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Abstract

Undoubtedly, the advancement of IoT technology has created a plethora of new appli-
cations and a growing number of devices connected to the internet. Among these develop-
ments emerged the novel concept of smart farming. In this context, sensor nodes are used
in farms to help farmers acquire deeper insight into the environmental factors affecting
their productivity.

In recent years, we have witnessed an emerging trend of scholarly literature focused on
smart farming. Some focus has been on system architecture for monitoring purposes, while
another area of interest includes yield prediction. Humidity, air and soil temperature, solar
radiation, and wind speed are some key weather elements monitored in smart farms.

We introduce a mechanistic crop growth model to predict crop growth and subsequent
yield, subject to weather, soil parameters, crop characteristics and management practices.
We also seek to measure the influence of nitrogen on yield throughout the growing season.
The machine learning models are trained to emulate the crop growth model in the state of
Iowa (US). The multilayer perceptron (MLP) is chosen to evaluate the model prediction
as it generates fewer errors.

Furthermore, the MLP optimization model is used to maximize corn yield. The ex-
periment was performed using different scenarios, stochastic gradient descent (SGD), and
adaptive moment estimation (Adam) optimizers. The experiment results revealed that the
SGD optimizer and the dataset with the scenario of unchanged parameters provided the
highest crop yield compared to the mechanistic crop growth model.
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Chapter 1

Introduction

The Internet of Things (IoT) refers to a network of systems designed to communicate,
perform distributed sensing and compute in collaboration with other devices. This sensing
allows it to collect real time data, which can later be used to improve different models and
help in prediction [4].

Due to large amounts of generated data, new data collection and processing techniques
need to be designed with the corresponding infrastructure to handle this extensive data.
Some uses of these IoT devices include smart cities, industry, and agriculture [5][6][7][9]. In
one of the critical application areas mentioned, precision agriculture is of great importance.
Some existing challenges include the efficient use of inputs such as water, fertilizer, and
even labour.

Due to the global increase of population and food shortages, the main goal of precision
agriculture is to increase production and maintain food costs affordably.

Records show that in 2019, corn production exceeded that of all other crops in the US
[104]. Now that replacing gas in cars with ethanol has gained traction, it is essential to
enhance the quantity of corn production. Therefore, predicting corn yield could provide
relevant insight for decision-making [2].

Many studies have used crop models for cropping systems and predicting applications,
such as mechanistic and machine learning models. Results demonstrated their capabilities
and significant advancement in yield prediction in agriculture [104].

The mechanistic crop growth model establishes a relationship between input and output
variables that is mechanistic in nature and applicable to crop management, pest control
and yield prediction [113]. The mechanistic model describes corn growth and yield in
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response to the essential factors that influence them, such as weather, environment, and
nutrient inputs [114].

Machine learning has become an integrative feature of modern techniques, suggesting
automated processes for predicting phenomena based on past observations, discovering
underlying patterns in data and providing insight into problems [113][114]. In addition,
ML predictive models enable the optimization of dataset variables.

The present work uses an IoT-based smart agriculture system architecture for corn
yield prediction and suggests machine learning algorithms to run in the architecture.

The present work then proposes a mechanistic crop growth model to predict corn growth
and yield in a US state (Iowa) using historical data from 1982. In addition, it suggests
machine learning (ML) models for optimizing dataset parameters from the mechanistic
crop growth model.

The precipitation and nitrogen nutrient the corn receives throughout the growing season
strongly impacts the development and growth of the crop.

1.1 Motivation

The Agricultural sector faces food scarcity and insufficient cost-effectiveness due to the
global increase of population. The proposed remedy to this situation is to introduce smart
technologies to meet the world’s food demands for the coming years.

Studies show that advancements in machine learning and crop modelling have created
the potential to maximize prediction in agriculture. These techniques have significantly
improved prediction performance; however, they have been mostly evaluated individually.
Coupling them may further enhance corn growth and yield prediction and enable optimiza-
tion.

Since the mechanistic model is non-continuous and contains conditional statements, it
should be transformed into a continuous non-linear function to optimize the variables. Ma-
chine learning models such as multilayer perceptron (MLP) are used to optimize different
factors that impact corn growth prediction.

Maize (Zea mays L.) is an important crop and used for many purposes such as food,
livestock feed, fuel and industrial products. In past years, the increase of maize yields were
associated with increased amounts of nitrogen (N) fertilizer application to crops. Nitrogen
plays a crucial role in crop metabolism, and an adequate supply of soil nitrogen is critical
to increasing crop yield.



The combination of machine learning and mechanistic crop growth models is expected
to allow precision agriculture to deliver high operational efficiency, maximize crop growth

and yield, reduce production costs, and efficiently utilize inputs (water, fertilizers, etc.)
[4].

1.2 Problem Description

A key objective in the agricultural domain is to increase productivity. The challenge is to
efficiently use inputs that influence production, such as water and fertilizer.

To achieve this goal, it is required to use advanced techniques that can assist in manag-
ing these factors. Because the agricultural arena is an essential source of data, managing
and investigating the generated information is integral to better decision-making and pre-
dictions.

The data collected from various fields should be investigated to analyze processes like
crop improvement, yield prediction, or water stress identification in order to increase pro-
ductivity.

Crop yield prediction is among the primary processes involved in crop growth, and the
mechanistic crop growth model will assist in predicting crop growth and yield in order to
improve production.

After assessing the crop yield prediction, we can apply different optimization algorithms
to factors that affect crop growth to maximize yield prediction.

Another technique useful for yield prediction is machine learning. Its various predictive
models are utilized to optimize the input values and analyze the results. These methods
enable an analysis of significant factors involved in crop growth.

1.3 Solution Outline

We used a three-tier system architecture including field device layer, fog/edge computing
and cloud computing layer. The architecture will perform data analysis using machine
learning methods to enhance predicted events and make more reliable decisions. The
architecture engages in the collection, transmission, and operation of physical parameters
that influence the farming field such as weather, air and soil temperature, soil moisture
levels, relative humidity, and radiation. Such information is then used to efficiently manage
crop production.



We proposed a mechanistic crop growth model combined with machine learning to
predict and optimize corn growth and yield. We assessed the model to predict corn yield
accurately based on historical data. We then varied the applied N fertilizer values and
determined the appropriate N value we could apply to get the maximum yield. Then, we
used machine learning methods to optimize the variables.

We selected two predictive ML models; namely, the random forest regressor (RF) and
multilayer perceptron (MLP), and trained them using the output of the mechanistic growth
model. Then, we compared the models using error metrics, such as the root mean square
error (RMSE), relative root mean square error (RRMSE), mean absolute error (MAE)
and coefficient of determination (R?). We considered the model that provided the most
accuracy and least prediction error.

1.4 Methodology

In this thesis, we based our research on predicting and optimizing corn growth and yield.
We first gathered data from USDA-NASS and proposed a mechanistic model of crop growth
to accurately predict the growth of corn and its subsequent yield.

We then combined the yield results of the mechanistic corn growth model with the
machine learning models (MLP and random forest). We evaluated their performance to
improve the corn growth and yield prediction in smart farming.

In addition, we varied the applied N fertilizer values to estimate the amount that
maximizes the corn yield and used optimization algorithms to optimize the crop yield.
Finally, we compared crop yield results obtained from the mechanistic crop growth and

MLP models.

1.5 Contribution

This thesis provides the following contributions:

e We put forth a mechanistic crop growth model to assess corn growth and yield based
on historical datasets from the USDA-NASS. We listed the different mechanistic crop
growth models and investigated the advantages and disadvantages of the related
work. We simulated the mechanistic crop growth model to predict the biomass
accumulation, corn growth and yield. We then monitored the grain yield variation
when the applied N fertilizer amount varied.
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e We combined the output from the mechanistic crop growth model with machine
learning models, including MLP and random forest models. Furthermore, we ap-
plied optimization models such as stochastic gradient descent (SGD) and adaptive
moment estimation (Adam) to the dataset variables. We performed some scenarios
to maximize corn growth and yield prediction. The simulation results revealed that
the SGD optimization model with the dataset with unchanged parameters provided
the highest crop yield.

1.6 Outline of Thesis

This thesis is structured as follows: Chapter 2 details the necessary background and litera-
ture review of concepts related to IoT, precision agriculture, and smart farming, and it also
details the three-tier system architecture proposed. Chapter 3 explains the yield prediction
using the mechanistic crop growth model and machine learning. Chapter 4 presents all
simulation experiments and summarizes results, and finally, chapter 5 concludes our work
and discusses future work.



Chapter 2

Background and Related Work

This chapter presents details on the IoT paradigm, its architecture, and its uses in precision
agriculture and smart farming. We also discuss different crop growth models. Finally, we
describe machine learning models and their use in agriculture.

2.1 Internet of Things

The Internet of Things has found its application in many domains, such as smart city,
industry, healthcare and agriculture. The primary objective of IoT is to integrate the
physical world and the virtual world to communicate and exchange information through
the internet. The main advantages of using IoT in agriculture are achieving higher crop
yields and less cost. IoT systems are designed to perform distributed sensing, computing
and communication with other devices in a collaborative manner. This sensing allows the
system to collect real-time data which can later be used to improve different models.
In [5][22][23], the IoT system consists of five different layers: IoT sensing, communication
network, storage and processing, learning, and application. The communication between
these layers is established by integrating several heterogeneous IoT devices and enabling
clients to access and control the [oT devices.

2.1.1 IoT Abstraction Layer

According to [23][49], IoT can be divided into five abstraction layers: IoT sensing, com-
munication network, storage, learning, and application. These layers are expected to in-
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Figure 2.1: Internet of Things

corporate various [oT devices to allow communication between them and provide clients
with access and control to IoT devices.

2.1.1.1 IoT Sensing

The IoT sensing layer comprises loT devices, including sensors and actuators, that collect
generated data from a specific environment and interact with it. The operations that can
be performed in this layer are data acquisition or sensor selection [59].

2.1.1.2 Communication Network Layer

This layer plays a crucial role in the deployment of IoT systems. It enables communi-
cation between multiple low-level nodes and the edge node, fog node, and cloud [23][24].
It is also responsible for aggregating information from existing technologies. The com-
munication layer manages all constraint requirements of the nodes. A few machines use
existing technologies such as machine-to-machine communication to allow resources to im-
plement full-fledged networking protocols [49]. IoT middleware and connectivity protocols



are developed in this layer to allow connectivity between heterogeneous systems [84].

2.1.1.3 Storage Layer

The storage layer collects and stores various data such as sensor data, aggregated data and
knowledge discovery. According to their complexity, there are several strategies to store
data for placement in a specific location [60]. For example, critical applications that require
managing end-to-end IoT architecture can be stored in the edge/fog, and the cloud may
store aggregated data. In addition, IoT devices and gateways can perform computation
and analysis to reduce latency and improve the quality of service (QoS) [5].

2.1.1.4 Learning Layer

The learning layer consists of analyzing collected sensor data. Once data is stored, the
layer performs a comprehensive data analysis by extracting knowledge from raw data and
managing where the system’s intelligence is performed. To manage the target system’s
requirements, this layer attempts to optimize data analytics location [25].

2.1.1.5 Application Layer

The application layer consists of communication protocols that interface the IoT system
and devices. It provides users with an environment to monitor data processed through
a web server or an android application, and data are received and stored securely. The
application layer monitors data and provides intelligent suggestions to improve the system
and store it for further analysis [26].

2.2 Big Data

In the past few years, the rate of data generated has increased tremendously, making
the traditional database paradigm insufficient to store the generated data. Omne of the
alternatives to this paradigm is the use of cloud storage [45]. The Big Data approach
refers to collecting a massive amount of heterogeneous data from multiple sources and more
extended periods [61]. The main difficulty is to capture, store, analyze, and search from
the data. These steps are required for data processing and big data analytics to discover
hidden patterns and optimize predictions from the data [46]. In precision agriculture, big
data is used to improve productivity and supply chain management [4][47][48].

8



2.2.1 Big Data Analytics and Processing

There exist several technologies in big data, such as Hadoop [70], which is developed for
big data analytics and processing [46]. Hadoop consists of different components, including
HBase for structured and unstructured data storage and management, Drill and Storm for
interactive analysis and stream processing, Hadoop Distributed File System (HDFS) for
storing massive amounts of data and MapReduce for parallel and distributed processing of
data [45][46].

