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ABSTRACT

Due to increasingfood demands andhangingdietary preferences, the potatSo{anum
tuberosumL.) has emerged as a key crop in various regions. This thesis, titled "Advancing
Crop Monitoring and Disease Detection in Potat&sgnum tuberosur.) through High
Throughput Phenotyping Utilizing Unmanned Aerial Vehécland Remote Sensing
Technology,"introduces an innovativeapproachto address the intricacies of potato crop
physiology and phenotypinthrough theintegrdion of unmanned aerial vehicles (UAVS)
remote sensingand machine learnirntgdnologes.

This studyexaminedheinteraction amongenotype, environmental factors, crop physiology,

and yield predictiomsinghigh-throughput phenotyping and UAMased remote sensing across
various potato varieties ovéiree growing seassrf20202022) The primary objectives to
enhance our understanding pdtato growth variations and how different potato varieties
respondto and adapto different field conditionsMultispectral imaging data were analysed
using structurdrom-motion (SfM) aforithmsto generate canopy height, ground cover, and
vegetation indices. These canopy parameters were then used to establish the relationship
between UAVbased data and proximal data, providing the foundation for devel@ping
predictive model for both yieléstimation and disease detectiénstrong correlatiorwas
observed between canopy heigitainedfrom UAV and proximal measurement%0.93).

UAV data collectionduring the tuber initiation stage (UAV flight 2) shedthe strongest
correlation with groundbased measurements. As potato plesdshedhetuberbulking stage

(UAV flight 3), the correlation remained strong lneicame slightlyess pronourned However,

asthe plant reached the maturity stagee correlationdecreasediramatically The resuls
emphasise the critical importance of selecting appropriate approaches and timing for data

collection to enhance the efficacy of plant phenotyping and genotyping studies.

Maturation and vyield predictive models haireorporated various crop parameters and
machine learning techniques to improve predictive accuracy. The Random Forest (RF)
approach demonstratgudomising results, achieviran R? of 78.31 in 2022 by using canopy
volume, canopy area, canopy height, NDVI, and NDiEacted from UAV flight 2 (tuber
initiation stage) However, yield prediction accuracy varied across seastiue to
environmentalariability. Furthermore, the evaluation of potato maturity showed that the RF
model outperformed theartial LeasBSquare Regression (PLS&)d Decision Treeodels



In terms of tuber quality, this study investigated the accumulation of potato glycoalkaloids
(PGASs) in relation to greening phenomena in potato tubaysisfrom nine potato varieties
showed significant variations in total PGA concentrations across different greening seores (0
5 scale)with the &Craigs Royavariety demonstrating the highest concentration (2635 + 638
mg/kg FW) at a greeningcoreof 5. Concerningly, some varietiesuch asbundrodd and
GAnnaj also exceedthe food safetyimit (200 ng/kg FW) even at low greening legeln
contrast nongreen tubesremainedwithin the safety limits (21-889.5 mg/kg FW).

In summary, this research not only advances the domain of potato phenotyping and disease
detection but alsenhanceshe broader agricultural sector throutite development of the
pipeline for enhancing crop monitoring and disease detection through innovative image sensing
and data analysis technologi@he thesis showcases the potential of Ubdsed remote
sensing for crop monitoring and enhancing disease detection and yield prediction by exploiting
spectral responses and canopy characteristics obtdirmehh highthroughput techniques.

The integration of UAVbased phenotyping with machine learning methodologies represents a

leap forward in our capacity to monitor crop health and boost productivity.
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CHAPTER 1. INTRODUCTION AND LITERATURE REVIEW

1.1 GENERAL INTRODUCTION

Potato (Solanum tuberosumn.) is the most important negrain food commaodity in the
world (Campos, 2020)Due to an increasing global population anchanging dietary
preferences, the potato hascomea key crop ilrmanyregionsto meet rising food demands
Commercial potato productiois vital in ensuring global food security bpgroviding
nourishmentgeneratingrevenue and creatingemploymens (Lutaladio and Castaldi, 2009;
Devauxet al, 2021; Adekanmbet al, 2023) Trends in tmate changandextremeweather
conditionssignificantly affect potato croproduction making it essential to develop new
potato varieties and planting strategies to mitigate the impacts of climate variability
(Adekanmbiet al, 2023) Utilising advancedechniquesand methodologies to evaluate crop

performance igssentiato address these challenges and improve potato productivity.

