spatial data analysis,
image segmentation, and anomaly detection. It is known for its ability to accurately detect
clusters and outliers within the data without needing the number of clusters to be specified
beforehand.

Principle Component Analysis (PCA)

Principal Component Analysis (PCA) is a utilized technique that aims to reduce the di-
mensions of a dataset while preserving information. Its purpose is to identify patterns
within the data and represent them effectively [18]. Based on [58] and [37], Here is a
logical step-by-step process for building PCA:

1. Standardize the Data. If the features in the dataset have varying scales or units
it is important to standardize them so that they have an average of zero and a standard
deviation of one. This ensures that all features contribute equally during PCA analysis.

2. Calculate the Covariance Matrix. Determine the covariance matrix of the data. This
matrix represents the relationships between features. Plays an essential role in PCA.

3. Compute Eigenvectors and Eigenvalues. Find the eigenvectors and eigenvalues of the
covariance matrix. The eigenvectors indicate the principal components within the data,
while eigenvalues represent the variance of each principal component.

4. Arrange Eigenvectors. The eigenvectors should be in descending order based on their
corresponding eigenvalues. This step is crucial as it determines which principal components
are most important.

5. Select the Number of Principal Components (K). Decide on the number of compo-
nents (K) to retain for representing the lower dimension in data. One common approach
is to select the value of K based on the variance, aiming to retain a percentage of the total
variance.
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6. Data Projection. We can take the K eigenvectors. Create a projection matrix
using them. By projecting the data onto this lower dimensional space using the projection
matrix, we obtain a reduced representation of the data.

To illustrate this better, let us consider an example [7]. Imagine we have a dataset
of houses with features like room count, square footage, bathroom count, house age, and
price. FEach house is represented as a data point in feature space with five dimensions
(five features). Now, suppose we want to visualize this dataset on two plots to understand
how the features of the house are related. However, directly plotting the data in two
dimensions may not provide information since we have five dimensions. PCA can help
us reduce the dataset’s dimensionality from five to two. This allows us to project the
data onto a plane in two dimensions while preserving information. The algorithm achieves
this by identifying directions (principal components) that exhibit data variation. The
first principal component represents the direction that shows the highest variance in the
data. The second principal component, which is perpendicular to the first one, represents
the direction that shows the second highest variance. Together these main factors create
a coordinated system that captures the information in the data. By projecting the data
points onto these principal components, we effectively reduce the complexity of the dataset
from 5 dimensions to 2 dimensions. This resulting 2D representation allows us to visualize
and understand the data easily, giving us insights into how houses are related based on
their most important features.

Principal Component Analysis (PCA) is commonly used for tasks such as preparing
data for analysis, creating visualizations, and extracting features. It helps to simplify
datasets and facilitates analysis and machine learning tasks.

2.3.3 Deep Learning

Deep learning is a branch of machine learning that focuses on training networks to carry
out complex tasks. It draws inspiration from the structure and functioning of the brain,
where interconnected neurons collaborate to process information and make decisions. Deep
learning models, in this case, deep neural networks, are composed of multiple layers of
interconnected artificial neurons, also referred to as nodes or units.

Let us have an overview of Neural Networks (NN). They comprise interconnected neu-
rons organized in layers. Each neuron takes inputs, performs computations on them, and
generates an output. Neural networks can be used for tasks such as identifying patterns,
classifying data, making predictions, and making decisions. The structure of NN is as
follows:
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Input Layer. This is the layer where data is fed into the network. Each neuron in
this layer corresponds to a feature or input variable. Hidden Layers. These intermediate
layers exist between the input and output layers. Their purpose is to process and transform
information received from the input layer using their weights and biases. Output Layer.
This final layer produces the desired output based on the required task, whether it is
classification or regression. The number of neurons, in this layer depends on that specific
objective.

The learning process consists of two steps: forward propagation and backpropagation.
During forward propagation, the neural network receives input data, which flows through
its layers from the input to the output layer. At each neuron the weighted sum of inputs
is computed, followed by applying an activation function to generate the output of the
neuron. After propagation, the neural network compares its predictions with the target
values and calculates the prediction error or loss. This error is then propagated back
through the network during backpropagation to update weights and biases, minimize loss
and enhance performance.

Neural networks can be utilized for supervised and unsupervised learning. In supervised
learning, a labeled dataset is used to train the network where both input data and corre-
sponding target outputs (labels) are provided. Throughout training, the network adjusts
its weights and biases to accurately map input data to correct output labels.

An example of unsupervised learning in NN is autoencoders. Autoencoders are designed
to learn a condensed representation of input data by encoding it into a lower dimensional
space and then decoding it back into its original form. The network is trained to minimize
reconstruction error compelling it to capture features of the data. Clustering is another
method of unsupervised learning. It involves using networks to group data points together
based on their features or similarities. One used clustering algorithm in NN is the Self
Organizing Map (SOM). This algorithm organizes data points in a two-dimensional map,
taking into account their similarity in the original dimensional space.

The term "deep”, in deep learning refers to the network depth, which means it has
multiple hidden layers between the input and output layers. These hidden layers allow the
network to understand levels of abstraction in the data. The learning process involves ad-
justing the weights and biases of the neurons to minimize the difference between predicted
outputs and actual target values during training.

Deep learning is particularly good at learning features, where the model learns to
extract patterns or characteristics directly from raw data without needing manual feature
engineering. This ability to learn representations helps the model uncover patterns and
relationships within the data.
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During training, errors are propagated backward through the network, allowing adjust-
ments to be made to minimize prediction errors by updating parameters. Effective training
of deep learning algorithms requires labeled datasets. Moreover, training deep neural net-
works requires power. This is possible thanks to advancements in hardware like graphical
processing units (GPUs) and specialized hardware such as tensor processing units (TPUs).

2.3.4 Literature Review: Machine Learning in Smart Farming

In the field of smart farming, artificial intelligence has been used to improve the overall
goal of increasing crop production.

Pest, disease, and weed management: Systems powered by Al have the capacity to
analyze plant images to swiftly identify initial indications of pests and diseases. This
timely identification allows for prompt interventions to circumvent the spread of issues
and diminish crop losses. Al-driven robotic systems, equipped with cameras and machine
learning algorithms, are proficient in discerning and selectively eradicating weeds, thus
reducing the necessity for herbicides. [241] adopted an object-oriented approach to establish
a rule-based framework while creating TEAPEST, an expert system tailored to elevate
pest management. [33] introduced an integrated model that combines image processing and
artificial neural networks for proficient disease classification in phalaenopsis seedlings. [9]
employed machine vision coupled with a neural network to distinguish between weeds of
distinct species.

Weather impact: Al algorithms meticulously analyze weather patterns and historical
climate data to predict the optimal planting time for crops. Additionally, these algorithms
assist farmers in adapting to fluctuating climate conditions, making informed decisions,
and mitigating drought impacts. This includes recommending ideal crop rotation patterns
based on soil health, pest history, and nutrient depletion to sustain soil fertility and reduce
disease vulnerabilities. There are applications that involve data analysis to choose the most
suitable crops for various seasons while considering soil attributes to align crop varieties.
[17] proposed a method for crop selection aimed at optimizing choices and amplifying yield
rates. [13] introduced a methodology involving Support Vector Machines (SVM) for feature
selection followed by a decision tree for classification. [76] showed the importance of crop
classification through SVM and highlighted the role of feature selection in enhancing model
accuracy.