2.2.2 Characteristics of Big Data

The characteristics of big data consist of five V’s: volume, velocity, variety, veracity and
value [62]. The main features are reflected in the first three. Volume is the quantity of data
generated and is currently measured from petabytes to zettabytes. Velocity refers to the
frequency and speed at which data is generated, captured, and shared. Variety represents
the different types of data sources based on content, location or geospatial. In addition,
variety consists of structured and unstructured data [47].

2.3 Cloud Computing

Cloud computing allows sharing of platforms, resources, and networks for various applica-
tions at an economical cost. It is used to store data from heterogeneous sources including,
[oT devices [48]. Cloud computing proposes three different services including software as
a service (SaaS), platform as a service (PaaS), and infrastructure as a service (laaS), also
referred to as hardware as a service (HaaS) [49][63]. SaaS provides users with access to
different applications over the internet. PaaS provides users with the flexibility of man-
aging and maintaining infrastructures of applications without building them from scratch.
[aaS or HaaS provides computing infrastructure to improve performance operations. It
manages storage, virtual machines and networking to users [49].

Recently, the number of IoT devices connected to the network has increased and gen-
erates a large amount of data, the deployment of which requires location awareness and
available bandwidth. Cloud computing models become limited in their ability to manage
produced data and real-time requirements for [oT applications.

Cloud computing requirements such as costs associated with centralized processing
and latency become challenging for the cloud computer model [40][83]. Some cloud ser-
vice providers for IoT applications are Microsoft Azure, Google Cloud Platform, Amazon



Web Services, and IBM Cloud. The cloud computing model uses a distributed database
management system (DDBMS).

2.4 Fog Computing

The notion of fog computing was first proposed by Cisco [50]. Fog computing as a concept
initially emerged as a computing organization alternative to leverage intelligent network
edge devices that make up modern IoT systems [24]. Fog computing is strictly linked to
IoT, which expands the cloud and some services close to the data source to avoid excessive
cloud resource exploitation. Fog computing aims to move processing abilities closer to end-
users, avoiding excessive exploitation of cloud resources, further reducing computational
loads, and minimizing latency. Fog computing is a layer between the cloud and edge nodes
[49]. The fog has been presented as complementary to conventional centralized systems;

however, fog cannot be considered as another type of cloud computing and cannot replace
it [51].

Fog computing has some limitations related to computational complexity, storage and
reliability of network infrastructure as part of the overall architecture. Also, fog comput-
ing is not always connected to fixed and reliable network infrastructure [39][40][41]. Some
disadvantages of fog computing in smart farming are explained as follows:

- Security: Fog computing experiences issues due to the attack of malicious users on gate-
ways or when non-authenticated users enter the network and try to thieve critical infor-
mation. When data is transferred back and forth between the sensors located in the field
and the gateway, the architecture becomes vulnerable.

- Complexity: Fog computing places intelligence at the local area network (LAN), which
increases the complexity of the system. In the fog computing environment, there are a
large number of fog nodes, which can thus increase complexity.

- Privacy: Fog nodes are easily accessible to anyone due to their presence on edge; some-
times, an unauthorized person can try to modify the data.

2.5 Edge Computing

The idea behind edge computing is to extend cloud computing capabilities to the net-
work’s edge to push computation, networking, and storage closer to the proximity of data
sources [37][39][40]. This significantly reduces the amount of data sent to the network and
the bandwidth needed to generate them. When it comes to making a critical real-time
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decision, such as irrigation control, edge computing significantly reduces the latency of the
information travelling to the cloud and then back.

The difference between edge computing and fog computing is that the fog computing
layer shifts the edge devices’ tasks to gateways that are connected to the communication
network and are physically distant from the IoT devices [49]. The implementation of the
edge layer can be performed in three modes: mobile edge computing, fog computing, and
cloudlet computing [49][51].

2.6 Gateway

Gateway is an intermediate component that operates as a communication medium between
sensor nodes and the cloud [23,60]. It is responsible for gathering heterogeneous sensor
data, aggregating data, performing lightweight data processing, and analytics. The gate-
way consists of a local database to temporarily store the sensor data before forwarding
them to the cloud. In many general-purpose proposed [oT architectures, all the data gen-
erated by the things are transmitted to the cloud via the gateway or fog nodes located in
the LAN network [81][82].

This approach has implications for the real-time applications of the platform. It causes
high propagation latency and results in under utilization of the gateways [23]. A well-
known example of the gateway hardware in [oT is the Raspberry Pi. The gateway supports
different communication protocols such as ZigBee or LoRa to maintain communication with
the sensor nodes and has an internet connection via Wi-Fi, Ethernet, or LTE [24].

2.6.1 Communication Interface

The sensors’ output in [6] is read by an Arduino Uno connected to Zigbee for sending data
to a gateway node that will aggregate the received data and store it locally in SQLite and
send the data to the server using web service. The web service for field sensor data collection
is written in PHP with a lightweight REST API to communicate the data between the
field device and the server.

A web service for online weather data collection has been developed in Python to collect
weather forecasting data like temperature. Web forecasting portals such as AccuWeather
use API and provide the information in JSON, XML, or HTML format. The developed web
service uses API technology to read forecasted data for a specific location, which is stored
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in the MySQL database server. This is taken into account in the prediction algorithm.
However, the limitation of [6] is that the analysis was not done in real-time.

2.6.2 Data Analysis

In [7], an approach based on data analysis and processing is presented to monitor soil and
crops where stratified accumulation and modeling primitives influence the strength of the
network and reduce the energy needed for unnecessary data transmission. The proposed
framework relates how the two-tier fog computing system can greatly decrease the quantity
of data transmission to the cloud and enhance computational load balancing, thus reducing
latency.

Among the methods that were used to derive top-level information from the sensor

data was the symbolic aggregate approximation (SAX) approach [65][66]. This approach
works to allocate symbols to time series segments and adapt them in a cohesive manner.
The SAX approach is part of a group of time-series data mining methods connected to
non-parametric modeling.
In this study, they used three interpolation techniques: linear interpolation, cubic spline,
and piecewise cubic Hermite interpolating polynomial. The limitation is that no ML tech-
niques were used, and interpolation techniques were applied to reconstruct the data when
it was transferred to the cloud layer.

2.7 Microcontroller

Microcontrollers use network interfaces to communicate with IoT devices, such as sensors or
actuators [67]. They push sensor data to the gateway for any analysis. The microcontroller
is made up of hardware and software elements tasked with transferring sensor data to the
gateway through wireless communication technology. It also generates signals or actions
for the actuators to perform [68]. The design of microcontrollers can support one or many
network protocols such as Wi-Fi, Bluetooth and cellular networks like 2G/3G or even

RFID.

2.8 IoT-based Smart Farming

As a new application, smart farming serves to advance IoT technology. It supports farm-
ers in making smart decisions by rendering agriculture more connected and intelligent
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[71][72][73]. It also reduces the use of critical resources and improves productivity while
lowering farming costs [69].

2.8.1 IoT Architecture in Smart Farming

[oT architecture requires concurrent data collection to support, analyze and control data
from various sources. It also needs good connectivity and communication between devices
[75]. Additionally, it requires robust protocols between sensors/actuators and the cloud,
availability, and high quality service [42][74]. IoT architecture can be simplified into three
fundamental layers [74]:

1. Perception Layer - this is composed of the embedded systems and edge devices
that interact with the environment. It performs sensing, lightweight storage, and machine
learning.

2. Network Layer - processes data and provides more heavy-duty storage and machine
learning in comparison to the perception layer.

3. The Application Layer - performs data processing and more heavy-duty storage and
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machine learning compared to the perception layer.

Below is detailed the IoT environment in the agricultural context based on four main
components which are:

2.8.1.1 IoT Devices

[oT devices are comprised of embedded systems that interact with sensors and actuators
and require a wireless connection [82][104]. They interface and communicate with the
cloud via communication technology through gateways and measure in-field parameters
including air temperature and solar radiation.

2.8.1.2 Communication Technology

Communication technology represents a crucial role in the execution of IoT systems. There
are many available communication technologies, which can be categorized into two groups:
short-range connections and long-range connections. In terms of short-range connections,
the communication network uses ZigBee, an IEEE 802.15.4 standard, to connect sensors
[77][78]. Networks use a mesh topology for collecting data from sensors and mostly operate
in the 2.4 GHz band, and sometimes in the 868/915 MHz bands. According to the envi-
ronment’s features, Zigbee can cover distances ranging from a few meters up to 100 meters
[24]. However, the communication between sensors in the field and fog nodes is done by
long range (LoRa).

The main objective of the LoRa protocol is interoperability between layers. This wire-
less technology uses licensed broadband cellular standards, named low-power wide-area
networks (LPWANs). In LoRa technology, a star topology is employed, enabling long-
range communication, low bit rate and low power consumption [76]. The features of LoRa
make it more appropriate for loT applications. This technology allows one gateway to sup-
port large fields by exploiting the star topology, and battery life for the nodes is typically
very long, lasting up to 10 years [24][37].

Message Queuing Telemetry Transport (MQTT) Protocol - Communication be-
tween fog nodes and the cloud is facilitated by the MQTT protocol, a machine-to-machine
(M2M) protocol with few message types and smaller message sizes. MQTT can send con-
trol instructions to fog nodes through an encrypted data transmission mode. MQTT is a
messaging protocol that follows a publish/subscribe architecture.
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It consists of three different components, namely, publisher, broker and subscriber,
which support connections from edge nodes to the cloud with limited computing power. It
is thus most suited for resource-constrained environments (low-speed wireless access). The
publisher detects data and publishes to the broker for processing and analyzing purposes,
entering sleep mode when not in active use. The broker then forwards the information

to the subscriber. Whenever the broker receives new data, it will inform the subscriber
[7][24][38].

2.8.1.3 Internet

The Internet forms the core network layer that discovers, translates, and exchanges data
and network information between different subnetworks [7][49]. The internet enables con-
nection between IoT devices and makes data available anywhere and anytime.

2.8.1.4 Data Storage and Processing Units

Data-driven agriculture requires the collection of a large amount of data from various
sources, which need to be stored and processed. The use of cloud IoT platforms allow
big data collected from sensors to be stored in the cloud. Lately, edge and fog computing
paradigms have been proposed to reduce costs and latency for critical applications, in
addition to improving computational load balancing and QoS [5].

Edge Computing - Assumes a clustering approach where each cluster has a cluster
head, which can be a router or hub. After collecting information on the agriculture field
area, intelligent edge devices process the data locally [3][4][7]. This significantly reduces
the amount of data sent to the network and the bandwidth needed to generate them. When
it comes to making critical real-time decisions, such as irrigation control, edge computing
significantly reduces the latency of information travelling to the cloud and back.

Fog Computing - The aim of fog computing is to move processing abilities closer to end-
users, avoiding excessive exploitation of cloud resources and further reducing computational
loads [7]. Fog computing is located between the cloud and IoT devices. Fog nodes mainly
deal with the cluster heads, collecting data from them and performing data processing
primitives for intelligent aggregation to significantly reduce the amount of data transmitted
to the Cloud. This serves to improve computational load balancing and reduce wait times.
The difference between edge computing and fog computing is that the fog computing layer
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shifts the edge device’s tasks to gateways that are connected to the communication network
and are physically distant from the actuators and the sensors [5][6].

Cloud Computing : Data is sent to the cloud platform through fog nodes, which are
connected to the Internet via a particular communication network [7]. After receiving the
perceived data, the cloud processes and stores the data and makes decisions on the data
values according to trigger conditions.

2.9 IoT-based Architecture

This section presents an IoT-based architecture planned to support crop growth models.
The architecture is illustrated in figure 2.3 and is a revised version of the architecture
proposed in [7].

2.9.1 System Model Architecture

The architecture is a combination of IoT and machine learning techniques. It has been
designed for efficient data collection and processing to improve production.

It is divided into three physical layers: cloud computing, fog computing, and edge
computing or field devices [39].

The idea behind fog and edge computing is to extend cloud computing capabilities to
the network edge to push computation, networking, and storage to the proximity of data
sources [40][41]. In addition, we suggest various machine learning algorithms to be run in
different architecture layers to predict corn yield accurately.

