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Abstract

There is a high prevalence, in South Africa, of fruit tree related diseases infesting
lemon trees, subsequently affecting overall crop yield and quality. Ultimately, the
income for the farmers is significantly diminished and limits the supply of nutritional
food crops for the South African population, who already suffer from a high incidence
of malnutrition. Currently, there are various methods utilized to detect diseases in fruit
trees, however they pose limitations in terms of efficiency and accuracy. By employing
the use of drones and machine learning methods, fruit tree diseases could be detected
at an earlier stage of development and with a much higher level of accuracy.
Consequently, the chances of remedying the trees before the disease spreads is
greatly improved, and the supply of nutritious fruit within South Africa is increased.

This research report’s aim is to investigate the effectiveness of a deep learning
algorithm for detecting and classifying diseases in lemon orchards using multispectral
drone imagery. This entails assessing the performance of a pretrained ResNet-101
model, fine-tuned with additional sample images, in accurately identifying and
classifying diseased lemon trees, specifically those affected by Phytophthora root rot.
The methodology involves the utilization of a pretrained ResNet-101 model, a deep
learning architecture, and the retraining of its layers with an augmented dataset from
multispectral aerial drone images of a lemon orchard. The model is fine-tuned to
enhance its ability to discern subtle spectral variations indicative of disease presence.
The selection of ResNet-101 is grounded in its proven success in image recognition
tasks and transfer learning capabilities.

The results obtained demonstrated an impressive accuracy of 80%. The deep learning
algorithm exhibited notable performance in distinguishing root rot-affected lemon trees
from their healthy counterparts. The findings indicate the promise of utilizing advanced
deep learning methods for timely and effective disease detection in agricultural
farmlands, facilitating orchard management.

Keywords: Citrus Disease, Deep Learning, Multispectral UAV, Resnet-101,
Phytophthora Root Rot
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Chapter 1: Introduction

1.1.General Introduction

Crop diseases pose a significant threat to agricultural productivity, resulting in yield
and economic losses for farmers (Ristaino et al., 2021). Lemons are a popular crop in
South Africa with an estimated production of 625 000 tons in 2021 (USDA, 2021). The
value of lemon exports exceeded R6.1 billion per annum in 2021, making up
approximately 10% of the global lemon exports (ITC, 2021). Despite the relative
economic significance of lemon production in South Africa, lemon trees face numerous
pest and disease stresses, such as Phytophthora root rot.

Phytophthora root rot, caused by various Phytophthora spp., has emerged as a
prevalent threat to citrus orchards globally, posing a significant risk to lemon trees
(Citrus limon). Originating from the soil, this pathogen causes severe damage to the
roots of susceptible plants, compromising their ability to absorb water and nutrients
(Maseko and Coutinho, 2002). This is a common lemon tree disease in Limpopo, a
regional boundary within South Africa. Trees infected with Phytophthora initially show
signs such as small leaves, sparse foliage, and stunted growth. Infected trees can
deteriorate over several years or rapidly within the same growing season.
Phytophthora pathogens can remain in the soil for extended periods, becoming active
during periods of moisture and moderate temperatures. (Wiesman, 2009).

Conventional techniques like visual inspection and manual sampling for identifying
crop diseases are often laborious and time-intensive, posing challenges for large-scale
monitoring (Latif, 2019). Nonetheless, recent progress in remote sensing, notably the
utilization of multispectral drone imagery, has demonstrated significant results in the
early detection and forecasting of crop diseases (Li et al., 2022). These drone images
offer high-resolution and multi-temporal data, capable of capturing nuanced variations
in plant health, thereby enabling precise and timely disease detection (Maimaitijiang
et al., 2020). The integration of Unmanned Aerial Vehicle (UAV) remote sensing
approaches with deep learning techniques presents an innovative solution (Musci et
al., 2020). UAVs equipped with remote sensing technologies offer a high spatial and
spectral resolution capability that can significantly enhance the speed and efficiency
of disease detection in large orchards (Jay et al., 2019). The advantages of using
UAVs in conjunction with deep learning methodologies, such as ResNet-101, lie in
their ability to extract significant features (Shabhi et al., 2023).

Typical techniques employed in remote sensing to monitor crop diseases include:
vegetation indices and machine learning to classify diseased fruit trees. Hyperspectral
imaging sensors mounted on a UAV can accurately detect citrus canker disease using
vegetation indices. One example is the Modified Chlorophyll Absorption in Reflectance
Index (Abdulridha et al., 2019). Citrus canker and Phytophthora root rot are both
diseases that affect citrus trees and can lead to significant economic losses for citrus
growers. Despite affecting different parts of the tree and being caused by different
pathogens (bacteria for citrus canker and Phytophthora fungi for root rot), they share
the similar symptoms. While the symptoms may manifest differently due to the nature
of the pathogens involved, both diseases can cause visible signs of distress in citrus
trees. These symptoms may include leaf yellowing, defoliation, twig dieback, and
overall decline in tree health (Bock et al., 2009). The research by Abdulridha et al.



(2019) demonstrated that machine learning algorithms such as radial basis function
(RBF) and K nearest neighbour (KNN) can achieve over 90% classification accuracy
for identifying canker infected fruit trees, when using hyperspectral UAV based
imagery (Abdulridha et al., 2019). A similar machine learning approach has been used
by Dadras Javan et al. (2019), where multispectral images was used to detect
greening disease in citrus trees. Five bands were captured; red, green, blue, red-edge
and near-infrared (NIR). Sixteen vegetation indices were generated and fed into a
support vector machine (SVM) model to classify the UAV images. This was done in
two steps; the first classified trees from non-tree objects and the second classified
healthy and diseased trees. The overall classification accuracy was 81.75% for the
SVM model (Dadras Javan et al., 2019).

Deep learning, a subset of machine learning has also become a popular option when
selecting a model for a UAV based dataset. A study by Osco et al. (2021)
demonstrated the efficacy of several pixelwise methods such as fully convolutional
network and U-Net to accurately segment citrus orchards using a multispectral UAV
dataset. An F1 score of 94% was achieved in this study, which shows impressive
results for deep learning methods (Osco et al., 2021).

There is a large need for monitoring and detecting diseases within lemon orchards in
South Africa due to the large farmland dedicated to growing this crop. The earlier the
disease is picked up, the sooner treatment can be applied. Phytophthora root rot is a
common lemon tree disease in Limpopo, a regional boundary within South Africa
(Meitz-Hopkins et al., 2014). This early intervention can mitigate against the further
spread and damage to the tree and thereby reducing losses in yield, ultimately
boosting revenue for the farmer (Peng et al., 2022). Furthermore, understanding the
spatial distribution of the detected disease aids farmers in making informed economic
decisions regarding the implementation of disease management strategies (Meitz-
Hopkins et al., 2014).

This research attempts to leverage the advantages of UAV remote sensing coupled
with deep learning to investigate the performance of the ResNet-101 model to
accurately identify Phytophthora root rot in a lemon orchard. Doing so contributes to
the advancement of precision agriculture but also to the sustainable management of
citrus orchards by minimizing the impact of this devastating pathogen.

1.2.Problem Statement

Citrus tree root rot, a serious Phytophthora disease, poses a significant challenge in
key citrus-producing provinces in South Africa, including Limpopo, Mpumalanga, and
Western and Eastern Cape (Van Der Merwe, 2020). The prevalence of Phytophthora
root rot in Limpopo is a major concern, though specific statistics for South Africa are
not available. A survey in Texas, USA, showed root rot symptoms in 33.7% of trees
across 37 orchards (Chaudhary et al., 2020).

Phytophthora species have a destructive impact on citrus production, particularly
affecting lemon trees by damaging the root system and causing a decline in health
and productivity (Meitz-Hopkins et al., 2014; Anas Fadli et al., 2022). Symptoms
include yellowing leaves, leaf drop, and feeder root destruction, leading to stunted
growth and reduced yields (Pest Management Guidelines, 2019). Current detection
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methods are labour-intensive, time-consuming, and prone to human error (Field
Diagnosis and Management of Phytophthora Diseases, 2018), demanding improved
monitoring systems. A field-based detection method by Gaikwad et al. (2023) showed
promise but was limited to small orchards. Remote sensing, particularly multispectral
UAV imaging, offers advantages such as rapid area analysis and tracking temporal
changes. Deep learning approaches can extract intricate features from UAV images
for precise insights (Marcato Junior et al., 2021). However, these methods require
substantial processing power (Wang et al., 2019).