Yield, irrigation, nutrient, and soil management: Al-fueled sensors and data analy-
sis determine the timing and quantity of irrigation based on real-time soil moisture lev-
els, weather forecasts, and crop water requirements, thereby curbing over-irrigation and

27



conserving water resources. Al models process data concerning soil nutrient levels and
crop necessities, offering precise recommendations for fertilizer application rates, thus de-
creasing excessive fertilizer usage and environmental impacts. Leveraging historical and
real-time data, Al models proficiently predict crop yields, facilitating more strategic plan-
ning of harvesting, storage, and marketing efforts. [62] performed a comparative analysis
of diverse neural network architectures for rainwater prediction, employing distinct input
variables. [11] provided an exemplary instance of data utilization for weather forecasting
and yield prediction using deep neural networks.

In the realm of bioinformatics analyses, there are machine learning tools and algo-
rithms across various domains, including identifying protein-coding genes, identifying cis-
regulatory elements, analyzing gene expression, studying protein interactions, determining
subcellular localization, exploring gene ontology, examining metabolic pathways, predicting
phenotypic traits, and making genomic predictions—all extensively reviewed by [61].

2.4 Crop Simulation

A model is a representation or simulation of a system typically created using equations
or replication. Its purpose is to help people understand and enhance the performance of
the system. In crop science crop models play a role in expanding our knowledge of how
crops interact with agricultural practices under different conditions and timeframes. These
models are highly regarded as tools that assist agronomists, farmers, policymakers, and
researchers in making decisions and providing recommendations based on solid information

[#5]-

Creating a crop model requires achieving equilibrium between theoretical concepts and
practical application, intricacy and reliability, and the extent and depth of coverage. The
main goal is to develop a model that captures both the processes that govern plant growth
and the dynamic interactions among these processes within a farming system, which in-
cludes plants, soil, climate, and management practices. Ultimately, the objective of a crop
model is to simulate and comprehend plant growth as a consequence of intricate interac-
tions within the crop system [79)].

Various models have emerged over time, categorized into groups ranging from empirical
to explanatory models. Empirical models primarily rely on direct descriptions of data,
usually presented as regression equations that involve one or a few factors. Their main goal
is to predict the final yield. This method involves examining the data selecting equations
or sets of equations, and fitting them to the data. However, these models do not provide
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insights into the underlying mechanisms behind the observed response. They are also
commonly referred to as statistical models. On the other hand, mechanistic models, which
are also called dynamic models, not only explain how weather parameters affect crop yield
but also delve into the underlying mechanisms that drive these relationships [79].

2.4.1 Process-based Model

Dynamic models can vary in complexity from representations that track the growth and
development of a cultivar under specific conditions to more intricate models that consider
factors like weather, soil, crop management, and different cultivars. These models use
equations to capture changes over time, ranging from weekly evaluations to the most
recent models that provide hourly assessments.

Cassava doesn’t have defined growth stages, and the time it takes to harvest can vary
significantly depending on how farmers handle it in the field. Some models rely on deter-
mined growth phases, but experts don’t unanimously agree on these classifications.

The effective leaf area in models is influenced by both the growth of leaves and the
shedding of old ones during senescence. Leaf area can increase through the development of
node cohorts or through patterns of leaf growth and biomass distribution among different
parts of the plant.

Different techniques are used in models to evaluate biomass assimilation. One approach
involves establishing a connection between the growth rate of crops and the leaf area index
(LAI). In cassava, there are two methods used to simulate biomass distribution. The first
method uses derived factors (empirical method) to determine how biomass accumulates in
different parts of the plant. The second method is known as the spillover model, which
prioritizes directing nutrients to the upper part of the plant. When there is an excess of
assimilates beyond what’s needed for the upper part, it extends into the tubers [70]. Here
are a few models.

cock model: Introduced by Cock et al. (1979) at CIAT [11], this was the inaugural
dynamic model dedicated to cassava. This model doesn’t account for soil and weather
variations nor offers multiple management options, focusing solely on plant spacing. The
model parameters were determined based on data collected from field experiments con-
ducted near the equator. Its main function is to simulate the growth of leaf area index
(LAI) by taking into account factors such as the rate of leaf formation per apex, the num-
ber of apices per plant, the density of shoots, per land unit, individual leaf area, and leaf
longevity [70].
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Fukai and Hammer: The Fukai-Hammer model [22] marked a significant progression
in cassava modeling, introducing variations in weather, soil fertility, and soil conditions.
One notable contribution was the introduction of thermal time, which involved setting a
base temperature and later became a practice in subsequent dynamic models. This model
was pivotal in predicting yields across a wide spectrum of environmental conditions in
tropical and subtropical regions, representing the first instance where weather and soil
variability were taken into account. Using empirical relationships, it accurately depicted
leaf area growth along with stem development. Biomass production estimates were derived
by factoring in crop growth rate to LAI (Leaf Area Index), which is further adjusted by
stress factors. The distribution of biomass was determined through derived partitioning
factors [70].

Gumcas: The GUMCAS model [64], which is one of the leading cassava models,
introduced the consideration of Vapor Pressure Deficit (VPD). It takes into account the
daily average VPD as a factor that influences the growth of crops. Similar to the spillover
model used in the Cock model, it determines how biomass is distributed. Stem growth is a
defined fraction derived from leaf growth, which is itself contingent on crop age determined
by thermal time. This comprehensive model encompasses 23 crop parameters involving
aspects such as photoperiod sensitivity, time taken for development from emergence to
branching, rate of leaf appearance, branch count, VPD sensitivity, crop growth rate, leaf
characteristics, duration of leaves, and allocation of biomass to stems and fibrous root
growth [70].

SIMANIHOT: SIMANIHOT [102] emerged as an extension of the original GUMCAS
model, serving the purpose of comparing and integrating certain functions into the ex-
isting DSSAT model available at the time. The integration process involved evaluating
both models in the conditions found in Southern Brazil, taking into account the unique
characteristics of local cassava varieties. This phenological model, which was created in
the region of Brazil, stands out as a pioneer among cassava models by considering the
impact of winter seasons. Furthermore, SIMANIHOT is designed to incorporate responses
to increased CO2 levels, allowing for assessments of how climate change affects cassava
production in Rio Grande do Sul state in Brazil [70].

SIMCAS: The SIMCAS model [09] emphasizes the balance between cassava’s abil-
ity to absorb nutrients and its ability to produce them, acknowledging the adjustments
induced by field conditions. Additionally, SIMCAS acknowledges the constraints of em-
pirical models that necessitate recalibration of parameters when assessing new varieties or
environments. This is done by building upon knowledge acquired from previous models,

particularly the GUMCAS model [70].
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In addition to the previous models we have seen, there are more models such as HyCAS
[65], SUCROS [25], DSSAT [36], LINTUL [19], DYNCAS [16], and FAO agroecological
zone [75]. We focused on the models that had the most impact and presented them in
chronological order [70)].