1. The field devices layer contains different types of nodes, including sensors, actuators,
and microcontrollers. The sensor nodes might be a standalone node or a wireless sensor
network and consist of soil moisture sensors, humidity sensors, solar radiation sensors
and soil temperature sensors. The data from sensors is sent via Zigbee or Wi-Fi to the
microcontrollers to be read and transmitted to the gateway [78].

The gateway will aggregate the data and store a part of it in a local embedded database,
and an ML prediction algorithm will analyze them and predict the crop yield based on the
sensor data [6].
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Figure 2.3: Architecture of a Smart Farm

2. After aggregating data, the proposed ML algorithm will analyze the data (soil temper-
ature, soil moisture, etc.) and predict those locally stored based on the field sensor’s data
and the weather forecast. The gateway transmits the other part of the aggregate data
directly to the cloud via the internet, using a particular communication network (LTE,
Fiber) [65].

After receiving the perceived data, the cloud processes and stores the data to make
decisions on the data values according to trigger conditions.

2.9.2 Architecture Layers

2.9.2.1 Perception Layer

The perception layer is the lower layer of the architecture that is close to the data sources.
It consists of edge and field devices (sensors, actuators, and microcontroller), which perform
sensing, lightweight storage, and interact with each other. The purpose of the edge is to
bring the intelligence and processing capability closer to the data source, while the fog
serves to perform networking and machine learning.
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For real-time data analytics and decision-making, the perception layer needs to avoid
latency and have embedded data storage in case all data is sent to the cloud. The perception
layer connects to the middleware layer through a wireless network such as Wi-Fi, LTE,
GSM or Bluetooth [5]. In this architecture, The MQTT is used as a messaging protocol for
communicating between the perception layer and the middleware layer since it is lightweight
and designed for low bandwidth, high latency systems and unreliable networks [38].

2.9.2.2 Middleware Layer

The middleware layer exists between the perception layer and the application layer. It pro-
vides abstraction in the cloud, which, contrary to the perception layer, performs significant
data storage, networking, service management and machine learning.

The cloud serves as an essential component of this layer to store and analyze substantial
perceived data [3][5]. The function of this layer is that of a bridge between the IoT devices
and the applications as it interfaces both the perception layer through MQTT [38] and the
application layer through HTTP protocol.

2.9.2.3 Application Layer

The application layer represents the uppermost layer of this system. It works to interface
with the farm system and offers tools for crop management and yield prediction. This
layer provides specific services for users based on processed and analyzed data. Also, it
provides the farmer access to data through a particular interface [60].

2.10 Precision Agriculture and Smart Farming

Precision agriculture (PA) is a farm management method that uses IT and specialized
equipment (sensors, data analysis tools) to enhance productivity and decision-making in
agriculture [44]. PA’s main objective is to support farmers in managing their business by
optimizing the inputs and reducing the environmental impacts to ensure profitability, sus-
tainability, and environmental protection [42]. PA uses data generated by multiple sources
to enhance crop productivity, yield and quality. It also increases the efficiency of crop
management procedures such as fertilizer administration, irrigation processes, and pesti-
cide applications. PA has access to real-time data from the field regarding the condition
of crops and other factors, including temperature, soil, and weather forecasting.
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Real-time data is provided from various sources and then transmitted and analyzed
using communication technologies and artificial intelligence methods. The implementation
of IoT in precision agriculture has a two-fold purpose—sensing data from the field and
analyzing data to assess the necessary response. IoT implementation in PA requires sensor
integration, automatic control, information processing, and network connection. PA uses
machine learning algorithms to explore the data and predict subsequent actions based on
the experience learned from them; then, data analysis is performed to achieve operational
effectiveness [5].

Unlike PA, smart farming [4][48][72][73] is the efficient use of information and commu-
nication technology such as IoT and cloud computing to manage and optimize complex
farming systems. A variety of data is collected from smart machines located on the field
and is processed and analyzed to provide farmers with access to concrete data to help
decision-making [79, 80].

2.10.1 Data Collection

There are various technologies for data collection in precision agriculture, such as remote
sensing, satellites, and unmanned aerial vehicles (UAV).

Remote Sensing: wireless sensor networks or standalone sensors are used to measure
and collect data from the physical environment. Sensors measure parameters such as soil
moisture, temperature, and pH level, which are then sent through a gateway to be stored
in the cloud.

Satellites and UAVs capture real-time aerial imagery and estimate data related to
various soil properties, plant health, and crop yields. This helps to avoid wasting resources,
reduce costs and control the farm’s environmental impact [43].

2.10.2 Mechanistic Crop Growth Model

The monitoring of crop growth and yield prediction is one of the most critical processes
to ensure food availability and promote sustainable agriculture. The development of crop
mechanism research, photosynthesis measurement technology, and computer technology
has advanced crop growth simulation research and enabled the creation of a significant
number of crop growth models. Essentially, crop growth models are used to understand
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the crop production process, analyze strategies, and manage agricultural systems [30].
Crop growth models are now used to aid in decision-making for erosion control, climate
fluctuations, water and fertilizer use, and yield forecasting. Crop growth models can also
project crop performance in areas where the crop was not previously planted or where
conditions were not optimal for growth. Estimating agricultural output based on weather
and soil conditions as well as crop management is a key purpose of crop simulation models
(31].

Based on physiological and ecological mechanisms and relating crops’ growth with the
physical system, crop growth models have been among the most potent agricultural re-
search tools [32]. A simple water balance proves that there is an existing relationship
between water and crop yield. The relevance of crop growth simulation has driven many
scientists to build crop growth models for crops. Some successful models used to simu-
late maize growth and output are the decision support system for agrotechnology transfer
(DSSAT) [57], crop-environment resource synthesis (CERES)-maize [10], and the erosion-
productivity impact calculator (EPIC) [33]. Contrary to empirical crop production, the
simulation approach reduces the time for execution. Most growth models evaluate progress
by employing a daily time-step, and few require hourly time-steps.

Generally, a crop model can replicate the impact of weather, phenology, soil water, pho-

tosynthesis and nitrogen on the growth and output for a specific crop. As shown in figure
4.1, the crop model requires minimum weather data, including maximum and minimum
air temperature, daily solar radiation values, and precipitation. Factors such as humidity
and wind speed are optional data. Soil data depends on a water balance that includes soil
evaporation, drainage coefficient, runoff curve number, soil water, nutrient, and tempera-
ture.
The crop model result includes phenological events, growth details, soil temperature, mois-
ture, soil nutrients, and the plant daily. Crop models feature different characteristics and
can be mainly based on extensive assembly of empirical functions for operations involved
in plant growth, such as the EPIC crop growth model [3].

2.10.2.1 Types of Crop Growth Models

Erosion-Productivity Impact Calculator (EPIC) Model. The EPIC model was
developed to assess the impact of soil erosion on soil productivity in the United State
of America (USA) [33][18]. Because crop yield represents soil productivity, the model is
tasked with realistically simulating crop yields for soils with a broad spectrum of erosion
damage. Over time, the EPIC model evolved to include application to several agricultural
management problems. The model can deal with different management options, such as
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Figure 2.4: Crop Growth Model

tillage operations, planting dates, irrigation scheduling, pest control, and timing and ap-
plication of fertilizer.

The EPIC model can be divided into nine different components: weather simulation, hy-
drology, erosion, nutrient cycling, crop growth, tillage, soil temperature, economics, and
plant environment control. By considering crop parameters and other relevant factors, the
EPIC model can incorporate the calculation of crops’ soil water and nutrient intake. It
can also predict the impact of factors such as temperature, moisture, nutrients, stresses on
crop yield, and examine crop growth progress using a daily step [34].

Since soil productivity translates into crop yield, crop growth is an essential process repre-
sented by EPIC. The EPIC model requires a more detailed soil water balance since it was
developed to determine soil erosion [35] and includes an additional calculation for taking
variation in day length into account .

A drawback of the EPIC model is that it represents all crops with a single crop growth
model, but each crop does possess unique values for the parameters of the model.

Decision Support System for Agrotechnology Transfer (DSSAT) Model. The
DSSAT is a decision support model that helps to improve operational decisions [57]. The
new version of DSSAT, DSSAT-cropping system model (CSM), simulates the growth,
progress, and output of a crop growing in a homogeneous area as a function of the soil-
plant-atmosphere-management dynamics. Thus, all changes in agricultural components
eventually occur under the cropping system and assess the effect of climate variation [57].
However, the DSSAT data requirements are so large that there are few possibilities of us-
age outside well-equipped experimentation stations, limiting its potential use for land-use
planning in developing countries. The CERES-maize is one of the DSSAT cropping model
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modules.

Crop-Environment Resource Synthesis (CERES)-Maize Model. The CERES-
maize model functions to simulate the growth of maize and its yield. T'wo different versions
of the model exist, including the standard version and the nitrogen version. The former
replicates the impact of factors such as weather, genotype, and soil properties on crop
growth and yield, and the latter considers the plant nitrogen dynamics and their impact
on the crop [10]. In [10], researchers studied the potential of the CERES-maize model
to interact with significant plant growth processes in the environment and to respond to
weather variation. This was applied over a span of multiple years with data specific to the
growing season of a large region. In the CERES-maize model, it is assumed that the model
runs in good water conditions. The drawback of this model is that they do not consider
the effects of water stress on crop phenology as well as the effects of soil waterlogging on
the growth of crops.

Agricultural Production Systems Simulator (APSIM). The APSIM is a modular
model that integrates many crop systems [91][92]. APSIM crop simulation models have
different modules, such as crop models, soil processes, water balance, fertilizers, erosion
and several management controls. It also helps to differentiate models or sub-models on a
shared platform. The user can construct a model by determining a group of sub-models
from a series of modules related to crop, soil, and utility. A sequence of modules can be
defined by the user inputting certain modules and removing any unnecessary modules [92].
APSIM is useful in many applications to aid in farm-related decision-making, management
of resources, and seasonal climate forecasting assessments. It can simulate more than 20
crops. APSIM enables users to better understand the effects of weather, soil types, and
crop growth management. To predict corn yield, [64] applied the APSIM maize module
specifically rendered to the environment of the US Corn Belt.

World Food Studies Simulation Model (WOFOST). WOFOST is a mechanistic
model that simulates the growth and output of annual field crops [94][95]. It is also used
to simulate the effect of various factors such as climate change on productivity. More-
over, it functions to optimize crop management practices, and the yield of many major
crops, including maize, soybean, wheat and potato. The WOFOST model simulates the
development of crops from emergence to maturity based on environmental conditions [96].
It can calculate potential yield without considering stress factors, water-limited yield by
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considering the water supply, and nutrient-limited yield by considering soil nutrients. In
[96], the WOFOST model is used to simulate the growing process of spring maize.

2.10.2.2 Advantages and Limitations of Crop Growth Model

The objective of the crop growth model is to determine whether the model’s complexity is
suited to a specific problem and whether the model has been tested in diverse environments.
[30] presents empirical models as a unique function to evaluate the components involved in
the process, but this is insufficient to express the research results. Crop models are limited
in their improvement of crop systems’ performance and environmental impact assessment.
For example, [15] used a model to assess corn yields across tropical, subtropical, and
temperate locations in the USA and Australia and concluded that many variations in
corn yield were related to temperature variation and solar radiation. They observed that
corn yields increased with the increase of solar radiation, and decreased as temperature
increased [4]. Table 2.1 summarizes the commonly adopted crop growth models.

2.10.2.3 Yield and Weather Forecasting

Among the industry’s concerns is the determination of yield before the harvest. Researchers
attempt to improve this area by using historical weather data and employing different
techniques. In reality, many weather stations provide data. Still, the challenge is to
aggregate and compile up-to-date data and then use a part of it for the remaining seasons.
The method is better illustrated by [36] with the CERES-maize model that predicts corn
yield by involving the weather data of more than 51 stations in the U.S. In [36], the
production was evaluated in three years, and data for the remaining year was used for
calibration. Thus, yield forecasting can be estimated by a modelling approach.