Farmers need high spatial and temporal resolution data to manage disease outbreaks.
While satellite remote sensing provides high temporal resolution, it lacks the spatial
resolution of UAVs (Dube and Mutanga, 2015; Li et al., 2015). UAVs offer near real-
time data acquisition, high accuracy, and affordability, making them ideal for detailed
disease detection (Yue et al., 2012; Garza et al., 2020; Trajkovski et al., 2020). Existing
deep learning models like U-net and Resnet have been used for disease detection in
various crops (Shahi et al., 2023; Kouadio et al., 2023), but research on detecting
Phytophthora root rot in lemon trees in Limpopo using multispectral UAVS is limited.

Addressing these gaps can advance remote sensing in agriculture, enabling effective
disease prediction and management, leading to healthier crops and increased yields.

1.3.The Aim of the Study

The main research aim is to detect disease in citrus trees using multispectral UAV
data and deep learning algorithm.

This was achieved through the research objectives:

I.  Determine if there is a statistical significant difference in the average pixel value
between healthy and diseased lemon trees, across each reflectance band
captured by the UAV sensor using the appropriate f-tests and t-tests.

II.  Examine the effectiveness of the ResNet-101 deep learning model in accurately
predicting the disease status of lemon trees based on multispectral data.

lll.  Investigate the spatial distribution of the diseased lemon trees.

1.4.Research Report Outline

This report is comprised of five main chapters. The first chapter gives a brief
introduction, offering an overview of the study, its objectives, problem statement, and
aim of the report. In the second chapter, a literature review is presented, which
explores previous research pertinent to the study. This section also explores scientific
literature on Phytophthora root rot within South Africa, as well as how fruit tree
diseases are mapped globally. In the third chapter, a comprehensive description of
the technigues and methods employed to achieve the specific objectives is provided.
This includes an overview of the study area, and insights into data collection,
processing, and analysis. The fourth chapter presents the primary findings derived
from the study, while the fifth chapter engages in a discussion which compares the
results for these findings, to existing research. Lastly, the sixth chapter provides the
main findings, acknowledges existing limitations, and offers recommendations for
similar research endeavours.
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Chapter 2: Literature Review

2.1. Background of Phytophthora Root Rot

Phytophthora root rot is a devastating disease that affects a wide range of trees,
caused by various Phytophthora species. This disease is particularly destructive as it
can lead to the death of infected trees by spreading through the roots (Meitz-Hopkins
et al., 2014). Erwin and Ribeiro's (1996) comprehensive work also provides insights
into the biology and management of Phytophthora diseases, forming a foundational
understanding of the challenges faced by citrus growers. The three common species
of Phytophthora are P. infestons, P. cinnamomi, and P. palmivora have originated in
different locations. P. infestons have originated from Mexico, P. cinnamomi is thought
to have originated from New Guinea, Indonesia and South Africa. P. palmivora has a
possible origin from South America (Zentmyer, 1988). Phytophthora root rot thrives in
wet and poorly drained soil conditions, making it a significant threat to various plant
and tree species. The disease is primarily caused by soil-borne microorganisms
known as Phytophthora species (Savita and Nagpal, 2012). These pathogens produce
spores that can move through water, infecting fine roots initially and progressing to
larger roots, and the stem of the plant under favourable conditions (Graham, 2013).

2.2. Phytophthora Root Rot Symptoms

Initial symptoms of Phytophthora root rot include wilting, yellowing and sparse foliage.
In trees, foliage may change from vibrant green to brown (Ramirez-Gil et al., 2017).
Signs of Phytophthora root rot encompass root necrosis, stunted growth, and
persistent wilting (Mestas, 2018). Examination below the surface may reveal a poor
root system with rotted fine feeder roots and decayed larger roots. The internal roots
may appear black or brown, indicating infection by Phytophthora (Salgadoe et al.,
2018). Distinguishing the disease from flooding damage or nematodes can be
challenging, often needing laboratory analysis for accurate identification. (Joubert and
Labuschagne, 1998). In the later stages of infection, the rate of root death surpasses
the production of new roots. Consequently, the tree struggles to sustain sufficient
water and mineral uptake, as well as nutrient stores, which are depleted due to
repeated severe fungal attacks (Savita and Nagpal, 2012). As a consequence, fruit
size and production diminish, accompanied by leaf loss and twig dieback within the
canopy (Savita and Nagpal, 2012).

2.3. Factors Influencing Phytophthora Root Rot Spread

Phytophthora root rot, caused by various Phytophthora spp., is influenced by multiple
factors that impact the virulence and spread of the pathogen within trees. The duration
of soil saturation is a factor which significantly influences the development and spread
of Phytophthora root rot. Excessive soil moisture, paired with temperatures between
25 °C — 30 °C, creates favourable conditions for disease progression (Giachero et al.,
2022).

A review by Savita and Nagpal (2012), highlight the following ways in which

Phytophthora spp. are spread. The main way Phytophthora spp. spread in citrus
orchards is through infected nursery plants. Alternatively, these species spread
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through various means: roots in the solil, surface water, splashing water from the
ground onto the plant, and through the air from infected parts of the plant. Variations
in pathogen strain and species can impact the severity and spread of Phytophthora
root rot. Understanding the genetic traits of the pathogen is crucial for effective disease
management strategies (Barchenger et al., 2023).

Savita and Nagpal (2012) also mentions that even if there are no signs of disease, the
pathogen can still be in the soil or roots. It can also be carried in the soil on equipment
like vehicles moving from infected to non-infected areas. When the soil dries, the
number of pathogens goes down, which makes spreading less likely. Irrigation water
can also move the pathogen around, especially in places that use furrow or flood
irrigation (Savita and Nagpal, 2012). Rainwater can carry the fungus away from the
orchard when it drains. In places with irrigated citrus, problems can be worse when
water runoff carries the pathogen into canals or ponds, which then spreads to other
areas. Wind isn't a big factor in spreading Phytophthora spp., but soil blown by the
wind can carry contaminated soil in areas that was free of the pathogen (Savita and
Nagpal, 2012). Rain carried by the wind can also spread spores produced on the
surface of the plant. Different environmental factors, like weather, also affect how
diseases develop, the severity and how the pathogen spreads and survives (Savita
and Nagpal, 2012).

Implementing preventative farming measures like avoiding planting in previously
affected areas, maintaining proper soil drainage and avoiding over watering the base
of trees through automated irrigation systems can help manage Phytophthora root rot
(Giachero et al., 2022). Soil factors, such as compaction caused by the use of heavy
farming equipment, can affect tree growth and root development, increasing the
likelihood of Phytophthora root rot (Joubert and Labuschagne, 1998). Abiotic
stressors, like root asphyxiation, mineral disorders, and phytotoxicity, can further
impact the health of roots and further progress Phytophthora root rot (Swart, 2018).
The presence of insect pests like citrus root weevil can exacerbate the disease by
wounding the roots, providing entry points for the pathogen (Swart, 2018). The
application of fungicides can aid in controlling Phytophthora diseases in plants.
Preventive fungicide sprays have shown high efficacy in managing Phytophthora rot
(Chaudhary et al., 2020). Management strategies for Phytophthora root rot in citrus
trees also include irrigation management, and by using resistant rootstocks (Joubert
and Labuschagne, 1998).

2.4. Phytophthora Root Rot Impacts in South Africa

Phytophthora root rot has a significant impact on citrus trees in South Africa, causing
severe damage and affecting the overall health of the trees. The disease is particularly
severe in South Africa due to the high soil temperatures and excessive moisture
received via summer rainfall, which favours the growth and spread of Phytophthora
species (Nagle et al., 2013). Africans rely on agriculture, therefore plant diseases
could interfere with the livelihood of a large number of the population and commercial
business who grow and export crops as a source of income. Late disease detection
cause by Phytophthora may result in total loss of the crop or orchard (Nagle et al.,
2013). In South Africa, it is estimated that 10% of the annual gross value of avocados
is lost due to root rot caused by P. cinnamomi (Nagle et al., 2013).
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Phytophthora significantly impacts the socio-economic landscape of African countries
and their inhabitants, particularly South Africa and its province Limpopo. Notably,
agricultural losses due to pathogens like P. infestans have a profound effect on potato
and tomato yields (Abdulridha et al., 2020). The devastating impact of Black pod
disease on cacao production, particularly in Africa, the largest producer, further
exacerbates economic challenges. This disease directly affects resource-poor farmers
who rely on cacao as a primary source of income. Additionally, avocado production
faces severe setbacks due to P. cinnamomi, resulting in substantial economic losses
for farmers (Nagle et al., 2013).