Certain models impose time limitations on simulations: Fukai and Hammer and DYN-
CAS limit simulations to around 52 weeks. In contrast, the FAO Agroecological Zone
method gives the option to simulate a growing season lasting between 12 to 18 months.
Some models assume cassava as a determinate crop. For example, GUMCAS defines a
phase where no new leaves emerge and has a maturity stage that stops growth. It is
unclear from the literature whether the maturity stage in the SIMANITHOT model was
adapted from the GUMCAS model. Complex dynamic models, although comprehensive,
harbor a drawback due to their numerous variables, parameters, and processes. This com-
plexity may lead to small inaccuracies accumulating across multiple processes, potentially
resulting in significant errors, particularly in yield estimations [70)].

2.4.2 Statistical-based Model

Static models estimate the yield of roots by considering conditions during the growing sea-
son at a fixed harvest time. However, these models fail to take into account the interactions
between components of the plant during its growth cycle. Here are a few milestone models
in this category.

Boerboom: Boerboom’s cassava model [3], established in 1978, stands as one of the
earliest published models, coinciding with the development timeline of the Cock model.
According to this model, tuber growth is preceded by a phase where no growth occurs,
followed by a prolonged period characterized by the development of roots. After initiation,
the growth of roots consistently accounts for a portion of biomass, which is known as the
efficiency of root production (ESRP).

Manrique: In 1992, Manrique proposed a model [63] that used linear regression to
establish a relationship between biomass production and allocation with temperature and
solar radiation. This model was based on experiments conducted across three distinct
elevations in Hawaii. It functions as a static model, generating simulated LAI and biomass
using distinct equation sets for 60-day intervals. Despite incorporating specific coefficients
for temperature and solar radiation responses in the equations, it does not account for the
interactions between these interconnected input factors.

QUEFTS: Byju adapted in 2012 for cassava the static model initially designed for
maize, known as Quantitative Evaluation of the Fertility of Tropical Soils (QUEFTS) by
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Janssen et al. in 1990 [35]. This adaptation was evaluated in regions of India. Showed sig-
nificant improvements in fertilizer recommendations for nitrogen, phosphorus, and potas-
sium (NPK) usage in cassava farming. QUEFTS works by establishing a relationship
between uptake and crop yield. It predicts crop yields by considering the contributions
from soil and fertilizer supplies of N, P, and K, the internal nutrient use efficiencies as
achievable yields based on geographical location and climate conditions.

When it comes to situations where accurate predictions are crucial, for activities that
rely on planning yields at the end of the season, you may prefer to choose static or sim-
pler dynamic models. However, in scenarios demanding models to provide insights into
uncharted environments, novel management approaches, or the performance of new phe-
notypes, more complex dynamic models are better suited. Additionally, these advanced
models give us an opportunity to perform experiments for circumstances like predicting
how crops will behave in future climates with higher levels of carbon dioxide.

32



Chapter 3

Cassava and Simulation Models

Cassava plays a role as a food crop for millions of small-scale farmers in tropical developing
nations. It is cultivated primarily in regions by low-income farmers who rely on minimal
resources. Cassava’s resilience allows it to yield harvests in challenging conditions where
other crops struggle. However, due to the growing demand for cassava products, there
has been an increase in production intensity. This includes the shift towards monoculture
farming cultivation of yielding varieties and the use of agrochemicals and irrigation. Unfor-
tunately, this intensification poses risks such as outbreaks of pests and diseases, depletion
of soil nutrients, and environmental degradation. And using models can help reduce the
environmental impact.

Scientists have categorized cassava models into two groups based on how assimilated
nutrients are distributed among the plant’s parts, affecting their growth. The first group
consists of models that follow a fixed pattern of distribution. For example, a model de-
veloped by [8] established a linear relationship between the weight of the storage roots
and the total weight of the plant. However, this approach overlooks dynamic physiological
processes in the plant that contribute to its final yield. As a result, it has a limited ability
to respond to environmental conditions and doesn’t accurately account for factors like the
lifespan of leaves affected by the environment, which only impacts leaf growth and not the
other parts. This limitation leads us to consider the second category.

In this category, which is the focus of our study, there are models such as [I1] that
have been developed. In these models, the Crop Growth Rate (CGR) is assumed to be a
function of the Leaf Area Index (LAI). However, one notable drawback of this model is its
inability to study crop performance under varying radiation and temperature conditions.
Therefore, it fails to consider variations in environmental factors.
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This initial model didn’t consider the effects of temperature, solar radiation, and water
stress. Although branching was taken into account, its regulation wasn’t fully integrated.
In a related study in [22], the concept of crop growth rate (CGR) was expanded to include
the effects of light as observed in [141] along with temperature and water stress. The
allocation of dry matter was determined based on relationships using data from [35], a study
on the MAusl0 (cassava variety) cultivar considering factors like temperature, photoperiod,
and influences from leaf and shoot size. Leaf senescence was calculated by multiplying the
senescence rate with modifiers related to temperature, water status, or shading. Adapting
this model to other environments would require calibration efforts. The model is from
Australia.

Earlier models had limitations that were effectively addressed by the cassava simulation
model GUMCAS [61]. This particular model takes into account the potential CGR, which
is a varietal trait used to compute dry matter production. To calculate the impact of stress
caused by factors, like radiation, temperature, and water deficit on CGR, multipliers are
used in a manner as in [22]. SIMCAS was developed to incorporate considerations for
supply. While we may not have control over factors (except for irrigation), this model
aims to minimize the wastage of moisture, nitrogen, and potassium while optimizing yield
through the timely application of required amounts. Additionally, it also evaluates how
shortages of moisture, nitrogen, and potassium can affect crop growth and yield.

3.1 Cassava Crop

Based on [32], cassava, scientifically known as Manihot esculenta Crantz, is a plant that has
been cultivated for over 9,000 years primarily for its roots. It is believed to have originated
in the Brazilian Amazon region. It is now grown by small-scale farmers in subtropical
areas. One of its qualities is its ability to thrive in challenging environments. It can be
propagated from stem cuttings, withstands acidic soils, and efficiently utilizes water and
nutrients. The cassava plant is made up of three parts: leaves, stem, and storage roots. The
leaves of the cassava plant contain glycosides as a defense mechanism against herbivores.
The roots, which consist of 60% water content, are packed with carbohydrates. It Serves
as an essential source of energy. They are typically harvested at around 8 to 10 months
for maximum starch yield. Additionally, cassava exhibits versatility beyond its roots; its
leaves are used for animal feed, while the root starch finds applications in industries.

Despite its earlier reputation as difficult to intensify due to its bulkiness and suscepti-
bility to pests and diseases, in the past, cassava has experienced substantial growth. From
1980 to 2011, there was a 44% expansion in the area dedicated to cassava cultivation,
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resulting in doubling production. Over the years, this growth trend has accelerated due
to increased demand. Intensified farming methods aimed at enhancing productivity. Al-
though current yields still fall short of their potential, with management practices and the
development of drought-resistant varieties, it’s possible for cassava crops to produce over
23.2 tonnes per hectare.