2.10.3 Soil Water Availability
2.10.3.1 Total Available Water (TAW)

Soil water availability describes the ability of the soil to store water between two limits:
field capacity (the upper limit) and wilting point (the lower limit). After substantial
precipitation or irrigation, the soil will deplete until field capacity is reached. Field capacity
is the amount of water that remains when descending drainage has significantly decreased.
If there is no water supply, the water content in the root zone decreases due to the water
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Crop Growth
Model

Characteristics

Advantages

Disadvantages

EPIC Simulate crop yields | The model has a more | The model does not

[33][35][18] for soils with a wide | detailed soil-water | provide individual
range of erosion dam- | balance. predictions.
age.

DSSAT [57][93] | Incorporates all crops | Run in well-equipped | Large data require-
as modules using a | experimentation sta- | ments
single soil model. tions.

CERES [10][30] | Two different ver- | The model assumes | Does not consider the
sions: standard and | that it runs in good | effects of water stress
nitrogen. water conditions. on crop phenology and

soil water-logging on
crop growth.

APSIM [91][92] | Shares the same mod- | Users are able to inte- | Unable to simulate
ules for the simula- | grate a model by de- | complete nitrogen
tion of the crop com- | termining a set of sub- | dynamics in complex
ponents. models from modules. | farming systems.

WOFOST Unable to simulate | The model can dy- | Does not simulate pro-

[94][95][96] complete nitrogen | namically describe the | cesses of soil N dy-

dynamics in complex
farming systems.

fundamental processes
of crop growth, such
as photosynthesis, res-
piration, transpiration
and biomass partition-
ing.

namics, Some parame-
ters are fixed whereas
in practice they are
known to vary.

Table 2.1: Summary of commonly adopted crop growth models
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uptake of the plants. As the uptake of water advances, residual water is retained in the
particles of soil, reducing their energy potential and rendering it difficult for the plant to
extract [53].

At some point, the remaining water can no longer be removed by the plants. Hence,
the uptake of water becomes nonexistent as the plant reaches its wilting point. The wilting
point represents the soil water content level that results in the permanent withering of a
plant [53][98].

2.10.3.2 Readily Available Water (RAW)

The uptake of water by the crop decreases considerably before it reaches wilting point,
despite its theoretical availability before that point. When the soil is moist enough, the
soil supplies sufficient water to match the crop’s atmospheric demand, and the uptake of
water is equal to the evapotranspiration. Water then renders itself wholly bound to the soil
matrix when the soil water content evaporates, and it becomes more challenging to extract.
Beneath a specific threshold value, water in the soil cannot be sufficiently transported to
the roots to address transpiration demands [54] [98].

2.10.4 Growth Constraints

Generally, crops do not reach their potential growth and yield due to a variety of envi-
ronmental limitations. The model evaluates the risks of the stresses generated by several
factors such as water and nutrient content, temperature, aeration, and radiation. Predicted
stress factors vary between 0.0 to 1.0, and can impact plants in several ways.

2.10.4.1 Biomass

The biomass constraint is estimated using the least value amongst the estimated stress
factors for nutrients and water. If one of the plant stress factors is below 1.0, the daily
biomass accumulation is adjusted as the following equation shows:

B = By;)(REG) (2.1)

REG is a factor that regulates the growth of crops (the least value from among the esti-
mated stress factors).
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2.10.4.2 Water Stress

Water stress is primarily responsible for significantly impacting the plant’s phonological
aspect, especially photosynthesis [19]. The final grain number is determined between two
weeks before silking and two to three weeks after silking. During that crucial period, the
crop needs a constant water supply; a longer duration of water stress will cause the crop
to fail.

Water stress decreases grain yield due to its significant reduction of the total leaf area, leaf
expansion, and biomass, and its increase of senescence rates [20]. The harvest index might
be reduced by water stress during the critical crop stages, usually between 30 and 90% of
maturity.

The water stress factor is estimated by considering supply and demand. [53] evaluates
water stress by considering the total amount of water that a crop can extract from its
root zone, and its estimation depends on the type of soil and root depth. Further, it
considers the RAW in the root zone and the water deficit relative to field capacity (root
zone depletion). Root zone depletion is zero at the field capacity.

According to [21], drought stress is a factor that limits biomass production in proportion
to transpiration reduction.

2.10.5 Precision Agriculture End-to-End Platform

PA end-to-end platforms provide farmers with different sets of features and capabilities
throughout the growth cycle to maximize yield, improve equipment and labour, reduce
costs and produce high-quality crops. The platforms consist of hardware and software and
integrate with external satellite data or other sources.

In many cases, the platforms operate with other data management information systems
to generate a comprehensive view of the farming process and communicate the most timely,
relevant analytics, reports, and recommendations possible. There are several platforms in
precision agriculture, such as Farmers Edge, Trimble, and FarmBeats. In this work, we
will be focusing more on the design of FarmBeats.

2.10.5.1 Farmers Edge

Farmers Edge is a platform dedicated to developing solutions for smart farming. Farmers
Edge comprises farm-related hardware, user-friendly software, digital agronomy, and Al-
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based analytics support. It provides farmers with everything they require to benefit from
farm data, manage risks, and maximize production sustainably and at an affordable price.

Data Collection is performed by gathering data from the farm’s weather stations and
telematics devices. There are various data sources in the Farmers Edge, such as satellite
imagery, on-farm weather stations, soil moisture probes and CanPlug.

The high resolution of satellite imagery can convert imagery into timely, field-level
insights in order to distinguish problems as they emerge. In addition, they have a fast
data processing engine that assures images are dispatched within 48 hours of conception.
The images are processed into readable field maps to monitor the health of crops and any
changes in crops and soil.

The weather stations serve to track essential factors, including temperature, wind speed,
wind direction, dewpoint and rainfall. They also have access to several other weather
stations. In addition, they provide better data, power many models and provide severe
weather alerts.

Soil moisture probes are water-centered tools that support decisions and measure real-
time moisture. They also function to observe the water content of root zones using layered
soil moisture and temperature measurements at six depths. In addition, they enhance
reporting and yield prediction.

CanPlug are in-field telematics and data transfer devices that help to transfer data.
Data transfer is secured and stored automatically. They also provide real-time equipment
monitoring.

2.10.5.2 Trimble

Trimble is a farm management platform that enables farmers to accurately monitor and
map field information in real-time. It also assists in achieving functional changes to maxi-
mize profitability through the entire farm operation.

Trimble uses sensors, and primarily UAV technologies, to collect data from fields. UAV
technologies are one of the most inexpensive and easy-to-operate agricultural devices. They
have enabled a significant reduction of working hours and increased stability, measurement
accuracy, and productivity. Additionally, Trimble includes features such as weather forecast
and creates client, farm and yield records. It features different services that can enhance
farm operations, including:

27



Trimble connected farm - which comprises software, hardware, and correction service;
helps simplify workflows, and increases efficiency and profitability in farm operations. In
addition, it allows farmers to manage and organize crops, perform farm operations, follow
all occurrences in the field, and have a substantial history of the total crop yield.

Trimble’s WeedSeeker 2 is a spot spray system that allows the detection and elimi-
nation of resistant weeds. The system uses advanced optics and processing power.

Trimble FieldLevel IT system helps farmers eliminate high and low spots in their field
to maintain water distribution and improve overall crop yields.

2.10.5.3 FarmBeats

In [9], the author presents an end-to-end IoT platform for precision agriculture called Farm-
Beats that allows the gathering of data from different sensors such as cameras, drones and
soil sensors. Each type of sensor differs in terms of bandwidth constraints. FarmBeats per-
forms with infrequent deployment of sensors to ensure the system’s availability even during
power or internet outages due to inclement weather - scenarios that are relatively common
for a farm. FarmBeats allows connectivity with the cloud to store data permanently and
perform data analytics.

The main challenges that FarmBeats is designed to solve are described below.

1. FarmBeats works with two different data streams, including visual data from UAVs and
sparse sensor data from ground sensors. FarmBeats combines data from several streams and
enables the deployment of sensors infrequently. As noted in [9], UAVS’ measurements are
dense in space but sparse in time, unlike the ground sensors, which are sparse in space but
dense in time. FarmBeats set up a specific graphical model in order to integrate different
streams to produce dense space-time sensor maps of the farm. The FarmBeats system
employs the teacher-student model in order to train the graphical model to correspond
between visual features and sensor values. The sparse sensor deployments provide the
training data.

2. Another challenge FarmBeats works to solve is the installation of a reliable high band-
width link between the farmer’s home internet and the IoT base station connection. Farm-
Beat’s solution to this issue of ensuring a better connection within the farm was influenced
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by the latest research on unlicensed TV white space (TVWS). Since the farm often faces
power or internet outages, the IoT base station must be powered by battery-backed solar
power, which is limited by weather conditions. Resolving this problem will require a new
design of weather-aware [oT power scheduling, which uses weather forecasts to duty cycle
the base station components (initialize base station, connect to sensors, read from sensors).

3. Internet connection to the cloud is typically slow on a farm; therefore, sending high
bandwidth drone videos to the cloud is infeasible. The answer to this challenge is to design
a fog-based solution that will allow the computational process to be performed locally
on the farmer’s PC and support low latency applications and services. The data will be
aggregated and transmitted to the cloud for long-term analytics. The FarmBeats gateway
also allows facing potential internet outages [9].

4. Drones are well-known sensors that farms use to get aerial images but have limited
battery life and take time to be recharged; plus, farms are open space, and flying against the
wind makes drones consume more battery. An innovative algorithm has been designed in
the FarmBeats gateway to solve this problem. The solution consists of leveraging wind and
enabling the drones to accelerate and decelerate in order to save battery life and optimize
flight paths. This algorithm is driven by how sailors use winds to navigate sailboats.

5. Deploying sensors all over a farm might be costly and can also interfere with a farmer’s
daily activities. The solution to this challenge is to establish a mechanism that combines
both drones’ aerial imagery data with sparse ground sensors to produce precision maps for
the farm.

2.10.5.4 FarmBeats Architecture

Sensors and Drones: Sensors deployed in the field measure the physical parameters,
including soil moisture and soil pH and transmit data to an IoT base station using an
internet connection such as Wi-Fi. FarmBeats also uses cameras and drones to take aerial
imagery and regularly send them through a specific communication network. An app is
installed on the farmer’s phone to schedule the UAV flight either periodically or manually.

IoT Base Station: The [oT base station is powered by battery-backed solar power
and comprises the TVWS device, the sensor connectivity module and the base station
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Figure 2.5: FarmBeats Architecture [9]

controller.

- The TVWS device collects and stores data in the base station on the farm and ensures
that it is transmitted to the gateway and then to the cloud for long-term analytics.

- The sensor connectivity module connects the base station with the field sensors. In the
FarmBeats design, the module is simply a Wi-Fi router.

- The base station controller plays two different roles::

1. It is utilized as a cache for the sensor data gathered by the sensor module. While the
TVWS device is turned on, the cache syncs the data with the IoT gateway.

2. It schedules and implements the duty cycle rates by considering the present battery
status and weather conditions.

IoT Gateway: The IoT gateway performs data aggregation from stored data and trans-
mits it to the cloud. The farmer uses a PC as FarmBeats gateway, located in his office
with internet access; the IoT gateway allows the farmer to post and access web services
when connected to the farm network. Without any connectivity to the cloud, FarmBeats
can still be available and have local access to the data. Before the aerial drone data can
be sent to the cloud, the IoT gateway runs built-in algorithms that plan the drone path
and reduce the data.

FarmBeats differs from the prior IoT gateway in terms of web service design. The ser-
vice implemented into the FarmBeats gateway is different from the one in the cloud. The
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FarmBeats gateway can work without internet connection and continue providing essential
services.

Services & Cloud: The IoT gateway sends the aggregate data to the cloud. Then, the
latter permanently stores the data for further analysis and decision-making and provides
the farmer with the ability to access data through a web interface. FarmBeats uses the
Gaussian process model for field measurement prediction. Machine learning models similar
to the Gaussian process may be applied to provide better results in different farming fields.

2.11 Machine Learning

Machine learning is a type of artificial intelligence that equips systems with the power
to learn from experiences and enhance their performance without being specifically pro-
grammed [27].

Learning from past data, ML builds models to predict the outcome with a higher
accuracy level. A higher amount of quality data leads to increased accuracy of the models.

Generally, machine learning algorithms are categorized into four groups: supervised
learning, unsupervised learning, semi-supervised learning and reinforcement learning.