Field-based phenotyping (FBm)volves the utilisation of tools and methodologies to
evaluatecrop performancestudyenvironmental interactiongndanalysespecific traitssuch
ascrop performance and development throtighuse ofegetation indice@/Vhiteet al, 2012;
Aakashet al, 2019) The challenges FBP originated from the need to improve the efficiency
and accuracy of plant breeding while concurrently monitoring crop performance to mitigate
potentialeconomic losses and ensure food security. FBP serves as a critical tool for both plant
breeding and precision agriculture, albeit with distinct requirements contingent upon field size,
plot numbers, and the trait of interest. In plant breeding, FBPtédesi the assessment of
diverse crop varieties across varying environmental condit often necessitating the
subdivision of fields into several small plots to evaluate a myriad of traits with sufficient
replication. This data serves asfaundationfor selecting superior varieties tailored for
breeding purposekeading tahe development of crops with desirable traits and characteristics
Conversely, in precision agriculture, FBP assumes a pivotal role in monitoring crop health and
productivity across expansive fields. Exploiting remote sensing technologies like unmanned
aerial vehites (UAVs) or satellite imagery, FBP gathers critical data on plant growth, nutrient
levels, weed populations, and pest or disease infestations. This data informs judicious-decision
making about field interventions such as irrigation, pest cantint fertilsationapplications
ultimately optimsing crop yields and minirsing resource wastage Historically, field
inspectors, farmers, breeders, and agronomists have manually carried out field phenotyping

and plant monitoring Challenges associated withonventional wag of field-based

1



phenotyping include environmental variabilitwhich can impede the accuracy of the
assessment of crop performanetile the conventional methods agéfective for qualitative
traits but timeconsuming, labountensive, and prone to limitations such as human emor
restricted sensor ug€amposet al, 2019) Thus, thereis a needor a shift towards more
flexible, rapid, accurate, amdbustcrop monitoringechniqueso address these challenges and

advane agriculture tameet the demands of modern agriculture

Remote sensing a valuabldool in agricultural technologywith various advanced high
throughput plant phenotyping (HTR)pproacheslemonstratingsignificant achievements
However, the predominant focus of HTPs on controlled environment sysidmnaeh restricts
their applicability, leaving-BP as a critical bottleneck in crop breeditge to its adoptability
to diverse environment®avid et al, 2014, Virletet al, 2016) To overcome this challenge,
high-throughput field phenotyping with a remote sensing platformHPMRS) has emerged as
an alternativesolution offeringrapid and nosinvasive measuremeswf crop traitsto address
the limitations of traditional methodJ his approach offers eobust wayto evaluate and
comprehend crop variability, facilitated by rdestructive growth measurements and the
identification of critical growth stages for dataset collection with high spatial and temporal
resolutions. For instae, multispectral data acquired from unmanned aerial vehicles (UAVS)
unveil field variability invisible to the human eye, thereby facilitating early disease detection

and empowering decisiemaking to enhance crop productivity.

Modern highthroughput field phenotyping has broadened its focus from initial
commercidly relevant characteristics to complex physiologteaits linked to crop heath and
performance, reflecting a shift towards more comprehensive trait assesghiteotsgh many
approaches have been developed to translate remote sensing data in the field of phenotyping,
they are still under rapid developmentth themainaim to reduce the cost and complexity of
data handling and management. This literature review aims to highlight the progression in
HTFP in potato production using remote sensing methadth a focus orthe evolution of
techniques and their impact on easch in this field Furthermore, the literature review will
examine the challenges and limitations associated with using-thmghghput field
phenotyping tools in potato productidtowever while high-throughput field phenotyping has
demonstrateghotentialin research settirgyit is essentiato test and validate these tools to

ensure their practicality in commercial potato production.



Consideringhe significance of potagsas a staple crop, thesensitivityto environmental
variations, theircomplex growth stagescoupled with theirsusceptible to both biotic and
abiotic stressesnake themsuitable for evaluating and validating #f@cacyof remote sensing
technology in improving cropproductivity. The following sectionswill explore potato
taxonomy and growth stagdée enhance the understanding of the applicability of these

phenotyping methodologies

1.2 POTATO TAXONOMY

Potato taxonomy refers to the systematic classification of potatoes within the plant
kingdom. Asamember of the nightshade family (Solanaceae), potatoes share botanical lineage
with other crucial food crops such as tomatoes, eggplants, and pépatless and Acevedo
Rodriguez, 2022)Within the Solanaceae family, potatoes are classified under the Solanum
genus, specifically in the section Petota. The species Balaaum tuberosuin denotes the
widely cultivated potato species prevalent across Europe and many other regions worldwide
(MachidaHirano, 2015) Originating from the BoliviasPeruvian Andes region, potatoes have
undergone extensive domestication, resulting in the proliferation of both cultivated and wild

varieties(Britannica, 2022)