3.1.1 Farming System

The ”Save and Grow” approach to farming systems focuses on three recommendations for
cassava cultivation. Firstly, farmers are encouraged to take care of the soil by minimizing
disturbance. Instead of plowing, they should consider using conservation techniques like
strip or minimum tillage and zero tillage. These practices help maintain the structure of
the soil, preserve matter, and prevent erosion.

Secondly, it is suggested that farmers keep a layer of material on the soil surface by
using crop residues and mulches. This improves the properties of the soil. Also promotes
beneficial microorganisms while conserving water and nutrients. In zero tillage systems,
crops are planted directly into a layer of crop residues.

Thirdly, diversifying plant species through mixed cropping and rotations is recom-
mended. This approach reduces risks, allows for adaptation to market changes, and helps
mitigate climate impacts. By combining nutrient-demanding crops with legumes that
enrich the soil, farmers can enhance fertility while preventing pests and diseases from
spreading. Implementing these practices leads to increases in yield production as well as
environmental benefits. The decision between tillage and no tillage depends on the con-
ditions of the soil; while degraded soils may require some level of plowing, healthy soils
generally benefit from zero tillage.

Cover crops and mulching play a role in protecting the soil during cassava’s initial
growth phase while also suppressing weed growth. Mulching also helps to stabilize tem-
peratures, retain moisture, and foster the growth of microorganisms. Growing cassava
alongside crops like maize, legumes, or trees improves the use of land, prevents erosion,
and provides a wider range of food options.

In areas with limited resources and where cereals are grown, it is recommended to
practice agroforestry, crop rotation, and intercropping. By combining these methods, we
can promote intensification while utilizing high-yield varieties of crops, managing water
efficiently, maintaining nutrition for plants, and integrating pest control measures.
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3.1.2 Varieties and Planting Materials

Promising advancements in cassava breeding are evident in the identification of beneficial
mutations by scientists at CIAT. One such mutation involves root starch with little to no
amylose content, known as ”waxy starch,” which has valuable industrial applications. The
Thai Tapioca Development Institute is incorporating this trait into high-yielding commer-
cial cassava varieties. Additionally, a mutation resulting in smaller starch granules with
a rough outer surface has potential in the fuel-ethanol industry, as it simplifies starch-to-
sugar conversion for ethanol fermentation.

Ongoing research at CIAT involves the use of molecular tools for cassava genetic en-
hancement. Molecular markers are being employed to trace the inheritance of resistance
to pests and diseases like whiteflies, green mites, and bacterial blight. Molecular markers
linked to a gene for cassava mosaic disease resistance are facilitating the selection of resis-
tant varieties. This approach has enabled the transfer of Latin American cassava genotypes
to African breeding programs, enhancing resistance to CMD.

Quality planting materials are essential for cassava production. Thailand has achieved
success in disseminating improved varieties through a program launched in 1994. This
program, involving various departments and institutes, led to almost 90 percent of the
nation’s cassava area being cultivated with recommended cultivars by 2000.

Efforts to enhance cassava stem production efficiency are noteworthy. IITA and Nige-
ria’s National Root Crops Research Institute have developed a rapid multiplication tech-
nology involving shorter stem cuttings with 2 to 3 nodes. With proper management, these
stems can be harvested twice a year, resulting in a significant increase in stem yield. This
technology has empowered farmers, with many in Nigeria using it to multiply stems of
improved varieties, generating average annual earnings of $ 750 from stem sales.

3.1.3 Pests and Diseases

[32] advocates for a balanced agroecosystem as the primary line of defense against crop
pests and diseases. It emphasizes reducing synthetic pesticide use and promoting inte-
grated pest management (IPM) strategies that enhance natural processes and biodiversity,
supporting crop production. This involves deploying resistant plant varieties, encouraging
biological control agents, and managing crop nutrient levels for insect reduction.

Cassava, susceptible to pests and diseases, particularly in Africa, is best safeguarded
through non-chemical means. Using healthy planting material, hot water treatment, and
crop rotation helps control bacterial blight, a severe disease. For viral diseases like cassava
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mosaic disease (CMD) and brown streak disease (CBSD), practicing quarantine procedures
and using virus-free planting material are recommended. Innovative research has led to
CMD- and CBSD-resistant cassava varieties.

Weeds pose another challenge to cassava. Cultural practices like using vigorous planting
material, planting under mulch, and intercropping with fast-growing plants help reduce
weed competition. Mechanical methods like hoeing and using animals or tractors for
cultivation are effective. Herbicides can also be used with caution, with pre- and post-
emergence options available.

The success of biological control is evident in countering pests like mealybugs and green
mites, which harm cassava in various regions. The introduction of natural predators and
parasites effectively curbs their population. Additionally, targeted intercropping, such as
cassava with cowpeas, has proven beneficial.

Strategies to control pests and diseases while ensuring sustainable cassava production
involve a holistic approach that respects ecological balances and local conditions. These
approaches, encompassing various non-chemical interventions and carefully considered use
of pesticides, can secure cassava yield while minimizing environmental harm.

3.2 Model Example

This model has been implemented and has been inspired by [1]

3.2.1 Initialization

The initialization part is made of two subsections. The first subsection is the initialization
of all environmental conditions. Because the model is made on a weekly basis, we need a
second initialization to set the crop establishment parameters better known as the plant
onset.

The first initialization requires 52 sets of values (representing 12 months and 52 weeks of
growth) of all environment inputs. The environmental inputs will be assessed once. The
parameters taken into consideration are solar radiation (Sr), air temperature, rainfall, pan
evaporation, and day length (D). In order to determine the day length, we need the culture
location and latitude. Pan evaporation is necessary to establish soil water balance, and
for that, we also specify the following soil parameters for the three first soil layers: depth,
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Figure 3.1: Cassava process-based flowchart [1]
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average bulk density, field capacity, wilting point, and moisture content.

The second initialization represents the crop establishment. It has been verified that the
minimum accumulated temperature needed for establishment is 16.7. For our crop to start
growing, we need to calculate the heat sum. When the heat sum reaches 16.7, then the
plant onset is met.

heat_sum = Z vT — 16 (3.1)
n=1

heat_sum > 16.7

m : number of minimum weeks required for establishment.

For example, a constant temperature of 25°C will take 6 weeks to establish.
We do not account for water stress prior to onset. Following [22]’s methodology, our model
initializes parameters at establishment. The initial parameters are as follows: leaf area
index (LAI) is set at 0.5, stem at 7, petiole at 5, lamina at 20, tuber at 0, planting piece
at 37, and total dry matter at 69. The data for these parameters were sourced from [22].
Then we make a loop for 52 iterations of the following blocks.

3.2.2 Leaf Area Index (LAI)

To calculate the LAI daily, we use leaf Lamina dry weight and create a polynomial extrap-
olation of a specific leaf area.

LAI = lldw - sla (3.2)

where
lldw: leaf lamina dry weight
sla: specific leaf area.
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3.2.3 Soil Water Balance

In plant growth, environmental conditions like water availability and pan evaporation can
add stress to the plant. To determine the amount of stress these conditions add, we cal-
culate a stress index (SI). The stress index is a function of the potential extraction and
potential transpiration.