2.11.1 Supervised Machine Learning

Supervised learning refers to a machine learning technique that learns from labelled training
data, which has inputs and desired outputs. Supervised learning is conducted based on
ground truth, which indicates that previous knowledge of output values will already be
known.

Supervised learning is performed using two different approaches: Classification is when
the input data and the discrete output values are mapped. Regression is when the input
data is mapped to continuous output values. Several supervised learning techniques such as
nearest neighbor, naive Bayes, decision trees, support vector machines (SVM) and neural
networks exist.

An algorithm’s choice is based on its characteristics such as the speed of training,
memory usage, flexibility, prediction accuracy, and how easily results can be interpreted.
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2.11.1.1 K-Nearest Neighbor (KNN)

KNN is a supervised machine learning technique based on a classification method where
there is no assumption about the distribution of the dataset and the input is classified based
on the similarities between neighbours. The similarity between neighbours is based on a
particular measure of distance such as Euclidean or Manhattan distances. This distance
is defined as follows:

d(E;, E;) = \|a) (Eia— Eja)* (2.2)
=1

Where d is the distance between training and testing data, E; and F; are n-dimensional
vectors and a is the data sample.

The KNN classifier computes the distance between F; and F; in the dataset and each
training observation. The K points that are closest to E; form a set a. K is usually odd
to prevent tie situations. The advantage of the KNN technique is that all the descriptive
features are considered in the prediction. It can handle the noise and the result is easy to
interpret. The drawback is that the KNN performs slowly with a large dataset, and the
upper bound on accuracy is generally lower [28].

2.11.1.2 Naive Bayes

Naive Bayes is a supervised machine learning technique that uses Bayes’ theorem with an
assumption of independence of the input feature. Naive Bayes is a classification technique
that assumes that the presence of features in a particular class are not related to any other.

Bayes’ theorem helps to calculate the posterior probability distribution of the output
vector y or a target given the input vector of features as follows:

P(y|E) = p(E|y)p(y)p(E) (2.3)

Where P(y|E) denotes the posterior probability of the output y regarding the input vector
of the feature. p(E) is the prior probability of the input vector of the feature E, p(y)
denotes the input vector’s prior probability, and p(E/y) denotes the likelihood probability
distribution of the feature’s input vector.

The advantages of naive Bayes models are that they perform well with a small dataset
and are easy to interpret. The drawbacks are that they struggle with a continuous target
and require large storage.
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2.11.1.3 Decision Tree

Decision tree is a supervised machine learning technique that classifies the data using a
tree-like model of decisions and possible outputs. A decision tree is an algorithm that
covers both classification and regression problems. There are three different types of nodes
in the decision tree classifier: root node, internal node and leaf node.

The decision node is the feature of the dataset to be classified, and the branches are
the values that the node can predict. To determine the information gain, we first define
the entropy that specifies and describes an arbitrary collection’s purity. Generally, decision
tree algorithms are well known as classification and regression trees (CART).

The advantages of CART are that they are simple to understand, interpret and vi-
sualize, perform quickly with a large dataset, and the non-linear relationships between
parameters do not influence the tree performance. The disadvantage of CART is that it
is not ideal for continuous data. Only a subject of features is checked when traversing the
tree instead of considering all features. This is called overfitting.

2.11.1.4 Random Forest

Random forest (RF) is the most accurate classifier machine learning technique. Built on
the decision tree algorithm, the random forest uses a set of trees for the classification.
Enriched ensembles are developed by constructing random vectors, which help generate
each tree from the random vector.

Random forest uses the output of trees to solve the classification and regression problem.
There is a difference between the random forest problem for classification and regression.
Random forest for classification receives a class vote from each tree and then categorizes
using a majority vote among the predictions. When the random forest is used for regression,
the predictions from each tree at a target point x are averaged.

The vote made by the tree helps to predict a decision and improve stability and accuracy,
and the majority defines the final random forest prediction.

Random forest tends to overfit the data when the number of variables is large, but
the fraction of relevant variables is small. At each split, the probability can be so slight
that the relevant variables will be selected, and the algorithm may potentially perform
inaccurately. Random trees correct the decision trees’ tendency to overfit training sample
data.
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Algorithm 2.1 Random forest algorithm pseudo code

To generate c¢ classifiers:
fori=1tocdo
Randomly sample the training data D with replacement to produce D;
Create a root node, N; containing D;
Call BuildTree(V;)
end forBuildTree(IN):
if N contains instances of just one class then
return
else
Randomly select x% of potential splitting features in N
Select the feature F' with the highest information gain to split on

Create f child nodes of N, Ny, ..., Ny, where F' has f potential values ([, ...

for:=1to f do
Set contents of N; to D;, where D; is all instances in N that match F;
Call BuildTree(V;)
end for
end if
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2.11.1.5 Support Vector Machine (SVM)

SVM is a supervised method of ML that tries to find a hyperplane to split the data and
maximize the margin of the classifiers. Choosing a kernel function is essential, which
decreases the amount of support vectors. Some frequently utilized kernel functions include
linear, polynomial, and Gaussian radial basis functions. The linear kernels can be defined

. K(E)=w"E+b (2.4)

Where E denotes the energy vector corresponding to all the frequency channels. w denotes
the weighting vector, (.)7 denotes the transpose operator, and b is the bias.

The linear support machine is an optimization problem over the weight and can be
illustrated as shown:

N
minepal[wl||* + C Z maz (0,1 — y; K (E;)) (2.5)

(2

Where y; is the iy, element of the output, C' is a regularization constant, and F; is the
energy statistic of the 7" element in the training dataset. The polynomial kernels can be
quadratic (degree 2) or cubic (degree 3) and are defined as:

K(E,y)=(Ey+1) (2.6)

Where E E signifies the energy vector of the received samples of all frequency channels
going through the sensing process, y is the output vector whose elements take two values
0 and 1 and d is the polynomial degree. Gaussian radial basis function kernel can be
expressed as:

K(E, y) _ e(v—IIE—yH)Z (2.7)

Where E denotes the energy vector corresponding to all the frequency channels, and y is
the output vector and is a constant.

2.11.1.6 Neural Networks

Neural networks, otherwise referred to as artificial neural networks (ANNs), are complex
models that mimic the operation of the human brain. The ANN comprises several con-
nected neurons, like the biological neural system, which analyzes and processes information.
Neural networks are multi-layer networks, including the input, hidden, and output layers,
as shown in Figure 2.6.
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Figure 2.6: Artificial neural network model for crop yield [102]

An artificial neuron is connected to others and has an associated weight and threshold.
It executes three basic operations: addition, multiplication, and activation. A specific neu-
ron is activated when the output is above the threshold value and can transfer information
to the network’s next layer. Neural networks depend on the training of data to understand
and improve their accuracy over time. The output layer of a neuron is expressed as follows:

M
Y =) uhj+8 (2.8)

j=1

Where h; is propagated forward to the output layer, u; indicates weight and 3 denotes the
bias value added.

Multilayer Perceptron (MLP) is viewed as one of the neural networks in which
weights and biases can be trained to reach a specific target. The MLP is trained using the
backpropagation of error to modify the weights and decrease errors.

The perceptron is made up of fully connected input and output layers and may contain
multiple hidden layers in-between, as shown in Fig. 2.6
The MLP algorithm is as shown [112]:
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1. The inputs are advanced forward through the MLP by combining the scalar product
of the input along with the weights found between the input layer and the hidden
layer. The scalar product then generates a value at the hidden layer. This value is
not pushed forward.

2. Activation functions are used by MLPS at corresponding, calculated layers. Many
activation functions are utilized, such as linear, rectified linear units (ReLU), sigmoid
function, and tanh. The output that is calculated is pushed at the present layer using
any of the activation functions.

3. Upon the hidden layer’s calculated output being pushed through the activation func-
tion, it is moved to the subsequent layer in the MLP by taking the scalar product
with its matching weights.

4. The second and third steps are repeated until reaching of the output layer.

5. When the output layer is reached, either the calculations will be utilized for a back-
propagation algorithm corresponding to the selected activation function for the MLP
(if training), or a decision is reached using the output (if testing).

2.11.2 Unsupervised Machine Learning

Unsupervised learning is method of ML that uses algorithms to independently learn and
generate decisions on unlabeled data. The algorithm works on its own to find structure
from input data. Contrary to supervised learning, an unsupervised learning algorithm can
perform more complex tasks.

The objective of an unsupervised algorithm is to discover unknown patterns in data
and identify and categorize features. Unsupervised learning is commonly used to identify
structure in data and apply dimensionality reduction. The unsupervised algorithm de-
rives mining rules from inputted data, discovering hidden patterns, and categorizing and
describing data to derive meaningful insight.

2.11.2.1 K-means Clustering
K-means clustering is a popular unsupervised ML technique that groups data into clusters;

in other words, it helps find a pattern in a collection of uncategorized data and places them
into a specific group. In the clustering approach, the quantity of clusters is selected a priori
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and data is categorized into k groups called centroids. Data that have similar properties
will belong to the same group.

The primary goal is to specify k centroids, with one centroid for every cluster. The
following step is to assign each data point to the closest corresponding centroid, using a
particular distance measure such as Euclidean distance. Once the allocation is done, the k
centroids are recalculated. The process continuously repeats until no changes occur in the
centroid values, indicating that they have been accurately grouped.

2.11.2.2 Apriori Algorithm

The Apriori algorithm is an unsupervised algorithm that enables the creation of associ-
ations between data. The technique is called association rules, and it helps to discover
relationships between data in large databases. Association rules use the if-then format
to find relationships in the data, which means that if a group of particular events occurs
frequently, then all of the group’s subsets will occur frequently as well.

The parameter used in this technique is the minimum support; it helps extract data to
determine associations in the dataset. It is also used to define how frequently particular
events occur in the dataset. The association rule is the procedure of discovering hidden
patterns in a large dataset.

2.11.2.3 Markov Chain

Markov chain is a statistical Markov model based on the probability of choosing the best
state among random variables. In this method, we assume that the system which is mod-
elled follows a process with hidden states. Markov chain helps to compute the probability
distribution to forecast future conditions using likelihoods based on current and past states.
In the Markov chain method, the probability with the greatest result will dictate the future
state.

2.11.2.4 Density-Based Spatial Clustering of Applications with Noise (DB-
SCAN)

DBSCAN is an unsupervised learning method that clusters data together based on the
similarity of observations. The DBSCAN algorithm basically requires two parameters,
epsilon (eps) and the minimum points (MinPts). Epsilon designates the proximity that
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Parameters Supervised machine | Unsupervised machine
learning method learning method
Input Data Algorithms are trained us- | Algorithms are applied

ing labelled data

against unlabelled data

Computational Complexity

Simpler method

Computationally complex

Accuracy

High level of accuracy and
reliability

Less accuracy and reliabil-
ity

Real-Time Learning

Learning occurs offline

Learning occurs in real-time

Quantity of Classes

The quantity of classes is
known

The quantity of classes is
unknown

Table 2.2: Supervised vs. Unsupervised Machine Learning

points should have in order to be deemed as part of a cluster. What this means is that if
the measured distance between two points is less than or equal to the epsilon value, the
two points are regarded as neighbours. Moreover, the minimum points specify the least
number of points required to create a dense region.

For instance, if we set the MinPts parameter as one, at least two points are needed to form
a dense region.

2.11.3 Reinforcement Learning

Reinforcement learning is a machine learning technique that allows an intelligent agent
to learn in an interactive environment by trial and error and perform actions to gain re-
wards [29]. Similar to supervised learning, reinforcement learning also has input data and
desired output. The difference is that reinforcement learning uses the notion of cumula-
tive rewards and punishment as the action for a precise behaviour, whereas unsupervised
learning consists of discovering hidden patterns in unlabelled datasets.

The reinforcement learning procedure entails learning what action to take in a spe-
cific situation to accumulate rewards. Since the activities of the learning system have an
influence on its later inputs, they are effectively considered closed-loop problems.

Contrary to other machine learning algorithms, the learner does not know the action
to perform prior, but must instead learn through trial and error and perform actions to
acquire more rewards.