2.5. Mapping Disease in Fruit Trees

2.5.1. Multispectral and Hyperspectral Data

The integration of UAV-based remote sensing provides high-resolution spatial and
spectral data that is important in disease detection. Sankaran et al. (2015) emphasizes
the potential of UAVs in monitoring plant health, and the focus on multispectral data
by Mahlein (2016) highlights its significance in capturing subtle physiological changes
in plants. The data and insight offered by multispectral UAV data beyond the visible
spectrum becomes particularly relevant for the analysis of plant health. The additional
spectral information allows for a more complex analysis of citrus tree health, enabling
the early identification of Phytophthora root rot.

A novel remote sensing technique was developed by Abdulridha et al. (2019) to
identify citrus canker under laboratory conditions and subsequently validated in the
field using a UAV. In the lab, a hyperspectral imaging system, which covers
wavelengths from 400 to 1000 nm, was used to spot citrus canker at three different
stages of the disease on Sugar Belle leaves and young fruit. To do this, two methods
were used to classify the data namely RBF and KNN. The same imaging system, when
mounted on a UAV, was also used to spot citrus canker on tree canopies in the
orchard. The results showed that the RBF method had better overall accuracy in
classifying canker presence in leaves at the three disease stages (94%, 96%, and
100%) compared to the KNN method (94%, 95%, and 96%) (Abdulridha et al., 2019).

Moriya et al. (2021) utilized hyperspectral remote sensing images taken by UAVs to
detect citrus gummosis disease caused by the fungus Phytophthora spp.,
demonstrating effective disease mapping capabilities. The classification maps were
produced by training a supervised machine learning algorithm called Spectral Angle
Mapper (SAM) to indicate the health status of citrus plants. The model achieved an
accuracy of 79% using multispectral data and 94% using all 25 bands of the
hyperspectral sensor (Moriya et al., 2021).

Moreover, Fletcher et al. (2001) investigated the effectiveness of airborne digital
imaging, particularly colour-infrared (CIR) imagery, in identifying Phytophthora foot rot
infection in citrus trees, which poses a substantial threat to the citrus industry in the
Lower Rio Grande Valley in Texas, USA. By examining symptoms such as leaf
yellowing and canopy defoliation, the study utilized both aerial imagery and ground-
based spectroradiometric measurements to differentiate between healthy and infected
trees (Fletcher et al.,, 2001). Results showed that CIR imagery successfully
distinguished between healthy and infected trees. The significance of differences
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between the means of healthy and infected trees for each of the captured wavelengths
measured by the spectroradiometer was assessed using the unpaired Student's t-test
(Fletcher et al., 2001). Furthermore, differences in NIR spectral reflectance indicated
promising potential for digital imaging in promptly assessing foot rot-infected citrus
trees in real-time field scenarios (Fletcher et al., 2001).

Extensive research has focused on studying the spectral characteristics of the red-
edge concerning the differentiation of healthy and diseased lemon trees. Studies
indicate that the analysis of airborne hyperspectral signatures, specifically employing
red-edge position technology, proves effective in identifying diseases such as citrus
greening within affected tree canopies (Li et al., 2012).

2.5.2. UAV and Airborne Resolution

The integration of remote sensing, particularly through UAVs, has transformed
agriculture by providing high-resolution spatial data. UAV-based remote sensing is
invaluable for disease detection in trees, capturing detailed information not discernible
through traditional methods. Sankaran et al. (2013) discussed the use of UAVs in
agriculture, emphasizing their potential for monitoring plant health. The ability of
remote sensing to capture multispectral data enhances its utility in detecting subtle
changes associated with diseases in citrus trees (Garcia-Ruiz et al., 2013). High-
resolution imagery like Quickbird, SPOT, and IKONOS is costly, while medium-
resolution imagery with revisiting periods of 16 days may not provide high-quality data
in time for continuous fruit tree monitoring (Zhou et al., 2022).

In a study conducted by Garza et al. (2020) on a grapefruit orchard affected by
Huanglongbing (HLB) and Phytophthora foot and root rot, a UAV equipped with an
RGB camera was employed to evaluate citrus health. Triangular greenness index
(TGI) images generated from the UAV data were correlated with various field
measurements, including tree nutrient status, leaf area, foot rot severity, and HLB
presence (Garza et al., 2020). Results indicated that 61% of the TGl differences could
be attributed to factors such as sodium, iron, foot rot, calcium, and potassium. This
study underscores the potential of UAVs with RGB cameras for monitoring diseased
citrus trees, with TGI serving as a valuable tool for highlighting variations in tree health
resulting from multiple diseases (Garza et al., 2020).

Moreover, the accuracy of distinguishing between citrus groves infected with HLB and
healthy samples exceeded 90% when employing a straightforward red edge position
threshold method on the ground reflectance datasets. This held true regardless of
whether the measurements were conducted in the field or indoors (Li et al., 2012).
However, this method proved less effective with hyperspectral airborne images due to
their lower spatial resolution. In contrast, SVM analysis emerged as a viable solution
and adaptable approach for constructing a mask to delineate tree canopies (Li et al.,
2012). Furthermore, Zarco-Tejada et al. (2018) has leveraged the temporal aspect of
red-edge spectral indices, including Normalised Difference Vegetation Index (NDVI)
and Transformed Chlorophyll Absorption Ratio Index (TCARI) normalized by the Soil
Adjusted Vegetation Index (OSAVI) to assess the structural and pigment-related
alterations in trees over time. Through the comparison of these indices, with a high
temporal resolution, analysts can ascertain whether a tree crown is experiencing a
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gradual decline or sustaining a healthy state, thereby offering valuable insights into
the overall health status of trees (Zarco-Tejada et al., 2018).

2.5.3. Image Processing and Analysis Methods

The importance of pre-processing of multispectral orthomosaic data cannot be
overstated. Valerio Giuffrida et al. (2022) highlighted the tasks involved in pre-
processing, such as radiometric calibration, atmospheric and geometric correction.
These steps are vital to ensure the reliability of the data for analysis and directly impact
the accuracy of disease classification. Jay et al. (2019) discussed the importance of
pre-processing in remote sensing applications and its impact on data quality. The
accuracy of disease classification is influenced by the quality of input data, making
pre-processing an essential step in the workflow (Jay et al., 2019).

Statistical analyses such as the t-test for two samples and the f-test for variances play
a crucial role in assessing the statistical significance of differences between datasets
(Mishra et al., 2019). In the context of this study these statistical tests provide possible
spectral separability between the different crop health conditions. The t-test is
particularly relevant when comparing means of two independent samples, such as
evaluating the performance of disease detection models in different scenarios.
Meanwhile, the f-test aids in determining if the variances of two datasets are
significantly different, which is essential in understanding the data collected (Mishra et
al., 2019).

A statistical analysis can also be performed with JMP 13.0.0 (JMP LLC, USA) to
explore the relationship between UAV image and field data (Garza et al., 2020).
Specifically, a multivariate correlation function within JMP was employed to establish
pairwise and higher-order relationships among nutrient concentrations, physiological
parameters, and TGl (Garza et al., 2020). To discern statistical differences between
disease classifications, nutrient status, and TGI for each measured factor, a full
factorial analysis was conducted, with mean separation determined using the
Student's t-test (p < 0.05) (Garza et al., 2020).

2.5.4. Deep Learning for Detecting Disease in Fruit Trees

Deep learning models have revolutionized image classification tasks in agriculture,
offering unprecedented capabilities in various applications, from crop monitoring to
disease detection. ResNet-101, a deep convolutional residual neural network
architecture, has gained prominence for its ability to learn intricate features from
images (He et al., 2015). He et al. (2015) introduced the ResNet architecture,
emphasizing its deep residual learning approach. This architecture has been
successfully employed in diverse domains, including plant disease classification.
Liakos et al. (2018) discussed the application of deep learning in agriculture,
highlighting its potential for advancing precision farming practices and addressing
challenges in crop management.

The review by Liakos et al. (2018) highlights the potential of deep learning in advancing
precision farming practices. The application of ResNet-101 in plant disease
classification, as demonstrated by Mohanty et al. (2016), highlights its ability to
differentiate subtle visuals indicative of diseases, offering an approach for early and
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accurate detection. Deep learning models offer a promising avenue for the detection
process, which can be incorporated into the disease management strategies (Deng et
al., 2020). Furthermore, the use of deep learning algorithms in conjunction with UAVs
has enabled the detection of various diseases and pests in fruit trees with high
accuracy. For example, studies on orchard monitoring demonstrated successful
disease detection outcomes, such as identifying infected or diseased trees, which had
citrus bacterial canker in different disease development stages (Popescu et al., 2023).
These applications have shown promising results in terms of accuracy, with detection
rates ranging from 81.67% to 100% for different diseases (Popescu et al., 2023).

Sarkar et al.’s (2016) study on citrus greening using UAV mounted sensors, which
employed machine learning models to distinguish between healthy and infected leaves
of orange trees, achieved validation accuracies as high as 93%. These models
included linear and standard gaussian SVM.