B Pt — Pex

ST
Pt

(3.3)

Where

Pt: Potential transpiration

Pex: Potential extraction

Note: SI should always be positive. If the result is negative, which means that Potential
extraction is superior to potential transpiration, we assume SI = 0. In that case, there is
no water stress on the crop.

Soil evaporation is needed to calculate the potential transpiration. It is related to the
ground cover proportion and days separating rainfalls.

The ground cover proportion is:

scov = 1 — eTKLAD (3.4)

where
K=0.8
and LAI is calculated daily

From this, we can obtain the potential soil evaporation:
PE = epan - (1 — scov) (3.5)

where

epan: pan evaporation

With this information, we use the Ritchie procedure to determine the soil evaporation
amount.

The soil evaporation amount helps to determine if the soil is dry or not. According to this
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factor, the potential transpiration calculus method may change To calculate the potential
transpiration we deduce:

Pt = epan - scov (3.6)

For a dryer soil surface, we take another path:

Pt = epan - Gcov (3.7)

where

Geov = 1 — el=¢/LAD (3.8)

For this particular case, cf =1

We should keep in mind that the root depth starts at 70 cm at the establishment and
is increased by 7 cm each week until the maximum depth of the third layer, which is
approximately 120cm. With this information in mind, we can calculate the uptake, ”the
amount of moisture that can be extracted. The sum gives the potential extraction.

3
Pex =Y UPTAKE, (3.9)
n=1
UPTAKE; = ;- (PAWP,)? (3.10)

Where i is for the it layer, We calculate the uptake for each soil layer.
8 =1.67

ap = 3.2; ap = 5.6; ag = 6.7

PAW P; is the plant’s available water proportion for each layer.
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3.2.4 Crop Growth Rate

The crop growth rate (CGR) is a function of LAI, solar radiation, and temperature. Under
optimum conditions which mean temperature > 24°C and solar radiation > 22MJ - m?,
the i deal CGR is as follow:

ICGR=a —b-el~eLAD (3.11)

Where
a=21.7;b=20.5;c=0.27

Because perfect conditions do not exist, the model needs to take into consideration the
stress induced by water, temperature, and radiation. For that reason, we did a polynomial
extrapolation to determine the multiplier index for each parameter. With this update, the
CGR functions change.

CGR = PCGR - (tm - rm - wsm) (3.12)

Where
tm: temperature index multiplier
rm: radiation index multiplier
wsm: water stress index multiplier

3.2.5 Assimilate Distribution

After CGR, we estimate the assimilate distribution among the different organs. This
distribution is affected by temperature, day length, LAI, and water stress index. The water
stress polynomial extrapolation is unique for assimilating distribution. This relationship
is expressed as follows:

DRS = [0.011T + 0.0136 LAI + 0.0637 - (D — 10)] - wsm - fm (3.13)
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Where:
DRS: Distribution ratio to shoot
T: Temperature
D: Day length
wsm: water stress multiplier

fm: fertilizer multiplier
fm=10.65

if no fertilizer is applied and

if there is fertilizer

3.2.6 Nutrients

The determination of the plant’s requirements involves combining the needs of each part
(leaves, stem, roots). This calculation is based on the difference between the minimum
levels and the maximum levels in each part of the plant.

ACtNPK = DRS . 03 . CCELNPK + 07 . DRS . CCLSTNPK ‘I’ (1 — DRS)CCLRTNPK (314)

CaLypg = Concentration of actual NPK in leaves.
CaSTnpr =Concentration of actual NPK in the stem.
CaRTypr =Concentration of actual NPK in roots.

The changes seen in the highest levels of plant parts concentrations depend on the im-
pact of temperature. It’s crucial to have the recorded data indicating the largest amounts

of nitrogen (N), phosphorus (P), and potassium (K) in leaves, stems, and storage organs
for examination.

CmLypg = Concentration maximum for leaves.

CmSTypr = Concentration maximum for the stem.
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CmRITnpr = Concentration maximum for roots.

To determine the requirement and provision of nutrients, we calculate the combined ab-
sorption of nutrients by the plant, taking into account that the uptake of each nutrient
depends on the presence of other nutrients. The actual uptake is as follows:

Uptake = 0.012 - NED (3.16)

NED : Nutrient equivalent demand

Macp — Actp N Mazy + Actg

NED =M -1 — Act
azy | N+ Maxp Max g

] (3.17)

From all these equations, we can determine the stress index induced by nutrient uptake:

B Actnpx — Minnpk
N 0.8 - (MU,JZNPK - M’i?’LNPK)

NI (3.18)

Minypr : Minimum available nutrient
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Chapter 4

Implementation and Results

Machine learning (ML) models can be classified into two simulation categories: mathemat-
ical and process-based, depending on their construction and selection criteria. Mathemat-
ical models are characterized by linear relationships, making linear ML models well-suited
for this approach. On the other hand, process-based ML models are made of non-linear
techniques like random forests, K-NN, and neural networks. Moreover, each process can be
implemented as a service to accurately depict dynamic interactions within a crop system. In
our experiment, we employ non-linear models to capture the intricate relationships among
various processes. While not strictly process-based, it serves as a valuable benchmark for
comparison.

4.1 Process-based Model: Results and Observations

The objective of this section entails the formulation of a simulation model for the growth of
cassava, grounded in [22]’s research. To execute this, a Python-based software employing
[22]’s acquired data will be employed for thorough testing. Presently, the prevalent software
for akin modeling purposes is developed in FORTRAN. The essence of smart farming
resides in the judicious allocation of resources vis-a-vis the attained outcomes. Hence,
the current endeavor is singularly directed at devising the most effective methodology for
emulating [22]’s study while systematically integrating factors such as temperature, water
stress, and radiation.

Data. We conducted two distinct simulations. The initial simulation was executed
using the process-based model. In this implementation, we utilized environmental data
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from [26] over a period of ten years, enabling us to perform the procedures outlined in the
preceding chapter to construct the model.

Within the scope of this experimentation, we have diligently reconstructed a model in
Python with maximal precision. Subsequent to its development, a series of simulations
were executed, furnishing discernible outcomes. The critical parameters to be observed
during these simulations encompass the timing of sowing (winter, summer, etc.) and the
intricate interplay of irrigation. It is presupposed that in each of these test scenarios, the
fertilizer quantity remains consistent.

4.1.1 No Irrigation

The conducted experiment exhibited a notable resemblance to the outcomes derived from
[22] research. While the graphical representations differ, they fundamentally align in terms
of the underlying trend. In our specific case, in the absence of irrigation, a dry weight of
12.5 tons per hectare was attained. [22], in his experimental work, had yielded a value of 13
tons per hectare. Notably, this value exhibited fluctuations contingent upon geographical
location and season, spanning a range from 11 to 15 tons per hectare. The discernible
variance between our outcomes and [22] findings can be readily attributed to differences
in calibration protocols. Specifically, our experiment employed rainfall data from 2010,
whereas [22] data dates back to 1975. Additionally, certain aspects pertaining to soil type
and its capacity were approximated in our study.