In some cases, the performed actions have a direct impact on the next situation and the
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Figure 2.7: Reinforcement Learning Model

rewards. Hence, there are three critical features in reinforcement learning- its closed-loop
nature, the uncertain environment due to lack of prior knowledge, and its ability to play
out over extended time periods [28].

2.11.4 Machine Learning in Precision Agriculture

[oT application in agriculture is based on different functions such as monitoring, precision
agriculture, and greenhouse production. Data acquired in crop farming help farmers obtain
greater insight of the environmental factors affecting their productivity. Humidity, air
temperature, soil temperature, solar radiation, and wind speed are some of the weather
elements monitored in smart farms [27].

In [6], an intelligent system is presented that can predict soil moisture based on informa-
tion collected from the sensors deployed on the field and the weather forecast information
available on the Internet. An algorithm based on hybrid machine learning methods has
been developed for soil moisture prediction. The algorithm is a combination of supervised
and unsupervised machine learning techniques.

The support vector regression (SV R)and K-means clustering methods are combined
to provide high accuracy. K-means clustering estimates variations in soil moisture based
on weather conditions. The result shows improved accuracy and less mean squared error

(MSE).

40



2.11.5 Machine Learning in Smart Farming

Significant research has been conducted to leverage machine learning in agriculture to
acquire and assess data, achieve more precise predictions, and manage crop components
[27]. ML has helped to predict crop yield, identify crop disease, manage critical components
(water, nutrients), and much more.

In [2], an ML-based framework is proposed to predict corn yields in the three US Corn
Belt states of Illinois, Indiana, and lowa. Additionally, information on complete and partial
in-season weather is taken into consideration. Results showed that individual models out-
performed ensemble models established upon a weighted average of base learners (average
ensemble, exponentially weighted average ensemble, and optimized weighted ensemble).
Compared to other developed models, the proposed ensemble model could individually
accomplish the greatest accuracy of prediction and the least mean bias error. Therefore,
they designed multiple ML and ML ensemble models with a sequential blocking method to
produce out-of-bag estimates and assess their performance in corn yield predictions [58].
They also investigated the impact of accounting for complete or partial in-season weather
data when predicting outcomes.

In [64], researchers designed various ensemble models using a blocked sequential proce-
dure to produce out-of-bag estimates. Also, a weighted ensemble model that was optimized
was proposed. This model accounted for predication variances and biases and incorpo-
rated out-of-bag estimates to determine the ideal weight for combining more than one base
learner. Ensemble models that perform well necessitate that base learners demonstrate a
specific level of “diversity” in their predictions and individually retain high performance.
Therefore, an assortment of models were chosen and trained, such as linear regression,
LASSO regression, extreme gradient boosting (XGBoost), Light GBM, and random forest.
Also, several two-level stacking ensemble models, an average ensemble, and an EWA, were
created and assessed on unseen test observations. Observations concluded that machine
learning ensembles outperform a single machine learning technique, are capable of reduc-
ing variance, prediction bias or both, and can more readily determine underlying data
distribution.

[8] compared several AI models to produce the greatest prediction model for crop yield
for the Midwestern US. This included models such as random forest, support vector ma-
chine, neural network, artificial neural network and deep neural network. After a high-
resolution CDL, the inputted dataset was created from meteorological and hydrological
variables, and vegetation indices based on satellite. They then used the database with
optimal inputs to construct six key AI models for crop yield prediction and comprehen-
sively and objectively compared the Al models. For the mean absolute error (MAE), DNN
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outperformed the five other Al models.

In [9], FarmBeats, an end-to-end IoT platform for data-driven agriculture, provides
a platform for collecting data from various sensor types, i.e., cameras, drones, and soil
sensors. FarmBeats can resist a power outage and may include different services.
Significant features of FarmBeats include long-term and large-scale deployment. A novel
weather-aware IoT base station is designed to reduce the base station downtime to zero.
Novel inference techniques and a wind-assisted drone flight planning algorithm are designed
to compress the aerial imagery data. In addition, FarmBeats uses television white spaces
to connect [oT base stations to the Internet, effectively solving bandwidth issues. The
observation is that FarmBeats uses a Gaussian process model.

In [58], the prediction of crop yield production was performed by using time series data.
First, they proposed SVM and naive Bayes as classification methods. Then, they compared
them with proposed ensemble Adaboost methods, such as AdaSVM and AdaNaive, to
predict crop production over time. The analysis results showed that the two ensemble
methods provided better prediction accuracy and reduced the classification error more
than the classification methods. Furthermore, the results of the proposed methods may
differ if the dataset input increases for the same techniques or if different methods are
employed.
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Chapter 3

Yield Prediction

This chapter presents mechanistic crop growth and machine learning models and shows how
the combination of the two assists in predicting and optimizing crop growth and yield.

3.1 Mechanistic Crop Growth Model

In this section, we present a mechanistic corn growth model and how to optimize it to
consider factors that critically impact potential corn growth and yield, such as water and
nutrients. We also explain its application in managing risks and growth constraints to
achieve better results compared to previous works.

3.1.1 Maize Growth Model

Maize is one of the most significant crops in an agricultural environment. Maize cultivation
is a worldwide endeavour and helps solve food security issues. It can be used for food,
livestock feed, fuel and industrial products, and is produced annually. Studies show that
the average maize yield has critically increased due to appropriate crop model developments
in recent years [52].

The mechanistic crop growth model is a mathematical description of all physiological
processes throughout the growing season. It entails a dynamic simulation process of an
entire crop by predicting the growth of its components such as leaves, roots, stems and
grains and considers field farming interrelationships. Therefore, the aim of crop growth
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simulation models is to forecast the final condition of biomass or harvest-worthy yield
and includes quantitative data about important processes that occur in the growth and
development of plants [10].

Yearly crops grow from date of planting to harvest time or until total heat units are equal
to the potential heat units of the crops.

Tmaz,i - Tmin,i)
2

HU; = ( — Ty, J (3.1)
HU;, Thazi, and T,y ; represent heat unit values, and maximum temperature, and mini-
mum temperature (°C) on the day ¢, and T}, ; is the base temperature specific to the crop in
question, which is j (growth does not occur at or below T} ). The base temperature most
commonly used for all phenological phases is 8° C, except for silking (seedling emergence)
[10]. The heat unit is rendered zero if the maximum temperature is less than the base
temperature.

The crop’s phenological progression is dependent on daily heat unit accumulation. The
following equation represents the relevant computation.

AHU 1y = AHU; + HU; (3.2)
AHU ;1) is the accumulated heat units on day i + 1.

The expansion of the leaf is an essential factor determining the competitive ability of
the crop. The leaf number is used as a measure of development rates and is influenced by
the soil temperature and photoperiod. When the plant emerges and the number of leaves
is fewer than the maximum, the leaf number is calculated as the exponential function of
accumulated heat units with the base temperature [11].

LN(I) — 925 % e(AHU(i)*0.00QE)S) (33)

[12] developed an equation that calculates the leaf number (LN M) with the largest area
from the total number of leaves initiated (T'LN).

LNM = 3.53+0.46 * TLN (3.4)

The value of T'LN must be initially defined.

Several methods have been suggested to measure the leaf area due to its importance
for crop light interception and its large influence on crop growth and final yield [13]. It has
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been proven that the area of an individual leaf can be surmised from leaf number (LN)
and the area of the largest leaf (AM) [5].

A() — AM % e[—0.0344*(LN7;—LNM)2+O.000731*(LN1;—LNM)3] (35)

The observation made in [13] concludes that if the area of all expanding leaves on a plant
at a given time are combined, they are equal to the completely expanded area of the two
developing leaves right above the last leaf that fully expanded. As a result, before the
last two leaves on a plant fully expand, the calculation of the total leaf area per plant is
presented as the total sum of all fully expanded leaves and the fully expanded leaf area of
the subsequent two leaves [14].

LN+2
Plant Leaf Area = Z A (3.6)

n=1

[13] suggests an exponential relationship that computes the fraction of the total leaf, which
was senesced (F'AS), increased with heat units (HU) from emergence.

FAS; = 0.00161 x *00828+(4HU:=87) (3.7)

In the majority of crops, the leaf area index (LAI) ) starts at zero or close to that. It
then exponentially increases in the stage of early vegetative growth. During this time, the
rates of leaf primordia development, leaf tip appearance, and blade expansion are linear
functions of heat unit accumulation. LAI is calculated as the difference between total
(PLA) and senesced leaf area per plant (F'AS) multiplied by the population of plants.

LAI {Plant Population * (PLA — PLA x FAS(;)) if LAI greater than 0
(@) —

0 Otherwise

3.1.2 Potential Growth

Using Beer’s law equation, energy interception is approximated as a function of solar
radiation and the LAI of the crop.

PHS; = 0.5 x RA;[1 — e(70-4LAL)] (3.8)

PHS; is the radiation use efficiency obtained from photosynthesis, RA is solar radiation,
0.5 is the ratio between PHS; and RA; (the radiation use efficiency), and LA is leaf area
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index.
The possible daily increase in biomass can be approximated as the product of intercepted
energy and a crop parameter for transforming energy into biomass [15].

BM1) = (BM;) + (PHS;) (3.9)

BM; is the daily potential accumulation in biomass, BM;) is the daily potential
increase in biomass on day ¢ + 1.
Harvest index increases as a nonlinear function of heat units. It varies from zero at the
planting stage to the optimal value at maturity. At the end of grain filling, i.e., 33 days
after the planting stage, the harvest index equals 0.5.

0 At the planting stage
Hl(i—f—l) = HII +0.015 Otherwise
0.5 33 days after planting stage

The crop yield is estimated through an integrated calculation of the potential biomass and

harvest index concept.

Where GRAIN; is crop yield, HI; is harvest index, and BM; is the daily potential accu-
mulation in biomass

3.1.3 Water Availability and Nitrogen
3.1.3.1 Water Availability

Soil Water Balance The efficient use of water has a massive impact on crop yield
and is considered the most critical agricultural factor. Water excess and shortage can
equally have a significant effect on the quality and quantity of yield. Water directly affects
photosynthesis, respiration, absorption, translocation and utilization of nutrients, among
many other processes. It similarly affects evaporation and water transpiration through the
plant stems and tissues [16]. Whenever there is an excess of water, the roots can rot, and
oxygen cannot be supplied to the crops. Conversely, when there is a shortage of water,
vital nutrients cannot travel to the plants [53] [98].

Soil water inputs could be from rainfall and irrigation and be removed by soil evapora-
tion and crop transpiration.
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There are two different layers for soil water: the top layer of soil water (STW1) and the
entire soil water layer (SW).

S — SWl(z;l) + RF(i) + I?“T(i) SW1< MSW1
@ = 19.5 Otherwise

W, — SW(i_l) + RF(Z') + ITT(i) SW < MSW
@ = 135 Otherwise

Where SW1 and SW are the top layer and the entire soil water respectively, MSW1 is
the maximum (total) soil water in the top layer and M SW is the maximum soil water in
the entire soil water. RF is the rainfall and Irr is the irrigation.

The soil water is lost due to soil evaporation SEP and crop transpiration T'R. There
are two stages for assessment of soil evaporation. In stage I, the soil evaporation (SEP)
is evaluated using the FAO Penman-Monteith equation [53].

SRy + e =0 EALw) 10,68 % 0.4 x VP D

3.11
0.68 * Delt(i) ( )

Where SR is the solar radiation, Delt is slope of the saturation vapour pressure curve,
LAI is daily leaf area index and V PD is daily vapour-pressure deficit, which is calculated
from the minimum and maximum temperature.

20.386— 7 5132
VP(’L) = mag ;) or mzn(i>+273 (312>
VPD(Z) =0.75 % (VP(max) - VP(mm)) (313)

The slope of the saturation vapour pressure curve (Delt) is calculated in the following

equation.
5336 (21.07— 5336y

> xe (T(3)+273)

Delt i — —229%
elt(l) (T(i) + 273)

(3.14)

Where T is the temperature in Celsius.
In stage II, soil evaporation is triggered after the top soil layer has dried or when the
transpirable soil of the entire soil is low or less than 0.5 [98].

SEP(Z') = SEP(i,l) * (\/DSI[(i) — \/DSI[(i) — 1) (315)
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The daily transpiration rate (T'R) is calculated from the biomass accumulation (PH.S)
as well as vapour pressure deficit. The transpiration rate can also be affected if the tran-
spirable soil water on the top volume reduces.