The taxonomic classification of potatoes has undergone several revisions, leading to
ongoing debate and controversy among botanists and taxonomists regarding the precise
categorization of different potato varieti€Gopal and Khurana, 20Q6%. tuberosumis a
complex species with diploid, triploid, and tetraploid variations, with tetraploid being the most
important commerciallyDatiles and Aceved®odriguez, 2022)Traditionally, potatoes have
been divided into two main groups: the Andigena group and the Chilotanum group. Broadly,

the taxonomy of cultivated potatoes follows the delineation as below:
Domain: Eukaryota
Kingdom: Plantae
Phylum: Spermatophyta
Subphylum: Angiospermae
Class: Dicotyledonae

Order: Solanales



Family Solanaceae

Genus:Solanum

SpeciesSolanum tuberosum
Physical description

The potatowhich is one of approximately 150 tubdeearing species in thgolanum
genus, has a tuber that is the swollen end of an undergroundTsterfirst description of
potatoes was given in Herball, or General Histories of Plantes (159G&tayd (1995)The
tuberd6s size, shape, and colour vary widely
or oblong, ranging from small to large. The skin can be smooth or rough, and the flesh can be
white, yellow, or purple. Potato plants can grow up to 1.5 mefbefeet) tall, and the
underground tubers can be found at varied depths, ranging from just beneath the soil surface to
several feet deep in some varieties. The compound leaves are spirally arranged; each leaf is 20
30 cm (approximately-82 inches) lon@nd consists of a terminal leaflet and two to four pairs
of leaflets. The flower colour can be white, lavender, or purple with five united petals and
yellow stamens. Potatoes also produce a fruit that contains viable seeds, and each seed can be
used in prpagation to potentially produce a new vari@ean, 2018; Thornton, 2020)

1.3 POTATO GROWTH AND DEVELOPMENT

Potato tubers are modified stems that serve as the vegetative "seed" (asexual
reproduction for reproducing a specific varje(ionierbaleet al, 2020) In order to ensure
the best possible growth and development of potatoes, it is crucaisaler thelantshallow
root systemand the type of cultivation method used, such as ridges or Dedp.cultivation
can aid in drainage and make harvesting easier, especially when growing on a large scale
(Jacksoret al, 1997) Ideal conditions for potato growth include a soil temperature 115
degrees Celsius with adequate moisture and nutrients as well as appropriate lighting conditions
(day length)(Dean, 2018; Garci@onzalezet al, 2022) It is alsoimportant for growers to
understand the different growth stages of potatoes in order to monitor and make informed

decisions throughout the growing season.

The growth stages of a potato plant can be separated into five phenological stages, including
sprout development, plant/vegetative establishment, tuber initiation, tuber bulking, and
maturation(Griffin et al, 1993; Thornton, 202@Jigure 1).



Sprout development/initial: The initial stage of potato developnievlves the
emergence of sprouts from the seedés eyes
4 weeks after planting, with soil temperature and moisture playing a crucial role during
this period. At this stage, the seed serves as a source of energtidbdevelopment.

Unlike other major food crops, the potato is propagated vegetative using whole or cut
tubers (known as seed pieces) rather than true §Eedston, 202Q)

Vegetation establishment: The vegetative growth is distinguished by rapid leaves,
branches, roots, and stolon formation. This stage begins when the sprouts emerge from
the soil and lasts until the tuber initiation stage (frori780days, depending on the
planting date, soil temperature, and other environmental condifidasgrkort, 199Q)

During this stage, the plant concentrates on growing a strong root system and foliage to
maximise photosynthesis.

Tuber initiation: The tuber initiation stage marks the transition from vegetative to
reproductive developmenthich could takearound 68 weeks after plantindepends

on day length and temperatyferiffin et al, 1993) During this stagethe plant starts
producing tubers at the end of the stolon but not enlarging. The plant may p2@duce

30 little tubers about the size 8 mm but only 515 tubers normally achieve maturity.
Tuber filling: Tuber filling or bulking is the stage when the tuber develops in size. The
leaf area of the canopy affects its capacity to capture radiation and tuber growth rate
during this periodingram and McCloud, 1984)Yhe number and size of tubers that
reach this stage are proportional to the amount of energy that plant produces, as they
require starch and other nutrieX@riffin et al, 1993) Variable weather and moisture
levels are crucial for even tuber set and growthis has a significant impact on the

final yield (Zebarthet al, 2022) This stage lasts until the above ground starts to die
(45-60 days).