Two distinct simulations were conducted, one during the Australian summer, precisely
in January, and the other during the winter month of May. In the summer simulation, the
plant initiated growth within 6 weeks and matured over approximately 40 weeks to reach
a stabilized state. Conversely, in the winter simulation, the target stabilization point was
not fully realized, necessitating a duration of 70 weeks to approach outcomes akin to those
achieved during the summer simulation. The model’s capacity to effectively mirror the
contextual conditions is indeed a promising facet of this research endeavor.

Cassava, predominantly grown in tropical regions, our study encountered limitations
regarding data availability and model specifications. While the Fukai model proved advan-
tageous in terms of simplicity for modifications, adapting it to non-Australian environments
would required substantial parameter adjustments, therefore comprehensive environmental
data was needed. Fortunately, the Australian government provided comprehensive envi-
ronmental datasets for our study. We also tested during the Australian winter to evaluate
the model’s capacity to accommodate extreme environmental stress. Notably, no onset
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Figure 4.1: Dryland Simulation

occurred during the winter season, with the onset process starting after 19 weeks of sim-
ulation. Winter stress levels were also assessed between weeks 20 and 40 of the summer
simulation.

4.1.2 Irrigated

In the context of irrigation, the influence of water-related stress is omitted from considera-
tion. Instead, the model factors in stress arising from solar radiation and temperature. The
resultant simulation data yields an outcome that is notably consistent. While [22] find-
ings stood at 26 tons per hectare, our simulation generated a close figure of 25.8 tons per
hectare. Notably, the trajectory of the curve exhibits some divergence from [22] rendition.
Our analysis attributes this disparity primarily to the calculation of the Leaf Area Index
(LAI). [22] LAI data were meticulously measured and computed daily at the site. Con-
versely, we resorted to an approximation technique to estimate LAI based on acquired data.
In the majority of similar studies, LAI was determined through manual measurements and
on-site calculations.

The model’s capacity to achieve results almost on par with [22] outcomes is certainly
a promising aspect.
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4.1.3 Analysis by Season

Our observations have yielded the following findings. In our simulation, the point of
maximum growth is attained at the 40-week mark. Any growth beyond this juncture is
extrapolated rather than grounded in data. This distinction arises due to [22] data, which
involved certain aspects calculated on-site, as opposed to our approach of estimation.
Consequently, the curve in [22] reflects a higher degree of precision. Regrettably, the
formulas and estimates provided by [22] lack the capacity to incorporate negative feedback.

To elaborate further, the plant exhibits a growth period of approximately 40 weeks.
Subsequent to this phase, growth stagnates temporarily before declining. However, the
model inadequately captures this degenerative trend. The model’s representation of the
negative feedback caused by degeneration is insufficient to curtail the overall growth of the
plant. Weekly growth calculations are appended to the total growth, but circumstances ne-
cessitating a negative weekly growth significant enough to impact total growth are uncom-
mon and extreme in reality. Nonetheless, this limitation doesn’t significantly undermine
the model’s utility. The plant’s inherent resilience to extreme conditions means that this
degeneration effectively illustrates the plant’s response to reasonable drought conditions.
This explains why our simulations show some development even after 40 weeks. We’ve
retained these results as they facilitate the analysis of the duration of plant development
under varying conditions.
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The subsequent figures depict the plant’s development under irrigated conditions at
different times of the year. The simulation conducted in spring reveals that a plant achieves
its peak yield of 26 tons per hectare between 28 and 35 weeks. Conversely, a winter planting
attains its maximum yield of approximately 21 tons per hectare at the 40-week mark,
requiring around 65 weeks to virtually reach a similar outcome. The summer simulation
also converges at a result of about 26 tons per hectare within 40 weeks. These findings
align with observations made by [22].

4.2 Machine Learning: Results and Analysis

The second implementation is rooted in a machine learning model. The data fed into these
models primarily originate from our earlier simulation.

In preparation for the machine learning simulation, we applied data normalization to
the acquired dataset. The primary goal of data normalization is to bring all features to
a similar scale without distorting their original distributions. This ensures that no single
feature dominates the analysis or affects the performance of machine learning algorithms
disproportionately. Additionally, normalization can improve the convergence speed and
accuracy of machine learning models, leading to better performance overall. Min-max
normalization was used in our case. This dataset was acquired after an initial simulation
throughout ten years. Among the numerous factors influencing crop yield prediction,
temperature, radiation, and rainfall have a considerable impact in general. The key features
considered here as inputs for this simulation encompassed week, temperature, average
weekly rainfall, average weekly evaporation, and radiation. The output variable focused
on yield.

4.2.1 Method

For this exercise, we used different models to compare the results of the predictions. The
mean squared error method has been used for performance review. You can see below the
algorithms used and their parameters:

1) Neural Networks (ANN): Neural Networks are made up of interconnected pro-
cessing units called neurons, which collaborate to process information and make predictions
or decisions. These networks are composed of layers of interconnected neurons, allowing
them to capture relationships in data that linear models may struggle with. One key
advantage of Neural Networks is their ability to automatically learn features from raw
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data, reducing the need for manual feature engineering. This becomes especially beneficial
when dealing with large data. Additionally, Neural Networks can be scaled up to handle
large datasets and complex tasks by increasing the number of neurons, layers, or model
parameters.

In the context of this study, we have developed two Neural Network models for com-
parison. The first model was constructed utilizing the Keras library, whereas we manually
crafted all the libraries for the second model. The training process took approximately ten
minutes for the Keras model and forty minutes for the other model. The parameters are
presented in the table below.

Table 4.1: Model Keras: ”sequential”

Layer (type) Output Shape Param #
dense (Dense) (None, 360) 2160
dense; (Dense) (None, 1) 361

Total params: 2,521
Trainable params: 2,521

Non-trainable params: 0
Best Optimizer: SGD*  learning rate=0.01, momentum=0.7

SGD: Stochastic gradient descent

Table 4.2: Model from scratch: ”sequential”

Layer (type) Output Shape Param #
dense (Dense) (None, 1024) 6144
dense; (Dense) (None, 1) 1025

Total params: 7169
Trainable params: 7169

Non-trainable params: 0
Best Optimizer: adam  learning rate=0.01, beta; = 0.9, betay = 0.999,¢ = le — 8
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2) K-nearest neighbors (KNN): is a type of machine learning algorithm that is
commonly used for both classification and regression tasks. It is an easy-to-understand
algorithm that works by predicting the class of a data point based on the classes of its
neighbors. The choice of a value for K, which represents the number of neighbors to
consider, is crucial as it can significantly impact the algorithm’s performance. If K is
set small, it may result in noisy predictions, whereas if it is set too large, it may lead
to overly smoothed predictions. One advantage of KNN is that it does not make any
assumptions about the distribution of the underlying data. Due to its simplicity and ease
of implementation, KNN often serves as a choice for simple regression tasks but may not
be ideal for large and complex datasets.