PHS; =V PD(i)

TR1; — 3.16
@ 0.09 * 1000 (3.16)
2
TRu =TRLG * (Tv&n() - 1) (3.17)
1+e 195

Update the daily transpirable soil water in both volumes by considering the daily evap-
oration and crop transpiration.

SWli) =

SWl(i) — TR(Z') — SEP(Z') SW1>0
Otherwise

S o SW(i) — TR(i) — SEP(Z-) SW >0
) = 0 Otherwise

The fraction of transpirable soil water (FT'SW) for total soil volume is computed as
follows:
SWiiv)

(3.18)

3.1.3.2 Crop Nitrogen (IN) Uptake

Over the last few years, we observed a significant increase in corn yield, which is essentially
due to the efficient use of nitrogen in plants [17]. Nitrogen is an essential nutrient in
determining final grain yield. Some of nitrogen’s prominent roles in plant growth include
stimulation of root development and activity and support of the uptake of other nutrients.
These two roles significantly enhance water use efficiency. Nitrogen levels in corn range
between 2.76 and 3.5%, while a level less than 2.25% N is considered insufficient.

Nitrogen in crops is determined using the supply-demand method but relatively con-
strains the variation in N concentrations in plant tissues. In other words, the parameters
initially set for maximum and minimum tissue N content limit significant changes in phys-
iological activity [99]. The uptake of N by plants is regulated either by plant requirements
or nutrient soil supply.
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[18][99][111] used an alternative approach for nitrogen supply calculation to the crop
without considering a pre-established demand function. The characteristic of this approach
is that the nitrogen uptake is determined independently, and the physiological activity is
estimated by taking into account the resultant N levels in the crop tissue.

[99] shows a linear function between the accumulated heat unit (AHU) and the N uptake
for maize. The total potential N uptake (PNU) in maize is estimated by considering the
daily N uptake potential rate (NUP) and the heat-unit (HU). When the mineral N is
insufficient in the soil, the daily N uptake (NU) is equal to the amount of N available in
the soil for crop uptake [99].

Nop. _ {HUG * {PNU % (5.24 % 10°8) % AHU « e[%AHU/%BV"Sl} SoilN > 1mgN/LH,0
© SoilN Otherwise

N uptake depends on the fraction of transpirable soil water (F'T'SW); whenever FT SW
decreases to levels below a certain threshold, the value of NU considerably decreases.

NUP,

NUa = 11 9 % o153 FTSW,)

(3.19)

In physiological development, applying inadequate N in maize results in significant
depressed leaf area development, although leaf number is comparatively unaffected [100].
If the vegetation continues growing, the daily leaf nitrogen (LFN) estimates that the
proportion of crop N uptake assigned to leaves (PROPLFN) is 0.6.

The Leaf Number (LN) is estimated as the ratio of cumulative LFN to leaf area index
(LAI).

LF N
- LAI,
If LN is less than the minimum LN (M LN), leaf area development will be inhibited; in
this case M LN will be 0.55 gNm 2.

According to [101], there is a linear relationship between LN and the radiation use efficiency
(RUE), and it is referred to in the model as E.

LN, (3.21)

RUE.. — 0.12+4+1.09% LN; LN <1.35 gNm ™2
@ = 1.6 Otherwise
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The minimum LN of 0.55 gNm? resulted in a minimum RUE during leaf development.

In reproductive development, it is proven that maize produces grain with comparatively
low N concentrations even though the N required to support seed growth is still significant.

In the maize model, the quantity of vegetative N available for translocation to seed
(TV N) is determined at the beginning of grain growth. TV N refers to the total amount of
N in the vegetative tissues at the beginning of seed growth over the minimum N contents
for senesced leaves (M SLN) and mature stems (M STEMN) [101].

TVN = f(MSLN,MSTEMN) (3.22)
The daily total amount of N accumulated in the grain (GRAINN) is estimated as the

sum of NU that is transferred from TV N.

TVN = HUy,
1150

Where NU is the daily N uptake, TV N is the daily N translocation, and HU is the heat

unit.

GRAINN 1) = GRAINN + NU) + (3.23)

Since the grain biomass and N accumulation were estimated separately, the grain N
concentration simulation also varied; however, two constraints were set on grain N con-
centration (GNV) that might affect grain biomass and grain N accumulation. The same
applies to leaf Nitrogen; if GN is less than the minimum GN, (MGN), grain development
will be inhibited. In this case, MGN is 11 gNKg™'.

The total grain N is estimated as follows

GRAIN N,

N.:
“No = ~GRAING

(3.24)

Where (GRAINN) is the grain N accumulation and GRAIN is the grain biomass.

If the grain N concentration reaches the maximum GN, N transfer to seeds will be re-
stricted. In this case GN will be above 16 gNKg~!. Consequently, the restricted N
transfer will lead to a significant decrease in N loss in the leaves and stems.

TVN  HUy,

GRAINNG1) = GRAINN) — ———==5

(3.25)
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Figure 3.1: Theoretical Framework

3.2 Machine Learning Models

3.2.1 Theoretical Framework

Figure 3.1 presents the objective of this work. The goal is to combine machine learning
and crop growth approaches. The historical data of the weather, soil and management will
help evaluate the crop model and predict yield production, biomass, water and nitrogen
stress.

The historical yield data are the target variables used to evaluate and enhance the yield
predictions. The crop model outputs will help to train the ML models and forecast the
final yield [2]. In this case, the input variables are the crop model outputs.

3.2.2 Performance Evaluation Measures
3.2.2.1 Dataset

The data was obtained from the USDA-NASS website [105] for the state of Iowa. The
dataset includes information about corn yield, environment (soil, weather), and manage-
ment (plant population). The environment and management data are considered as input
variables and the corn yield as the target variable.

The historical data of corn yield was obtained from the USDA-NASS website for the
year 1982 for a state in the US. Several factors affect crop yields, such as the environment,
management, and genotype. Therefore, in this dataset, the weather and soil were included
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as environmental features, while the plant population was included as a management fea-
ture.

e Plant population: One feature represents the yearly plant population and esti-
mated plant state per square meter, acquired from the USDA-NASS website. Due
to the unavailability of some data, we considered that the plant population for the
simulation would be 7 plants m 2.

e Weather: Weather is one of the most influential factors on yield outcome, com-
pounded by the fact that we have no control over it. Extensive research and various
technologies have designed mechanisms to help alleviate the impact of weather. Phe-
nomena such as drought, high temperature, and extreme weather events are chal-
lenging to mitigate [108].

Below are five weather variables accumulated daily from Daymet [107]

. Daily min air temperature in °C

. Daily max air temperature in °C

1
2
3. Daily total precipitation in mL/day
4. Daily solar radiation in M J/m?

D

. Daily vapour pressure in Pascal

e Soil: Soil components such as soil pH and organic matter, sand and clay content,
soil bulk density, wilting point, field capacity, and saturation point, were taken into
account. They can vary depending on the soil profile. A weighted average estimated
different values for all layers. The data was acquired from the Web Soil Survey [106]
for the location under study.

e Nitrogen: The total value of N fertilizer application varies between 11.6 g N m ™2
and 40.1 ¢ N m~2. For the dataset, we used three levels of N applied (11.6, 27.6, and
40.1 g N m~2) In [99, 111], the grain yield and N accumulation were well simulated
for the 26.4 ¢ N m~2 fertilizer treatment, and it reasonably represented the quantity
of N in the soil available for crop uptake. In other words 26.4 g N m~2 of fertilizer
was required to produce the maize grain yield.

e Corn Yield: Annual corn yield data in gram m ™2, obtained from USDA-NASS.
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3.2.2.2 Data Pre-processing

Data pre-processing tasks are crucial to perform in ML because they help prepare the data
before training them in different machine learning models.

Data Subset - The training data was divided into train and validation subsets; the latter
was utilized to construct the models. The input variables were scaled to limit the large
size of certain features confusing the ML models.

Feature Selection is conducted to circumvent overfitting in the training data due to its
sparsity and many input variables.

We used principal component analysis (PCA), a well-known method in dimensionality-
reduction, that is instrumental in processing data where multi-colinearity exists between
the features. PCA lessens the number of dataset features by transforming a large set of
features into a smaller one while maintaining as much information as possible [109].

The PCA can be defined following these four steps:

1. Determine the relationship among features through a Covariance Matrix.

2. Get eigenvectors and eigenvalues through the linear transformation or eigendecom-
position of the Covariance Matrix.

3. Then, transform the data using Eigenvectors into principal components.

4. Finally, quantify the importance of these relationships using Eigenvalues and keep
the important principal components.

Implementing PCA on the dataset helps to remove correlated variables to improve the

algorithm’s performance. Additionally, PCA aids in denoising and reducing overfitting in
order to enhance visualization.

3.2.2.3 Model Selection and Hyperparameter

The hyperparameters of ML, models must be calibrated, and then we select the best models
to enhance prediction accuracy [2].
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e (Cross-Validation: Also known as k-fold cross-validation. Cross-validation is a tech-
nique that splits the training data to training and validation subsets. It helps find the
best parameter values in order to reduce overfitting. Usually, a random tenfold cross-
validation technique is used to set the machine learning models’” hyperparameters and
it is assumed to have the same size.

e Bayesian search: this method presumes the underlying distribution and approximates
unknown factors by using substitute models such as the Gaussian process. The
difference between Bayesian optimization and other types of search is the fact that it
incorporates prior beliefs about underlying functions and adds new observations on
top of that.

3.2.3 Predictive Models

We chose regression ML models to forecast crop output. Well-performing models require
variation in base learner predictions.

A few parameters included in the dataset are yield, temperature, rainfall and solar ra-
diation. Machine learning prediction will support farmers in choosing the most suitable
parameters for optimal crop yield.

We use different metrics such as root mean square error, relative root mean square error,
mean absolute error, and coefficient of determination to compare the selected machine
learning models.

The machine learning selected and trained in this study consists of the random forest
regressor, and artificial neural networks.

3.2.3.1 Random Forest Regressor

Random forest is a tree-based ensemble algorithm that can be employed in both classifi-
cation and regression applications. In this work, we applied its regression tool. The RF
model is based on the bootstrap aggregating (Bagging) method. Bagging is designed to
decrease the variance of predictions and increase the average prediction of multiple trees
by using a random sample with replacement [55].

The random forest model has some particularity to it, where each tree uses a random
value of features in each split. The model averages all the predictions made by all trees
to improve the accuracy and control the over-fitting. In this case, the random value of
features will reduce the prediction errors and correlation of the trees. Thus, it will render
the random forest model more efficient [56].
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Random forest requires training every input feature to predict the yields of corn. To
train RF models, multiple CART are built with an arbitrary subset of predictors with no
pruning, and the average of the forest of CART is applied. The random forest algorithm
is run in two different phases. In the first phase, a random forest is created, and in the
second phase, a prediction is generated from the random forest produced in the first phase
[27].

Below is the pseudo-code to create a random forest:

Algorithm 3.1 First phase: Creating the random forest

From a total of M features, choose K features at random so that K < M
Define a node D contributing to the best split point amongst the K features.
Depending on the best split, divide D into several child nodes.

Repeat steps 1-3 until the proposed L nodes are attained.

Build the forest by repeating all steps.

Gl Wi

Algorithm 3.2 Second phase: Resulting prediction from random forest

1. Apply pre-set rules for each randomly framed decision tree to obtain test features in
predicting the target.

2. Identify votes for each predicted target.

3. Accept the predicted target with the greatest vote as the final prediction from the
random forest algorithm.

A random forest algorithm that predicts the crop yield is built from the CART-based
decision trees. Data is collected based on output from the CART model, and the ultimate
prediction is reached using a group of CART trees, resulting in a random forest being
created.

We used the random forest algorithm to estimate the values produced for the test data

by evaluating RMSE, RRMSE, MAE, and R?.

3.2.3.2 Neural Networks

Neural networks, also called artificial neural networks, are complex models that imitate
human brain operation and consist of input, hidden and output layers [110]. The input
layer consists of the soil and weather variables to predict the crop yield. In this case, we
used the forward MLP to generate results [89, 97]. The algorithm is trained using the
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backpropagation of error to modify the weights and decrease the errors, thereby achieving
non-linear regression.