2.5.5. Limitation of Remote Sensing for Detecting Disease in Fruit Trees and
Research Gaps

Research gaps exist in data fusion techniques, which play a vital role in integrating
data from multiple sensors to enhance disease detection capabilities in crops and fruit
trees (Jafarbiglu and Pourreza, 2022). Further research is needed to enhance feature
extraction methods to improve the identification and differentiation of disease
symptoms in fruit trees using remote sensing technologies (Jafarbiglu and Pourreza,
2022). There are research gaps in sensor calibration methodologies, which is crucial
for ensuring the accuracy and reliability of remote sensing data for disease detection
in fruit trees (Jafarbiglu and Pourreza, 2022). Simply analysing changes in spectral
reflectance and vegetation indices may not be sufficient to accurately classify fruit tree
healthy status, especially when dealing with complex planting structures and uneven
orchards (Zhou et al., 2022).

The current literature offers valuable insights into deep learning applications for
disease detection in plants, including citrus trees. While the sources focus on citrus
pests and diseases, there is no specific mention of remote sensing approaches
identifying Phytophthora spp. in lemon trees. The studies demonstrate the success of
deep learning models in classifying citrus pests and diseases, showcasing the
potential of artificial intelligence in agriculture. Therefore, there is a need to evaluate
deep learning methods related to Phytophthora in lemon trees. Further research
focusing on this particular disease and citrus is necessary. The existing studies lay a
foundation for utilizing deep learning techniques in plant disease detection, including
citrus diseases, and highlight the importance of advanced technologies in enhancing
agricultural practices.
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Chapter 3: Methods

3.1.Study Area

The study area is a lemon farm located in Marble Hall, Limpopo, South Africa. The
coordinates of the study area are 25.086287 S and 29.204630 E. This region is
characterized by its vast agricultural landscape, with a significant presence of lemon
orchards. The selection of Marble Hall was influenced by the prevalence of root rot in
lemon trees, a condition that poses a substantial threat to citrus production in the area.
The region exhibits a semi-arid climate and lies within the summer rainfall zone, where
average daily high temperatures surpass 23 °C in winter (June to August) and 29 °C
in summer (December to February). The average annual precipitation is approximately
635 millimetres (Maponya and Mpandeli, 2012). Furthermore, the 12.5 ha spatial
extent of the study area (field F7) in Figure 1 is mostly flat terrain.

The study covers a specific portion of Marble Hall. EI Sundew, a company which
supplies most of the lemons and oranges to South African grocery stores was chosen
as the study area due to access and disease presence in their lemon tree field. A few
trees within field F7 were carefully inspected for root rot caused by phytophthora,
which is the common disease identified yearly in this field (Jaouad et al., 2020). This
area was chosen due to the known occurrence of root rot, making it an ideal site to
investigate and develop a model for early detection. Root rot is a common disease
affecting citrus trees globally, causing significant economic losses. Understanding its
spread and identifying affected trees quickly can aid in implementing targeted
management strategies.

Lemon trees thrive in warm temperatures, but extreme heat or cold stress can weaken
the trees, making them susceptible to diseases like root rot (Jaouad et al., 2020). Root
rot is associated with excessive soil moisture and poor drainage which creates a
favourable environment for the spread of root rot pathogens (Jaouad et al., 2020).
High humidity can contribute to the spread of fungal diseases, including root rot.
Proper ventilation and spacing between trees can help reduce humidity levels (Jaouad
et al., 2020).

The farm incorporates the following agricultural practices. An automated irrigation
system that delivers water to the base of each individual tree. This system applies a
fixed amount of water at fixed time intervals throughout the day. However, there is no
soil moisture sensor, which can increase the risk of over or under-irrigation as the
climatic conditions vary day to day. Pesticides and fungicides are manually sprayed
onto the trees row by row every two weeks. The lemon trees are planted three metres
apart to promote good air circulation. Root rot is often caused by pathogens in the soil,
such as Phytophthora spp. (Nagle et al., 2013). These pathogens may be dormant in
the soil, waiting for favourable conditions to infect tree roots. Once infected, the roots
may rot, leading to symptoms like wilting and yellowing of leaves. This ultimately
results in the tree’s decline. The farm removes infected trees, making sure to remove
the roots entirely and replants a new tree in the same position. However, there still
remains a risk that the pathogens remain in the soil which can infect the newly planted
tree (Savita and Nagpal, 2012).
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Figure 1: Map of South Africa showing the provincial boundaries as well as the location of field F7 within Marble
Hall in the Limpopo province. Map of field F7 showing a high resolution RGB orthomosaic (4cm) acquired from the
UAV.

Root rotis typically caused by pathogenic fungi in the soil, exacerbated by factors such
as poor drainage, overwatering, and suboptimal soil conditions. In the Marble Hall
region, the disease's prevalence may be influenced by a combination of climate, soil
composition, and agricultural practices (Jaouad et al., 2020).

3.2.1dentifying Root Rot Symptoms

The following symptoms were observed in field F7 and identified as being caused by
root rot using a visual inspection with the expertise of the agricultural manager at the
farm. Visual inspection of the lemon tree canopies were conducted. Inspection of the
tree trunks near the ground for areas of dead or damaged bark, commonly referred to
as cankers, provided evidence of root rot affecting the lower parts of the tree. The
presence of yellow leaves, particularly in the lower canopy, was a sign of reduced
vitality. A noticeable reduction in the number of leaves and canopy thinning was
observed on trees with root rot. Trees with a root rot infection, exhibited stunted growth
characteristics such as thin, underdeveloped trunks and smaller canopy volume
(Jaouad et al., 2020). The following images show examples of the symptoms that were
observed on trees that were labelled as having root rot within the samples collected.
Trees which did not exhibit these symptoms, were labelled as healthy.

El Sundew, the farm which manages the lemon orchards performs regular soil
analyses to determine the pathogens responsible for the symptoms observed. The lab
results for the 2023 growing season confirm that the pathogen responsible for the
symptoms was Phytophthora.
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Figure 2: Photograph showing a lemon tree infected with root rot showing symptoms of cankers surrounding the
trunk

TS,

Figure 3: hogrph showng a declining lemon tree infected with root rot showing symptoms of yellow leaves and
noticeable leaf drop and sparse foliage.
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Figure 4: Photogrph showing a healthy lemon with a dense canopy showing no visible symptoms of root rot
infection.

Table 1: Summarising the common symptoms caused by Phytophthora root rot in lemon trees

Symptom Description

Yellowing leaves Lack of vitality and yellow leaves in lower canopy

Leaf drop Reduction in foliage and canopy thinning

Stunted growth Diseased tree may have shorter branches, smaller leaves
and trunks compared to healthy trees

Wilting Root rot affects the ability of the tree to absorb water and
nutrients, leading to dehydration

Cankers Dead or damaged bark near the ground

Root decay Discoloured and foul odour when roots dug up

3.3.Data Acquisition

3.3.1. UAV and Sensor Information

Data collection involved the use of a UAV platform (DJI Matrice 300) equipped with a
MicaSense RedEdge-P sensor. The UAV provided high-resolution imagery, and the
sensor captured data in multiple spectral bands (red, green, blue, red edge, and near-
infrared), enhancing the ability to detect subtle variations in plant health (Dash et al.,
2017). This sensor also features a high resolution panchromatic band, which was
applied to each band individually to pan sharpen, which increases their resolution and
clarity (Jenerowicz and Woroszkiewicz, 2016). Pan sharpening is part of the pre-
processing workflow. The multispectral sensors have a resolution of 1.58 MP and the
panchromatic sensor has a resolution of 5.1 MP, this results in the multispectral
sensors having approximately half the GSD at any given height when compared to the
panchromatic sensor. The centre, bandwidth and GSD of each band recorded by the
sensors are shown in Table 2:
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Table 2: Showing the centre, bandwidth and GSD for each band captured by the Micasense RedEdge-P sensor
(MicaSense Knowledge Base, 2021)

Bands Centre [Bandwidth |GSD at 120 m
(nm) (nm) (cm)

B1 - Blue 475 32 7.7

B2 - Green 560 27 7.7

B3 - Red 668 16 7.7

B4 - Red edge 717 12 7.7

B5 - Near infrared |842 57 7.7

B6 - Panchromatic |634.5 463 3.98

Additionally, the global navigation satellite system (GNSS) on the UAV recorded GPS
coordinates for each captured image, facilitating the geotagging of raw images. The
UAV platform had Real Time Kinematics (RTK) enabled and utilised the DJI GNSS-
RTK base station to accurately correct in real time the position (X, y and z axis) of the
images captured by the UAV. The UAV sensor was placed over calibrated reflectance
panels before each flight to accurately calibrate the sensor to ensure accurate surface
reflectance values while utilising the additional sunlight sensor connected to the
MicaSense RedEdge-P. Accurate surface reflection data can be expected and is
important to capture small deviations in the trees spectral signatures.