In this case, we implemented a KNN model based on our dataset. After multiple tries,
it has been concluded that the best value for K is 12. You can find below our parameters:

parameters: K=12

{"algorithm’ :" autd’,
"lea f _size' : 30,
"metric " minkowski',
"'metric_params’ : None,
'n_jobs’ : None,
'n_neighbors’ : 12,
D2,

"weights' " uni form'}

3) Random Forest (RF): is a method used in machine learning that combines mul-
tiple models to enhance performance. It’s well regarded for its ability to provide reliable
predictions. Random Forest employs a combination of decision trees and randomization
techniques to make predictions. In regression tasks, each tree predicts a numeric value,
and the final prediction is determined by averaging these values. This approach tends
to yield results while mitigating the risk of overfitting that can arise with decision trees.
Additionally, Random Forest is effective in handling data, outliers, and missing values. It
also offers insights into feature importance, which can be valuable for feature selection and
gaining an understanding of the data. During the training, it was revealed that the best
parameters are n_estimator=100. Below is an extensive list of parameters.
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Parameters:

{"bootstrap’ : True,
'cep_alpha’ - 0.0,
‘eriterion’ !’ squared_error’,
"max_depth’ : None,
'max_features’ : 1.0,
"max_leaf,odes : None,
'max_samples’ : None,
"'min_impurity_decrease’ : 0.0,
"'min_samples_leaf’ : 1,
"'min_samples_split’ : 2,
"min_weight_fraction_leaf’ : 0.0,
'n_estimators’ : 100,
'n_jobs' : None,
'oob_score’ : False,
'random_state’ : 42,
'verbose’ : 0,

"warm_start’ : False}

4.2.2 QObservations

e Irrigated sensitivity test result.

The two Neural Networks were implemented in Python using the Keras software library

for one and We constructed the other model from the ground up. The aim was to access

additional parameters and evaluate their potential impact.

o2

We also implemented two
other popular prediction models for comparison: Random Forest Regression and KNN
regression. All of these models were implemented in Python in the most efficient manner
that we were capable of and tested under the same software and hardware environments
to ensure fair comparisons. The following hyper parameters were used for the random
forest. The maximum depth of the tree was not set, due to the amount of data, we were
not particularly worried about overfitting. We set the number of estimators at 100. All



features were used to train the random forest. The tables below compare the performances
of the four models on validation datasets with respect to the Mean Squared Error (MSE),
Root Mean Squared Error(RMSE), and Mean Absolute Error (MAE). The motivation
stems from the fact that for certain datasets, relying solely on MSE may not suffice. While
MSE is indeed valuable, it may have certain limitations that need to be considered. These
results suggest that the random forest outperformed the other three models to varying
extents. We note that the random forest model achieves the lowest MSE value of 1.35,
outperforming all other models. Specifically, KNN has an MSE of 1.89, while the neural
network with Keras achieves 1.78, and the other neural network records 1.95. In our case,
the analysis based on MSE values is backed up by RMSE and MAE values (Table 4.3).

Despite the superior performance of the random forest model in yield prediction, it did
not exhibit superiority across all aspects. Notably, Neural Networks (NNs) demonstrated
better prediction accuracy at extreme values. It was observed that, overall, all models
struggled with precision in predicting central values, a deficiency notably accentuated in
the case of KNN. These observations can be derived from the data presented in Figure 4.3.

The judicious selection of optimal parameters has proven immensely beneficial in re-
ducing the learning and validation losses within the Keras-based model. Additionally, the
analysis of feature impact within the random forest model shed light on the significant
influence of the weeks of growth. This particular parameter was intentionally integrated
into the model to regulate the growth process.

Table 4.3: Sensitivity test result

MSE Values
no test week Temperature Radiation evaporation Daily rain
NN Keras 1.78  54.98 2.00 1.77 1.63 1.77
NN other 1.95  74.62 1.81 1.78 1.65 1.64
Random Forest 1.35  69.13 1.61 1.46 1.38 1.34
KNN 1.89  67.23 2.22 2.06 1.64 1.88

RMSE Values

no test week Temperature Radiation evaporation Daily rain

NN Keras 1.33 7.42 1.42 1.33 1.28 1.33
NN other 1.40 8.64 1.34 1.34 1.29 1.28
Random Forest 1.16 8.31 1.27 1.21 1.17 1.16
KNN 1.37 8.20 1.49 1.43 1.28 1.37

H MAE Values H
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no test week Temperature Radiation evaporation Daily rain
NN Keras 1.01 6.06 1.09 1.02 0.94 1.03
NN other 1.05 5.58 1.00 1.00 0.93 0.98
Random Forest  0.85 5.44 0.90 0.88 0.85 0.85
KNN 1.04 5.10 1.10 1.07 0.98 1.04

We conducted supplementary assessments to analyze the influence of individual features
within each model. Our objective was to ascertain the sensitivity of each model to specific
features by systematically modifying or excluding certain parameters and observing their
respective reactions to these alterations.

Upon varying the values associated with the week of growth and even removing it en-
tirely, we noted a pronounced sensitivity of all models to this particular feature. Eliminat-
ing this feature significantly compromised the predictive capacity of the models, rendering
them less effective in their predictive abilities. On the other hand, the alternative Neural
Network (NN) shows sensitivity primarily to the growth week, followed by temperature,
radiation, evaporation, and rainfall. The absence of each variable contributes to enhanced
precision in its predictions. The previous deduction was done based on table 4.3 data.

Upon analyzing the data, we can re-evaluate the models from another perspective. In
particular, when it comes to the Keras network, we notice that the growth week has a
significant influence on the precision of the model. Following are factors such as radiation,
evaporation, temperature, and lastly rainfall. compared to the values in the no sensitivity
test (mse=1.78) It is worth noting that both rainfall and temperature have a minimal
impact on the overall results. Random Forest, however, displays limited sensitivity to daily
rainfall and evaporation variables. It demonstrates a modest sensitivity to temperature,
followed by radiation, while maintaining a significant sensitivity to the growth week. KNN
reveals substantial sensitivity to the growth week, temperature, evaporation, and radiation
in that order compared to the values in the no sensitivity test (mse=1.89) Its sensitivity
to rainfall shows minimal to no variations.

The evaporation component consistently ranks third as the influential factor after the
week of growth. The primary position immediately following the growth week is shared by
both temperature and radiation. Temperature exerted a moderate impact on prediction
accuracy across all models. In general, each model experienced a marginal decrease in pre-
cision, except for the NN constructed from alternative libraries, which exhibited a slight
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improvement in accuracy. Notably, the NN generated from Keras showcased a heightened
sensitivity to the radiation feature, resulting in a larger mean square error (MSE). More-
over, nearly all models exhibited improved precision in the absence of daily rainfall. For
those models that did not notably improve in precision, there was no marked decline ei-
ther. This observation aligns with the Fukai experiment, upon which our dataset is based,
which frequently implemented irrigation to mitigate the impact of drought conditions. As
a result, when the daily rainfall is excluded from the model, we observe an improvement
in accuracy. This highlights the situations in which irrigation was used to mitigate the
impact of drought.

e Drought sensitivity test result.