The neural network is built in two phases [27]:

Phase 1. Propagation
1. Generate the output values by propagating forward in the network.

2. Compute the cost to determine the error term.

3. Use propagation of the output activation function to evaluate difference between
actualized and predicted values of output and hidden layers.

Phase 2: Update the weights

1. Determine the weight gradient — apply activation function (target-actual output).

2. Subtract a percentage of weight gradient from the weight.

The crop yield was predicted by using the environmental and weather parameters which
compose the neurons. The hidden layer executes computations based on the rectified linear
unit (ReLu) activation function. The obtained results are the corn yield forecasts based
on test data training. The estimated values acquired for the test data using the MLP were
estimated using the M AFE.
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Chapter 4

Experimental Results

These experiments will first simulate the mechanistic crop growth model to predict corn
yield based on historical data. We will vary the value of the N fertilizer and select the
value that maximizes grain yield.

Next, we will evaluate the performance of the machine learning algorithms in predicting
corn yield. Lastly, we will optimize the model using the ML algorithm with the least
prediction error to maximize corn yield in the state of Iowa.

4.1 Nitrogen Application

We evaluated the models with different N input values to estimate the impact of nitrogen
on yield prediction. The values of N fertilizer applications vary between 11.6 g N m~2 and
40.1 g N m~2. We used three different levels of applied N values including 11.6, 27.6, and
40.1 g N m™2

e Low level of N: When we apply 11.6 g N/m? of nitrogen, we get 565.26 g N/m?
of grain yield, the accumulation of biomass is low, and the leaf area index (LAI) is
reduced.

¢ Intermediate level of N: When we apply 27.6 g N/m? of nitrogen, we get 782.72
g N/m? of grain yield, the accumulation of biomass and leaf area index (LAI) are
moderated.
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e High level of N: When we apply 40.1 g N/m? of nitrogen, we get 712.44 g N/m?
of grain yield. We can notice that as the level of N is high, the grain yield and
accumulation of biomass are reduced, and the leaf area index (LAI) becomes very
high. This also impacts the environment.

The highest grain yield 782.72 g N/m? was produced when we applied the intermediate
level of N, 27.6 g N/m? fertilizer. The length of the grain growth period and leaf number
remained unchanged.

Higher N levels increase the LAI, LEN, GRAINN and GN but decrease the grain yield.

4.2 Performance Metrics

The performance metrics are used to assess the performance of the implemented machine
learning algorithms. Three different statistical performance metrics, RMSE, RRMSE and
MAE, were used to estimate the error and the variance is explained by the (R?) [27][64]

4.2.1 Root Mean Square Error (RMSE)

RMSE is a method that measures the standard deviation of errors predicted by a model
in a dataset.

RMSE = M (4.1)

Where g; is the predicted value, y;, the actual value and n the number of observations.

4.2.2 Relative Root Mean Square Error (RRMSE)

RRMSE, also called the normalized root mean squared error, is the RMSE normalized by
the mean of the actual values. As a rule, the lower the RRMSE values, the better.

RMSE

RRMSE =

(4.2)
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4.2.3 Mean Absolute Error (MAE)

MAE measures the sum of the absolute difference between the predicted and the actual
variables of an observation. It captures the average magnitude of errors in a group of
predictions without accounting for their directions.

1 — X
MAFE = - Z lyi — Uil (4.3)

=1

4.2.4 Coefficient of Determination (R?)

The R? measures the difference in the dependent variable, which can be predicted using
independent variables.
R2 — Zz(yl - Qz)Q (4.4>
Zz‘ (vi —v)?

4.3 Experimental Setup

To run our experiments and construct the random forest model, we deduct that the quantity
of trees is initially set as 10. The neural network is trained with 20 nodes, 1 hidden layer, a
learning rate of 0.01, a rectified linear activation, linear activation function, and a stochastic
gradient-based optimizer for the MLP model.

4.4 Numerical Results and Discussion

In what follows, we perform experiments by comparing the simulation results of MLP and
random forest algorithms to predict corn yields. The purpose of the execution is to forecast
a value close to the real value. The prediction performance of ML models varies because
each model considers various aspects of the expected characteristics.

To define efficiency of the model, the variance between the predicted and mechanistic
model values (i.e., errors) are evaluated using different error measures, namely, RMSE,

RRMSE, MAE and RZ.
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Machine Learning Model

Error Measures

RMSE (g/m?) RRMSE (%) MAE (g/m?) R?
Multilayer Perceptron 0.2423 0.4252 0.1586 0.7453
Random Forest 0.2470 0.4336 0.1327 0.7351

Table 4.1: Performance Metric Evaluation of the Models for Iowa

01 —— crop model output
— MLP
— R. Forest

Yield

A~

VAR AV ARV

0

Days

Figure 4.1: Annual Yield for Iowa

4.4.1 Results

In the following section, we summarize the results of the various experimental analyses of

the ML models reviewed in Section 3.2.3

Table 4.1 shows acquired values for the test data of the state of lowa, assessed using
the following error measures:

Figure 4.1 shows the increase in corn yield over time. The MLP achieves the best

RMSE, RRMSE, MAE, and R2.

performance and least error prediction compared to the random forest model.

The harvest is reached 86 days after planting. This state has the most ideal weather for

growing corn and the most significant production of corn in the US.
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Figure 4.2: Input Data

4.5 Model Optimization

In this section, we applied MLP methods of optimization to maximize crop yield using the
N fertilizer amount of 27.6 ¢ N m~2 in the state of Iowa.

4.5.1 Normalization

After assessing the ideal ML model, MLP, it is necessary to optimize the factors that affect
crop growth in order to maximize production.

MLP data preparation involves utilizing processes such as normalization to rescale input
and output variables before training the MLP model. The dataset is rescaled in a range of
[0, 1] for the input value and the output value is divided by 1000 as shown in Figures 4.2
and 4.3.

We selected different parameters to optimize the model and consequently maximize
corn yield prediction.

e Input Layer: this layer comprises the very beginning of the network, and is com-
posed of seven different parameters.

e Hidden Layer: in this layer, a function applies weights to the inputs and leads them
through an activation function as the output. In the simulation, we use one hidden
layer.
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Figure 4.3: Output Data

e Activation Function: the hidden layer uses the rectified linear unit (ReLu) acti-
vation function, and the output layer uses the linear activation function.

e Optimizer: the Adam and SGD optimizers are used as the optimization technique
to maximize output.

e Output Layer: this is the final layer of the network that outputs (produces) the
prediction.

4.5.2 Optimizers

Optimizers are algorithms used to modify attributes such as the weights or learning rates
of the neural network to reduce overall loss and improve accuracy. They also help to obtain
results faster.

The choice of optimizers can significantly influence the performance of the model.
4.5.2.1 Adaptive moment estimation (Adam) Optimizer
Adam is an optimization algorithm that can update network weights iteratively based

on training data. The algorithm is an efficient stochastic optimization with minimum
memory requirements. It is highly suited for contending with large datasets and parameter
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Scenarios Adam Optimizer | SGD Optimizer
Actual dataset 0.865 0.896
Solar radiation adjusted 0.800 0.793
Precipitation adjusted 0.807 0.821
Minimum temperature adjusted 0.791 0.813
Maximum temperature adjusted 0.812 0.826
All selected parameters 0.820 0.888

Table 4.2: Results of Optimization with Adam and SGD Optimizers

problems, and issues with overly noisy and sparse gradients.

For different parameters, the algorithm calculates individual adaptive learning rates using
assessments of the gradients’ first and second moments [115].

The chosen settings for the tested MLP problems are o = 0.001 , 5 = 0.9, 5, = 0.999 and
e=10"8%.

4.5.2.2 Stochastic Gradient Descent (SGD) Optimizer

SGD is an algorithm that is iterative in nature and used to optimize functions with suitable
smoothness properties (e.g., differentiable). The algorithm removes the wait in the update
and computes the parameter gradient using only one or a few training examples.

The algorithm first reduces the disparity in the parameter update and has potential to
result in more stable convergence. Moreover, it lets the analysis benefit from greatly
optimized matrix processes best applied in a well-vectorized calculation of the cost and
gradient.

The chosen settings for the tested MLP problems are o = 0.01 , decay=0.0, momentum=0.7
and nesterov=False.

4.5.2.3 Model Simulation Scenarios

To perform the experiment, we executed different scenarios for the Adam and SGD opti-
mizers to determine which one provides better optimization and maximizes grain yield. We
first started with the actual dataset, and then adjusted parameters such as solar radiation,
precipitation, and Min and Max temperature all together. Fig 4.4 and Table 4.2 show the
optimization results with Adam and SGD optimizers.

The experiment results demonstrated that the highest grain 896 g/m? occurred when
using the SGD optimizer with the dataset in the unchanged parameters scenario. Figure
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Figure 4.4: Results of Optimization with Adam and SGD Optimizers

4.5 compares the grain yield obtained using the mechanistic model with the optimized
grain yield using the MLP model.

In conclusion, the optimization of the model by using MLP-SGD optimizer provided a
better prediction than the mechanistic model.

4.5.2.4 Learning Curve

A learning curve is a plot of model learning performance over experience or time.

Figure 4.6 shows a good fit of the learning curves since the plot of training loss decreases
to the point of stability, and the validation loss decreases to the point of stability and
has a small gap with the training loss. The learning performance has been done with the
Epoch=100.

The MSE of training loss = 0.006 and validation loss = 0.007.

In conclusion, Figure 4.6 shows that the training and validation datasets are suitably
representative.

65



Crop Yield

0.8

074

0.6 q

0.5 4

0.4 4

0.3 4

0.2 4

014

0.0

Mechanistic model: Crop Yield

20

a0
Time {Day)

&0

(a) Actual Grain Yield

0.8 1

0.6 1

Crop Yield

024

0.0

MLP model: Crop Yield

0.4 1

0 20 a0 60
Time {Day)

(b) Optimized Grain Yield

Figure 4.5: Comparison Between the Actual and Optimized Grain Yield

Loss

Learning Curves

10 A

08

06 4

04 1

02 A

0 1

= Training loss
— validation loss

= -

Epochs

Figure 4.6: Learning Curves

66




Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this thesis, we introduced a mechanistic crop growth model to predict corn growth and
yield, and a machine learning model to optimize the predicted yield. The mechanistic
crop growth model was built on parameters such as weather, soil management, and plant
population data and reflects the physiological process of the growing season.

We evaluated three different applications of nitrogen levels to analyze their impact through-
out the growing season. We observed that the levels of nitrogen applied had a significant
impact on yield prediction.

Besides the historical data, we added the mechanistic crop growth model’s output
variables as inputs to the ML algorithms to investigate which combination (mechanistic
crop growth model + ML predictive models) provided fewer prediction errors.

We evaluated ML algorithms such as multi-layer perceptron and random forest to perfect
the combination. The performance of the algorithms was analyzed using evaluation metrics,
including RMSE, RRMSE, MAE and R

We then conducted a simulation to analyze the performance of two ML algorithms and
selected the algorithm with the least prediction errors. Our results demonstrated that
the multilayer perceptron algorithm achieved less performance errors in comparison to the
random forest algorithm in terms of predicting corn yield.

In addition, we used the MLP model to optimize the dataset features. We performed
various scenarios and applied two different optimization algorithms, Adam and SGD, to
improve yield prediction, thus maximizing the yield.
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Results showed that the optimization improve corn yield prediction compared to the mech-
anistic growth model. The highest grain yield occurred when using a stochastic gradient
descent optimizer and the dataset with unchanged parameters scenario.

5.2 Future Work

In the future, we plan to work on four different schemes. First, we plan to investigate the
feasibility of performing further data analytics on edge devices to determine its effectiveness
in reducing excessive cloud resource exploitation for real-time applications in resource-
constrained environments.

Second, we plan to run experiments on the Area X.0 datasets. This is important since it
is local data and could help improve decision-making in smart farms located in Canada.
Third, we plan to involve various parameters such as crop disease, water salinity and
pest control in the corn growth model and combine them with multiple ML algorithms to
maximize the crop yield.

Fourth, we also plan to implement other use cases and optimization algorithms for various
parameters involved in the crop growth model.
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