UAV data was preferred over freely available Sentinel or other satellite data due to its
higher spatial resolution, flexibility in flight planning, and the ability to capture specific
areas of interest in a timely manner. This level of detail is crucial for accurately
identifying and monitoring individual lemon trees affected by root rot (Padua et al.,
2020). One major advantage of UAV data is that it is not sensitive to cloud cover and
additional atmospheric correction during the pre-processing stages is not required (Fei
et al., 2022). This UAV based remote sensing approach allows for mapping of large
areas per flight while enabling detection of early disease in trees that could have been
missed by manual field scouting. Therefore, this approach allows for timely, efficient
and less laborious mapping when compared to manually inspecting each tree in the
field (Gunder et al., 2022).

3.3.2. Flight Plan Settings

The DJI Pilot 2 app, installed on the DJI smart transmitter was used to plan the flights
and used for real time flight management. The UAV flights were planned to cover the
designated field, with appropriate overlap (75% horizontal and 75% vertical) to ensure
sufficient coverage. Flight planning parameters included an altitude of 120 m above
ground, flight speed of 15 m/s. The camera angle was set to 90 degrees also known
as nadir. The flights were conducted on the 3™ of October 2023 between 12 pm and 2
pm ensuring optimal weather conditions for image capture. There was no cloud cover
and full sun shine.

Overlapping imagery is crucial for creating accurate and detailed maps of the surveyed
area. A higher overlap (75%) ensures that each area is captured from multiple
perspectives, minimizing the risk of information gaps or inconsistencies in the dataset.
Studies completed by Dandois et al., (2015) have shown that a high overlap improves
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the accuracy of image stitching and 3D reconstruction, essential for precise analysis
of plant health.

An altitude of 120 meters provided a good balance between achieving a sufficient
ground resolution and covering a larger area per image, thus reducing the total number
of images needed for complete coverage. This enhances the efficiency of data
collection and processing. According to research by Anderson and Gaston, (2013) the
choice of altitude significantly influences the resolution of remotely sensed data, and
an altitude of 120 meters is often considered optimal for capturing detailed information
for precision agriculture. A moderate flight speed of 15 meters per second allows for
efficient data acquisition without compromising image quality. It balanced the need for
fast coverage with the requirement for high resolution imagery. Research by Maes and
Steppe, (2019) suggests that a moderate flight speed is suitable for obtaining accurate
and reliable data, especially when dealing with unpredictable environmental conditions
like wind. A moderate flight speed during image capture also minimises the risk of
image distortions.

3.4.Ground Truth Data Collection

A handheld GPS device (Garmin eTrex 20) was utilized to record the precise
geographic locations of the healthy and root rot infested trees within the designated
rows. This ground truth dataset serves as the basis for training, validating and testing
the ResNet-101 deep learning model. Trees were visually inspected for root rot
symptoms with the aid of the agricultural expert on site. Trees which exhibited at least
one of the symptoms were labelled as root rot. This was the approach taken in the
study by Casady and Palm, (2002) on remote sensing and ground truth procedures.
Trees which did not show any visible symptoms were labelled as healthy. In total 46
samples were collected for root rot infested trees and 46 samples were collected for
healthy trees. The samples were randomly distributed throughout the field.

An equal number of samples were collected for both root rot and healthy trees. This
balance is crucial for statistical comparisons and minimizing biases in the analysis. A
total of 36 samples were randomly selected from each group to form the training
dataset. The remaining 10 samples in each group was used as the test dataset. This
created an approximate 80/20 percentage split for the training and test datasets. This
resulted in a total of 72 samples in the training set and 20 samples in the test set. To
increase the reliability of results, 5-fold stratified cross validation was utilised during
model training.

The point data from the Garmin handheld GPS was visualised in QGIS 3.34.4 LTR
(QGIS Development Team, 2023) and overlayed on top of the processed orthomosaic.
In QGIS, circular polygons were manually created to delineate each tree of interest
and assigned the appropriate class labels. The choice of circular polygons was
preferred over rectangular boxes. When utilizing a box to delineate trees, it results in
a larger area of ground being included in the image, which is undesirable for comparing
the spectral signatures of healthy and root rot-infested trees (Polacek et al., 2022).
The circular shape focuses on the central region of interest, minimizing the inclusion
of irrelevant background information. This can be beneficial when the object of interest
is centrally located within the image, reducing the influence of surrounding context
(Polacek et al., 2022). In this case where the objects to be classified are naturally
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circular, using circular masks helps the model better conform to the inherent shape of
the objects. This can enhance the model's ability to capture and learn relevant
features. Research by Padua et al., (2020) on ink disease in chestnut trees, utilised
individual tree crown detection within the workflow of classifying trees that were
healthy or diseased. This tree crown detection was automated in their research, but
for the purposes of this study, the tree crowns were manually masked for training
purposes. This was repeated for all 46 healthy and 46 root rot infested samples and
each mask was assigned the corresponding class.

Opting for circular polygons is advantageous because, compared to a box shape
encompassing the same tree, there are fewer pixels within the polygon (Polacek et al.,
2022). This reduction in pixels allows for more effective feature extraction in deep
learning models, as reshaping the image tile to fit the model's input size leads to less
loss of information (Polacek et al., 2022). Figure 5 shows an example of one healthy
and one root rot infested tree.
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Figure 5: Orthomosaic showing an extract of the masks manually created to delineate the trees in the training and
test datasets which were used for model training and testing.

3.5. Pre-Processing of UAV Images

Pre-processing of the UAV images involved orthorectification, which is the process of
removing image distortions such as sensor tilt and topographic relief when stitching
the images together to create an orthomosaic (Habib et al., 2016). UAV images often
exhibit geometric distortions due to variations in terrain and the flight path of the drone.
Orthorectification corrects these distortions, ensuring that the image is georeferenced
accurately (Habib et al., 2016). This spatial accuracy is essential for precise
identification and mapping of disease patterns in the field. Radiometric calibration
standardizes the pixel values across different images, accounting for variations in
illumination conditions during UAV flights. This step is crucial for ensuring that pixel
values accurately represent the reflectance or radiance of the objects in the scene,
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allowing for consistent analysis (Guo et al., 2019). Radiometrically calibrated images
enable quantitative analysis of spectral information. This is vital for detecting subtle
changes in tree health and identifying disease specific spectral signatures.

These pre-processing steps are crucial for maintaining pixel accuracy and reliability.
Without these pre-processing steps, the resulting orthomosaic may exhibit distortions
in the shape of the trees as well as large errors in the surface reflection across the
orthomosaic, as multiple UAV flights were required (Popescu et al., 2023). Before pan-
sharpening, it's crucial to ensure that the panchromatic and multispectral images are
correctly aligned or registered. Image registration involves geometrically aligning the
pixels of the different image bands using key point matching so that corresponding
features are spatially aligned (Kumar Mishra, 2012). This was performed by the
photogrammetry software Pix4DFields 2.2.2 (Pix4D, Switzerland) . This pre-
processing step is required as it allows for accurate and reliable analysis of the
resulting orthomosaic.

The panchromatic band has a higher spatial resolution compared to the multispectral
bands. The first step of pan-sharpening is to increase the spatial resolution of the
multispectral bands to match that of the panchromatic band (Jenerowicz and
Woroszkiewicz, 2016). This was be done using resampling, which is an interpolation
technique. Various algorithms are used for pan-sharpening, however the method used
by the photogrammetry software Pix4DFields is the Brovey Transform. This
transformation has the advantage of preserving the colour information of the original
multispectral bands, as it aims to maintain the spectral characteristics of the input
multispectral data. The Brovey Transform is relatively simple computationally
compared to some other pan-sharpening methods, making it computationally efficient
(Jenerowicz and Woroszkiewicz, 2016). This method has been used historically in
remote sensing applications and is well-established.

The Brovey Transform is a linear colour normalization method that scales the intensity
values of each multispectral band based on the ratio of the panchromatic band
intensity at each pixel (Jenerowicz and Woroszkiewicz, 2016). Image registration and
pan-sharpening contribute to the construction of a multispectral orthomosaic with
improved spatial and spectral information, enabling more accurate tree classification
(Jenerowicz and Woroszkiewicz, 2016). The bands; red, green, blue, red-edge and
NIR for each UAV image were pansharpened before they were stitched together to
create the orthomosaic using Pix4DFields. The geographic coordinate system used
was WGS 1984, and the projected coordinate system used was WGS 1984
Transverse Mercator. The resulting spatial resolution of the multispectral orthomosaic
was 4 cm. The orthomosaic is now ready for further analysis.