Table 4.4: drought sensitivity test result

MSE Values
No test week Temperature Radiation evaporation Daily rain
NN Keras 1.20 8.42 1.06 1.11 1.44 1.19
NN other 1.47  10.67 1.90 1.47 0.86 1.98
Random Forest 1.37 9.30 1.30 1.25 1.07 1.47
KNN 1.24 8.54 1.32 1.22 0.95 1.27

RMSE Values

No test week Temperature Radiation evaporation Daily rain

NN Keras 1.10 2.90 1.03 1.07 1.19 1.08
NN other 1.21 3.27 1.38 1.21 0.94 1.39
Random Forest 1.17 3.05 1.14 1.12 1.03 1.21
KNN 1.11 2.92 1.15 1.11 0.97 1.13
MAE Values
No test week Temperature Radiation evaporation Daily rain

NN Keras 0.76 2.23 0.73 0.87 0.78 0.74
NN other 0.90 2.40 1.0.3 0.89 0.70 1.06
Random Forest 0.85 2.32 0.84 0.84 0.77 0.87
KNN 0.82 2.14 0.89 0.84 0.73 0.82

In this section, it becomes evident that the growth week significantly influences the
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models. Its absence leads to challenges in accurate prediction across all models. Notably,
the Keras NN model demonstrates sensitivity primarily influenced by evaporation, followed
by temperature and radiation. Rainfall has minimal impact on this specific model. For
the other Neural Network model, it appears that evaporation is the most significant fac-
tor, followed by rainfall, temperature, and then radiation. The random forest is affected
by evaporation, radiation, rainfall, and temperature, while the KNN model responds to
evaporation, temperature, rainfall, and radiation, although the distinctions in the effects
of rainfall, temperature, and radiation are relatively negligible. The consistent impact of
the growth week and evaporation on all models is apparent from the observations. These
factors significantly affect the performance of all models. Following this trend, radiation
and rainfall share a subsequent position in terms of impact.

In conclusion, based on the analysis, the growth week has a predominant impact on pre-
dicting all models regardless of other factors due to the cumulative effect of plant growth.
In scenarios of drought moderated by irrigation, models tend to rely more on radiation (or,
in specific cases, temperature) and evaporation, with rainfall exerting minimal influence.
Random forest was the best performer in these conditions. During unmitigated drought
conditions, models prioritize evaporation, followed by radiation and rainfall, while tem-
perature appears to have minimal impact in these conditions. Neural Network built with
Keras was a better performer.

The substantial impact of this parameter in the model can be rationalized by the data
portraying a crop relatively resilient to drought conditions. Consequently, the influence of
environmental variables was less pronounced. Nevertheless, these acquired data provide
valuable insights into the plant’s development under stable conditions.

4.3 Application

After investing considerable effort, it would be valuable to elaborate on our vision for
implementing this research. As previously mentioned, unmanned aerial vehicles (UAVs)
play a pivotal role in this regard. UAVs offer the capability to generate detailed maps
of crops, enabling the assessment of various factors such as crop yield and Leaf Area
Index (LAI). The LAI, being a crucial parameter for process-based models, underscores
the significance of UAVs in this context.

During different stages of crop development, UAVs can be used by farmers for tar-
geted spraying and precise monitoring of crop progress. Equipped with suitable sensors,
UAVs facilitate the identification of areas within a crop that require additional water-
ing, thereby positively impacting overall crop productivity. Among the array of sensors,
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thermal cameras stand out as commonly employed tools for this purpose. By leveraging
thermal imaging to map water potential variability across a field, irrigation practices can
be optimized for enhanced efficiency. Moreover, the creation of accurate weed coverage
maps through UAV imaging enables targeted herbicide application and facilitates disease
detection.

Our research endeavors with UAVs and complementary sensors offer significant bene-
fits to cassava farmers, regardless of their level of technological proficiency. They empower
farmers to make informed decisions regarding optimal planting times, suitable crop varieties
based on predicted weather patterns and soil characteristics (including nutrient content),
and the timely mitigation of development issues such as nutrient deficiencies, weed infes-
tations, diseases, and water stress. Handling these variables undoubtedly translates into
higher crop yields.

29



Chapter 5

Conclusion and Future Work

As part of this thesis, a comprehensive discussion was undertaken regarding a dynamic
model formulated to forecast cassava yield. In addition, various machine learning models
were deliberated upon, aiming at optimizing yield prediction and facilitating comparisons.
The dynamic model accounted for several environmental factors, encompassing weather
parameters (such as temperature, radiation, rainfall, and evaporation) as well as soil pa-
rameters, which included the application of fertilizers. The discussion surrounding this
model illuminated the intricate interactions inherent in the developmental stages of diverse
components of the cassava plant. The development of this model facilitated a comparative
analysis with its predecessor, which was designed by Fukai. Our model, while reflecting
the methods and technologies of the Fukai model, demonstrated significant advancements.
Notably, one of these enhancements lies in the effective integration of soil nutrients and
the adaptive application of fertilizers based on the specific requirements of the soil and the
plant. Therefore, it can be inferred that our model not only serves as a valuable benchmark
compared to its predecessors but also introduces improvements, particularly in the realm
of fertilizer application.

Additionally, within this study, the development and comparison of four machine learn-
ing models were undertaken. This comparative analysis involved assessing the performance
of random forest, K-nearest neighbors (KNN), and two distinct constructions of Neural
Networks. The outcomes revealed that under irrigation conditions, the random forest
model exhibited superior performance, while in drought scenarios, the Neural Network
constructed with Keras showed the most suitable predictive capability. However, these
conclusions change depending on the environmental variable to be tested. Notably, the
most influential environmental factors were identified as evaporation and radiation, which
significantly impacted the model’s predictive accuracy across varying conditions.
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In future endeavors, it would be beneficial to explore a comparison involving a Kalman
filter. ML is generally used for making predictions or decisions based on data patterns,
while the Kalman filter is used for state estimation in dynamic systems. ML algorithms
make fewer assumptions about the underlying dynamics of the system and can handle
complex, nonlinear relationships. The Kalman filter assumes linear dynamics and Gaussian
noise, which means it’s most effective for systems that can be reasonably approximated by
linear models with additive Gaussian noise.

Coupling the Kalman filter with machine learning techniques can be beneficial in sce-
narios where you have a dynamic system with complex, nonlinear behavior, and you want
to improve state estimation using both historical data and real-time measurements. This
can be achieved in different ways:

e Use machine learning algorithms to learn the relationship between system states and
sensor measurements from historical data.

e Use machine learning techniques to adaptively adjust the process noise covariance
matrix and measurement noise covariance matrix based on real-time sensor data.

e Use the Kalman filter to provide state estimates and uncertainty estimates as inputs
to a machine-learning model.

e Incorporate online learning techniques to continuously update the machine learning
models used in conjunction with the Kalman filter.

e Combine the outputs of the Kalman filter and machine learning models using fusion
techniques such as ensemble methods or Bayesian model averaging.

By coupling the Kalman filter with machine learning techniques, you can leverage the
strengths of each approach to improve state estimation in dynamic systems, especially in
scenarios where traditional Kalman filtering assumptions may not hold or where complex
nonlinear relationships exist between system states and measurements like in our case. Fol-
lowing this trajectory, the development of a combination of an advanced machine learning
model and Kalman filter capable of weekly predictions, accurately assessing plant require-
ments, and determining optimal nutrient dosage and irrigation needs every week would
represent a significant step forward. Such a comprehensive model could be complemented
by disease detection functionalities, further enriching its applicability and utility within
agricultural contexts.
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