3.6.T-Test and F-Test for Spectral Band Differences

Both the t-test and f-test assume the data within each group is approximately normally
distributed. If the sample sizes are sufficiently large (typically, n > 30), the central limit
theorem often ensures normality. The other assumption is of independence, where
observations within each group should be independent of each other (Mishra et al.,
2019). To determine if there is a significant difference in average mean values
between healthy and diseased lemon trees for each of the five spectral bands
recorded by the MicaSense RedEdge sensor, a t-test for two independent groups was
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employed. This statistical test assesses whether the means of two groups are
significantly different from each other. First an f-test was performed for each of the five
spectral bands to determine if the two groups variances were statistically equal or
unequal as this will determine the correct t-test to use (Gastwirth et al., 2009). The
results of the t-test is presented in a table.

For each spectral band (red, green, blue, red edge and NIR) the mean values for
healthy and diseased tree samples were calculated in the following manner. Each of
the 46 polygons for both classes were used to clip the orthomosaic. Zonal statistics
were calculated for each polygon (sample) using the raster processing tool in QGIS
and exported to Excel (Microsoft Inc., 2020). This included the mean pixel value for
each band in the orthomosaic for each sample. This is plotted in the results section.
The results provide insights into which spectral bands are most indicative of the
presence of root rot in lemon trees using traditional statistical approaches. This
highlights the advantages of deep learning which is able to extract more complex
features of objects within images. Both the t-test and f-test were performed using the
data analysis function in Excel.

This comprehensive evaluation, combining accuracy metrics and statistical tests for
spectral bands, ensures a thorough understanding of the deep learning model's
performance and provides insights into the spectral characteristics associated with
root rot in lemon trees.

3.7.Modelling

3.7.1. Resnet-101 Model Overview

The deep learning model employed in this research is the ResNet-101 architecture,
developed by Microsoft Research in 2015 (He et al., 2015). ResNet, short for Residual
Network, is renowned for its ability to handle complex image recognition tasks.
ResNet-101 specifically consists of 101 layers, utilizing residual connections to
mitigate the vanishing gradient problem (increasing error when training deeper layers),
allowing for a more effective training of deep networks (He et al., 2015). The advantage
of adding this type of skip connection is that if any layer negatively impacts the
performance of the model, it is skipped by a process called regularization. This
process ensures the number of parameters to train the model also remains less than
other common deep neural network architectures (He et al., 2015).

34-layer residual

Figure 6: Diagram showing the structure and layers of the ResNet-34 model, highlighting the residual connections
that are also utilised in the ResNet-101 model (He et al., 2015).

Figure 6 shows the structure of ResNet-34. ResNet-101 structure is similar and
includes more layers. The following layers within the model are described below. In
Figure 7, the initial convolutional layer processes the input images to extract low-level

26



features. The 7x7 kernel size with 64 filters and a stride of two helps capture basic
patterns and structures. Batch normalization normalizes the output of the convolutional
layer, which helps in stabilizing the training process. Non-linearity is introduced
through the rectified linear unit (ReLu) activation function.

ResNet-101 comprises a total of 104 convolutional layers organized into 33
convolutional blocks. Among these blocks, 29 utilize the output of the preceding block
directly through a residual connection. The remaining four blocks take the output of
the previous block, process it through a convolution layer with a filter size of 1x1 and
a stride of one, and then apply a batch normalization layer (Demir et al., 2019). The
global average pooling layer condenses the spatial dimensions of the feature maps
into a single value per feature map. This process aids in decreasing the overall number
of parameters in the network by reducing the size of the image input to the model
(Demir et al., 2019). The classification layer (Softmax) produces the final output
probabilities for different classes. In classification tasks, this layer maps the extracted
features to class probabilities.

ResNet-50 ResNet-lﬂl‘ ResNet-152 |
Input image

convolution 7x7, 64, stride 2

convolution block convolution block  convolution block

1x1,64 1x1,64 I1x1,64
3x3,64 X3 3x3,64 X3 3x3,64(x3
1x1,2 1x1,2 x1,2

convolution block convolution block  convolution block

=M= e

] !
convolution block convolution block  convolution block
1x1,256 1x1,.256 1x1,.256
3x3,256 |x6 3x3,256 [x23 3x3,256 [x36

Ix1,1024 1x1,1024 1x1,1024

3x3,512 3x3,512 3x3,512 [x3
1x1,2048 1x1,2048 1x1,2048
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Classification-Softmax

convolution block convolution block convolution block
Ix1,512 1x1,512 Ix1,512

Figure 7: Structure of the different layers within the ResNet-101 model (He et al., 2015).

3.7.2. Transfer Learning

The upper layers of the model, especially those responsible for task specific
classification, undergo fine tuning on the new dataset. These layers adapt to the
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unique characteristics of the dataset. The ResNet-101 model, originally pretrained on
the large ImageNet dataset consisting of 1 million images (ArcGIS Pro Documentation,
2023), comes with precalculated weights for its three trained channels: red, green, and
blue. However, since the new dataset includes the multispectral channels red-edge
and NIR, random initial weights are assigned to them and adjusted with each training
epoch. Research by Gadiraju and Vatsavai, (2020) has shown promising performance
when selecting randomly initialised weights for deep transfer learning for crop
classification.

In typical transfer learning scenarios, the feature extraction layers, usually lower and
middle layers, are often frozen. This means that the model retains the knowledge
acquired from the extensive ImageNet dataset, and these layers are not updated
during fine-tuning on the smaller dataset. Freezing is beneficial for preserving generic
features from pre-training (Rai and Flores, 2021). However, in this case, the layers
were not frozen, allowing the model to adapt and classify images more precisely. This
decision involves a trade-off in computation time, as estimating more parameters
becomes necessary.

3.7.3. Key Benefits of Transfer Learning

Transfer learning offers several advantages. It accelerates convergence during fine-
tuning since the model begins with weights that already capture useful features.
Generalization is improved because the pre-trained weights assist the model in
adapting better to the new task, even when labelled data is limited. Additionally, there
is a reduced need for annotated data, making transfer learning particularly valuable
when the new dataset is small and lacks sufficient labelled examples (Nowakowski et
al., 2021). Given its success in image classification tasks, especially in agriculture, this
architecture is a suitable choice for identifying root rot in lemon trees within the Marble
Hall region.

3.8.Training Resnet-101 Model

The ResNet-101 model was trained on the pre-processed drone imagery using the
ground truth dataset. Bounding polygons around the lemon trees were manually
created and labelled as healthy or root rot. These labels were used as training labels
for the model. A total of 36 samples for each tree class were used for training, while
the remaining 10 samples for each tree class were set aside for the testing dataset.
Before the model was trained, the bounding polygon surrounding each sampled tree
was used to create an image tile of size 448 by 448 pixels with the appropriate class
label. The training data was stored and organised as follows; the healthy tree labelled
tiles were stored in a separate folder to the root rot tree labelled tiles. The ImageNet
format was used to save the .tif image tiles and corresponding .tfw file. A value of zero
(0) was assigned to root rot tiles and a value of one (1) was assigned to healthy tiles.

Before the tiles were inputted for training they were all resized to 224 by 224 pixels
which is the recommended size for the pretrained ResNet-101 model (He et al., 2015).
Any pixels with no data values were set to zero. The pixels in an image usually range
from 0 — 255 however in this case they were already normalised from the Pix4DFields
software which resulted in each band having a minimum of zero and maximum of one.
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Data augmentation involves artificially expanding the training set by generating
modified versions of the image tiles, particularly when the dataset is limited in size
(Taylor and Nitschke, 2018). The following augmentations were randomly applied to
the image tiles; rotation by 45 degrees, cropping, dihedral affine, brightness, contrast,
and zoom. These augmented image tiles were appended to the original training data
to increase the training sample size.

The training process involved iteratively adjusting the model's parameters to minimize
training and validation losses which resulted in decreasing classification errors with
each epoch (Ghosal et al., 2019). While training the neural network, 10% of the training
data was used as a validation dataset. This allowed one to view the validation error
for each epoch. 100 epochs were used for training. The model’s parameters were
pretrained on the ImageNet dataset. The layers were unfrozen to allow adequate fitting
of the model to the healthy and diseased tree images. The batch size used was eight,
to prevent any memory errors while training. The computer used for training utilised
an AMD Ryzen 7 5700X 8-core CPU and Nvidia GeForce GTX1660 Super 6GB GPU.
The training time took approximately 30 minutes using the GPU for the training. The
training was initially performed on the CPU as a benchmark and took considerably
longer at 6 hours. Therefore, it is recommended to perform deep learning training on
GPU hardware when available (Wang et al., 2019). Subsequently, the trained model
was applied to the test dataset to evaluate its performance in classifying healthy and
root rot infested lemon trees. Stratified 5-fold cross validation was employed to
increase the reliability of the accuracy assessments. The data is presented in the form
of figures and tables including a confusion matrix. The root rot spatial distribution was
investigated for any patterns.

The training and validation loss was graphed in order to evaluate whether the ResNet-
101 model converged during training. Convergence indicates that the model has
stabilised and any further training is unlikely to significantly improve performance. This
is crucial for determining an appropriate stopping point to avoid overfitting (Ghosal et
al., 2019). Monitoring the training and validation loss over epochs provides insights
into the progress of the model during training. A steady decrease in the training and
validation loss suggests that the model is learning from the data. Sudden increases in
the validation loss, while the training loss continues to decrease, may indicate
overfitting. A stable loss indicates that the model generalizes effectively to augmented
data (Ghosal et al., 2019).

This comprehensive methodology ensures the reliability and accuracy of the research
findings, providing a robust framework for the identification of root rot in lemon trees
using multispectral UAV imagery and a deep learning architecture.

3.9. Accuracy Assessment

To assess the classification performance, several accuracy metrics were utilized,
including overall accuracy, recall, precision, and F1 scores. The dataset was split into
approximately 80% for training and 20% for testing. Overall accuracy represents the
ratio of correctly classified samples to the total number of samples across all classes,
with samples derived from the multispectral orthomosaic in this study. Recall,
precision, and F1 scores are computed based on true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN) (Terven et al., 2023). Predicting a
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tree as diseased is regarded as positive, while predicting a tree as healthy is regarded
as negative.

The metrics were calculated as follows for each class:

TP

Recall = 1)
TP+FN
. TP
Precision = (2)
TP+FP
2TP
F1score = —— 3)
2TP+FN+FP
TP+TN
Accuracy = ——— (4)
TP+TN+FP+FN

Recall measures the model's ability to predict a diseased lemon tree when the tree is
diseased. Precision measures the model's ability to correctly identify diseased lemon
trees without misclassifying healthy ones. The F1 score provides a balanced measure
of the model's overall performance. Accuracy offers a general overview of the model's
correctness in its predictions. The above metrics will be calculated using the values
from the test confusion matrix. The test confusion matrix includes all the results from
all five test sets generated by using stratified 5-fold cross validation. Stratified cross
validation was selected to ensure an equal class proportion of healthy and root rot in
each training and test split (T R et al., 2023).

3.10. Spatial Distribution

The spatial distribution of the root rot infestation was assessed by applying the trained
ResNet-101 classification model to each tree in field F7. A similar approach was
employed to detect the bounding polygon of the remaining non sampled trees. For this
object detection task a ResNet-34 architecture was used. The trained model was
applied to the entire orthophoto to detect bounding polygons for each lemon tree in
the field.
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Chapter 4: Results

4.1. Zonal Statistics

The average pixel value within the mask polygons for each tree group is plotted below.
The average values for most of the bands are very similar with a small difference in
the red-edge and NIR bands. Some of the differences can only be seen after the
second decimal place in Figure 8 below.
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Figure 8: Plot showing the mean surface reflectance for the healthy and root rot infested tree groups in the
combined training and test set for each of the five bands captured by the RedEdge-P sensor.

4.2. F-Test: Two-Sample for Variances

In order to perform the t-test, one must perform the f-test to test whether the two groups
(healthy and diseased) of tree populations have equal variances for each of the five
spectral bands. The results of the f-test is shown below in Table 3.

Table 3: Showing the two sided P-values and test conclusion from performing the f-test: two sample for equality of
variances

Spectral band Two sided p-value | Test conclusion
Red 0.012 Unequal variance
Green 0.080 Equal variance
Blue 0.022 Unequal variance
Red-edge 0.529 Equal variance
Near infrared (NIR) | 0.228 Equal variance

From the f-tests, bands red and blue reject the null hypothesis (HO: The two groups
have equal variance) in favour of the alternative hypothesis (H1: The two groups have
unequal variances) at a 5% level of significance. Therefore, there is sufficient evidence
to suggest that the variances differ for the red and blue bands.
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The results show that, bands green, red edge and NIR fail to reject the null hypothesis
at a 5% level of significance. Therefore, there is insufficient evidence to suggest that
the variances differ for these bands.

4.3. T-Test: Two Sample Assuming Unequal Variances

The difference in the mean of the red and blue spectral bands for the two tree groups
were tested using the t-test. The results of the t-test are in Table 4 below.

Table 4: Showing the results of performing the t-test: two sample assuming unequal variances

Spectral band Two sided P-value | Test conclusion
Red 0.352 Equal mean
Blue 0.399 Equal mean

The results show that both the red and blue bands fail to reject the null hypothesis of
equal group means, at a 5% level of significance. Therefore, there is insufficient
evidence to suggest that the two means differ for the red and blue bands.

4.4. T-Test: Two Sample Assuming Equal Variances

The difference in the mean of the remaining spectral bands for the two tree groups
were tested using the t-test. The two sample t-test assuming equal variances uses a
pooled variance for the test statistic. The hypothesised mean difference was tested
equal to zero. The results of the t-test are in Table 5 below.

Table 5: Showing the results of performing the t-test: two sample assuming equal variances

Spectral band Two sided P-value | Test conclusion
Green 0.428 Equal mean
Red-edge 0.356 Equal mean

NIR 0.003 Unegqual mean

The results show that both the green and red-edge bands, fail to reject the null
hypothesis of equal group means, at a 5% level of significance. Therefore, there is
insufficient evidence to suggest that the two means differ for the green and red-edge
bands.

For the NIR band, the null hypothesis was rejected at a 5% level of significance.
Therefore, there is sufficient evidence to suggest that the mean NIR value for the
healthy and diseased trees differ. This is important as is shows that this band can
contribute to the classification of different classes of trees.

45. Confusion Matrix

The trained ResNet-101 deep learning model was fitted to the 10 healthy trees and 10
diseased trees which were kept separate for the test dataset. This was repeated for
each of the five splits in the stratified 5-fold cross validation. The results of the
classification are represented in the Table 6 below.
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Table 6: Confusion matrix showing healthy and root rot predictions for the test set and the calculated true positive,
false positive, true negative and false negative metrics.

Actual
Root rot Healthy
Predicted
Root rot 39 11 50
Healthy 7 35 42
46 46 92

4.6. Accuracy Assessment

The accuracy metrics were calculated using the confusion matrix above. The results
can be seen in Table 7 below.

Table 7: Showing the accuracy assessment for the healthy and root rot classes from the confusion matrix based

on the test datasets.

Class Precision |1 - Precision | Recall 1-Recall |F1 Score | Overall
accuracy

Root rot 0.22 0.85 0.15 0.81 0.80

Healthy 0.17 0.76 0.24 0.80 '

The training and validation loss can be observed to decrease and stabilise after 100
epochs in Figure 9 below.

33




—— Train
17.5 1 —— Validation

15.0 ~

12.5 A

v 10.0 A

7.5 A

5.0 4

2.5 1

VY S T )

T T T T T
0 2000 4000 6000 8000 10000
Batches processed

0.0

Figure 9: Graph showing the stabilisation of the training and validation loss while training ResNet-101 using the
augmented training dataset.

4.7. Spatial Distribution

Figure 10 shows the spatial distribution of all the lemon trees in field F7. Yellow
polygons represent trees with root rot and red polygons represent healthy trees.
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Figure 10: Map (a) showing the predicted spatial distribution for the healthy and root rot infested trees within field
F7, after applying the classification model to each individual tree polygon. Map (b) showing a zoomed in extract of
the map.
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Chapter 5: Discussion

5.1. Spectral Characteristics of Root Rot

The zonal statistics plot presented by Figure 8 offers an insight into the variations in
average surface reflectance across multiple spectral bands for healthy and root rot-
affected lemon trees. The analysis focused on the bands commonly used in remote
sensing applications, namely red, green, blue, red-edge, and NIR.

The average surface reflectance in the red band exhibited very similar values between
healthy and root rot affected lemon trees. Physiological changes occurring in the
lemon tree leaves affected by root rot, are known to alter the chlorophyll content and
overall, increase reflectance in the red region (Park et al., 2023). However, the mean
difference was tested at a 95% level of confidence and was found to be non-significant.
These results can be compared to those published by Fletcher et al. (2001).

Similar to the methods employed in this study, Fletcher et al. (2001) surveyed
grapefruit trees through both aerial imagery and ground-based spectroradiometric
measurements to differentiate between healthy and infected trees. Additionally, the
statistical analysis using the unpaired Student's t-test found the spectroradiometric
readings in the red region, revealed no significant statistical differences between the
healthy and infected trees (Fletcher et al., 2001).

Similar to the red band, the green band reflected significant differences between
healthy and root rot-affected lemon trees. Healthy lemon trees demonstrated a lower
average surface reflectance in the green band. Root rot can cause a reduced
chlorophyll concentration and compromise photosynthetic processes (Park et al.,
2023). However, the mean difference was tested at a 95% level of confidence and was
found to be non-significant. These results can be compared to those by Fletcher et al.
(2001) which found the green spectroradiometric readings revealed no significant
statistical differences between the healthy and infected trees.

The average surface reflectance in the blue band exhibited similar values between
healthy and root rot affected lemon trees, with healthy lemon trees exhibiting lower
average reflectance compared to the root rot sample. The blue band is known to be
sensitive to changes in leaf structure and health (Gitelson et al., 2003). The slightly
increased reflectance in root rot trees suggests potential alterations in leaf
morphology. The mean difference between the two tree groups was tested at a 95%
level of confidence and was found to be non-significant. These results can be
compared to those by Fletcher et al. (2001) which found the blue spectroradiometric
readings revealed no significant statistical differences between the healthy and
infected trees.

Airborne multispectral and hyperspectral images of citrus groves located in Florida,
USA were studied by Li et al. (2012) with the aim of detecting trees infected with citrus
greening. Ground truthing was conducted by means of field surveys and indoor
spectral measurements, to determine the infection status of trees, along with recording
GPS coordinates for each tree. Both healthy and infected trees were included in the
ground truthing process. Analysis of ground spectral measurements revealed distinct
differences between healthy and infected canopies (Li et al., 2012). Specifically,
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healthy canopies exhibited lower reflectance in the near-infrared range and higher
reflectance in the visible range compared to infected canopies. Furthermore, there
were notable variations in the red edge position between healthy and infected
canopies (Li et al., 2012).

The red-edge band, sensitive to vegetation health and stress, demonstrated a small
difference in average reflectance between healthy and root rot infested lemon trees.
Healthy trees exhibited a higher average reflectance in this band, indicating thriving
vegetation and vigour (Bandyopadhyay et al., 2017). Root rot trees, on the other hand,
displayed lower average red-edge reflectance, indicative of stress-induced
physiological changes. The mean difference between the two tree groups was tested
at a 95% level of confidence and was found to be non-significant. These results can
be compared to research by Li et al. (2012) which found the red-edge position to be
significant. This could be owing to the difference in resolution between sensors and
environment and background noise (Li et al., 2012).

The NIR band, known for its sensitivity to canopy structure and overall plant health,
revealed a trend across the studied lemon trees (Ollinger, 2011). Canopy structure
refers to the physical arrangement and organization of foliage, branches, and other
components within the upper layer of vegetation. It includes factors such as leaf
density, distribution, orientation, and layering within the canopy. Healthy trees
displayed higher average reflectance in the NIR band, whereas root rot-affected trees
exhibited lower values. This aligns with the established understanding that healthy
vegetation reflects more NIR radiation, due to the changes in the leaf area index,
emphasizing the importance of NIR for detecting root rot (Ollinger, 2011). The mean
difference between the two tree groups was tested at a 95% level of confidence and
found to be significant. These findings can be contrasted with those of Fletcher et al.
(2001), who similarly observed that NIR spectroradiometric readings were lower for
infected trees compared to healthy ones (p-value < 0.05). Similarly, Fletcher et al.
(2001) noted no significant disparities in visible reflectance data between healthy and
infected trees.

In comparison, using UAVs paired with an RGB sensor to calculate a vegetation index
like TGI can be used to differentiate healthy and diseased trees and explain which
factors contribute to these differences. Using factorial analysis, Garza et al. (2020)
found that relationships between the mineral nutrients: potassium, sodium, calcium,
iron and Phytophthora root rot infection could explain 61% of the differences in TGI.
However, it is important to note that these results may vary depending on the specific
conditions and parameters of each analysis.

5.2. Detecting Root Rot in the Lemon Trees

The accuracy metrics presented in Table 7, reveal precision, recall, F1-scores and
overall accuracy values which are all close to 80%. This shows promising results using
a sample size of 92. Other studies have used larger samples and hence have achieved
greater accuracy. With a larger sample and/or increased augmentations that were
applied to the training images, better results can be expected (Kuswidiyanto et al.,
2022). The significance of sample sizes becomes apparent in populations exhibiting
significant heterogeneity or in cases where there are minimal spectral differences
between healthy and diseased trees. This emphasizes the need for adequate data to
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train deep learning models effectively for disease detection in plants using UAV-based
aerial imagery (Kuswidiyanto et al., 2022). The data acquisition system primarily relies
on precise drone flights and careful flight mission planning. Recent studies have
demonstrated that deep learning detection techniques offer superior accuracy
compared to other machine learning detection methods (Kuswidiyanto et al., 2022).

At the time of writing this research report, there were no resources which used ResNet-
101 for detecting Phytophthora root rot in lemon trees. Therefore, a valid comparison
is made with research using the same deep learning architecture. ResNet-101, a deep
residual neural network, has been utilized in the context of detecting and locating
diseases in trees using UAV remote sensing technology. Specifically, Deng et al.
(2020) employed ResNet-101 to generate feature maps from enhanced datasets for
the detection and location of dead trees affected by pine wilt disease. They were
successfully able to predict the spatial distribution of dead trees.

The remaining trees within field F7 were detected using ResNet-34. This approach
used sometimes identified the grass and other vegetation growing between the lemon
trees as a tree. This is a side note and not the main purpose of this study. Further work
can be done to assess the accuracy of the detection of tree crowns, however in this
study the main focus is investigating the performance of classifying the trees as either
healthy or diseased.

Stabilisation of the training and validation curves in Figure 9 indicate that the model
has not been overtrained. This is again verified by relatively high accuracy metrics
achieved. A graph which displays a decreasing training loss and a decreasing and
then increasing validation loss may be a sign that the model has been overtrained.
This would result in poor accuracy on the test dataset and high accuracy on the training
dataset.

The spatial distribution of the root rot disease can be seen in Figure 10. A total of
6400 lemon trees were detected and classified using the trained ResNet-101 model.
362 trees were predicted as having a root rot infestation and the remaining 6038
were predicted as healthy. The distribution is evenly spread throughout the field with
no large clusters present. Often one or two trees next to a diseased tree were also
classified as diseased. This indicates that the pathogen responsible for root rot within
the soil can infect multiple trees if the roots of nearby trees grow into infected soils.
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Chapter 6: Conclusion

6.1. Main Findings

In conclusion, this research successfully employed ResNet-101, a deep convolutional
neural network architecture, to classify healthy and root rot diseased lemon trees using
multispectral UAV data. The integration of advanced deep learning techniques with
high-resolution spatial information proved to be a robust methodology for accurate
detection of Phytophthora root rot in citrus orchards. The findings of this study
contribute to the field of precision agriculture and remote sensing, showcasing the
potential of leveraging deep learning models, specifically ResNet-101, for reliable
disease classification. The successful implementation of this approach highlights its
practical applicability in real world scenarios, offering a promising tool for citrus
growers to detect and manage root rot at its early stages.

6.2. Limitations & Recommendations

While the study provides valuable insights, several limitations must be acknowledged.
Firstly, the reliance on UAV data introduces challenges related to weather conditions
and flight restrictions, potentially impacting the acquisition of timely and consistent
datasets. Moreover, the study concentrated on a single lemon tree species, and
variations in geographic location and environmental conditions may limit the
applicability of the findings to other citrus-growing regions. The presence of additional
diseases in the citrus orchard, might influence the accuracy of the classification model.
Another limitation is the lack of research conducted using remote sensing
methodologies to detect diseases specific to lemon orchards.

Due to time and resource constraints, such as only one day allocated for UAV aerial
surveying and collecting ground truth data with only one assistant, only 92 samples
were collected. For increased accuracy, a larger sample is required. Data captured
more regularly on the same field may also yield better results for earlier detection as
symptoms would be picked up as they appear, which would enhance the model by
training it with different disease stages.

The following recommendations should be considered:

l.  Integration of supplementary data sources, such as hyperspectral imagery, soil
samples and environmental variables, to improve the accuracy of the
classification model.

II.  Temporal analysis by incorporating data from multiple points in time to evaluate
the progression of root rot over different growth stages of lemon trees.
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