Maturation and senescence: Maturation and senescence occur when the potato has
reached its maximum size, weight, and dry matter content and is nearly ready to harvest.
The main visual indicator that the plant has entered this stage is when the haulm/vines
(above ground vegetation) have turned yellow and lost their Iddedtoft et al,

2017) While some varieties may naturally undergo senescence (yellowing and
defoliation of the vines), in some cases, farmers may need to induce vine death to
initiate the maturation process. This can be achieved through herbicide application or

flailing. This process allows the plant to transfer nutrients from the foliage to the tubers,



allowing it to continue growing and reach maturity before har{@shnabelet al,
2010)

Canopy height
Canopy area (ground cover) /
Canopy volume “
Vegetation indices

Symptoms of disease

= Emergence (number .
of plants) ~
= Vegetation indices

= Maturity
= Senescence

FigurelFr om seed to harvest, modern agriculture

use of unmanned aerial vehicles to capture the potato growth cycle.

Understanding these growth stages is crucial for potato production to monitor plant
performance, make informed decisions, and optimise yield and quality throughout the growing
season. Especially the tuber initiation and maturity stages, as these stageasskgruficant
impact on the final yield. In addition, mature potato tubers are better to store compared to
immature tubers, as they are less susceptible to injury and disease and have low respiration
rates(Heltoft et al, 2017) This contributes to longer a sh&fe and greater resistance to

pathogens, thereby reducing economic [@$srnton, 202Q)

1.4 POTATO PRODUCTION

Potato Solanum tuberosuih.) is one of the most essential food commodities in the
world, with the production of more than 380 milliaretrictonnes annually. The potato was
brought to Europe by Spaniards around 400 years ago and progressively replaced cereals in
northern EuropgHaverkortet al, 2009) Nowadays, ptatoes are widely cultivated in over
150 countries across the world, where they are serving as a majorfetapknd a table
vegetableOnet hi rd of the worl dés potatoes are pr oc

Agriculture Organisation), 2022). AccordibggAHDB, potato production in the UK for 2020
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is estimated at around 5.37 milliametrictonnes and is ranked the seventh largest in the world
since 2010. Potatoes are an essential crop, not only an important source of nutrients for humans
but also serving as a feedstock and alcohol for industrial pro(Bretdshaw and Bonierbale,

2010; Kochet al, 2020) With over 5000 varieties, potatoes have a high level of variation in
tuber colour and shape as a result of their widespread cultivation throughout the world
(Lutaladio and Castaldi, 2009; Datiles and Acev&sariguez, 2022)Potato cultivation

range from small to large scale worldwide, however, in temperatesomey areprimarily

grown in monocultures.

TheUnited Kingdom (UK)is among the tofive potato producers in Euroggenefiting
from highly favourablesoil and climate conditions for potato growth in this redi@offart et
al., 2022) In theUK, potato production is growing throughout various locaidmvo primary
|l ocations account for 46 percent of the UKS®S:s
Scotland, whicpr oduce t he maj or i (Goffarteetfal, 2002pThe potate d p o't
planting season stafrom March to Mayand isinfluenced byfactors such asoil type, variety,
and region (each with different climate conditions). More than 170 potato cultivars are
commer cially producwgdd aanndd &cnhaaisns icfrioepdd idnetpoe nodei
and harvesting datg®accacheet al, 2012) The term O6earl yd6 refers
typically planted in mieMarch (southern England) or early April (northern England) and are
ready to harvest approximately-105 weeks from the planting dat
sown in the first hdlof April (southern England) or late April or early May (northern England)
and harvested after 22D weekgDaccacheet al, 2012)

The growing season for potatoes varies depending on a range of factors, including
variety, geographicalarea, and climate conditiorthat determine the optimal timing for
planting and harvesting-or examplehighland areas in Bolivia, Perand Mexico are favoed
as summer crops, whereas China, South America, East Africa, and lowland subtropics produce
potatoes all year rour(@radshaw and Bonierbale, 2018)ptatoes are often grown throughout
spring and autumn in Mediterranean regions, while they are grown in the summer in lowland
temperate areasuch as North America, Eastern Europe, Australia, and New Zealand
(Bradshaw and Bonierbale, 2010V/hen deciding on the planting timé is essential to
considemot onlythe climate conditionbut alsothe duration of the growing seastanensure
optimal growth and yieldWeather conditionplay a crucial role in determininipe planting
date particularlythe early cultivarghathave a shorter growing seasevhich can lead t@a

lower yield compared to the main crop cultivédGarciaGonzalezet al, 2022) Effective
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management practices, including crop rotation, soil management, and pest and disease

management, are essential for ensuring a successful potato crop during the growing season.

1.4.1 ORGANIC PRODUCTION

Conventional farming methodsevery productive but ar@ow consideredas harmful
to the environments and unsustaingBleschiercet al, 2023; Kumaset al, 2023) In order to
achieve international and European sustainability groan alternative farming method such
as organic production, has been a primary strat@gganic farming in Europe has experienced
significant expansigrbut this varies across different countrfgss et al,, 2005; Goffaret al,
2022) The mtato production industry in the United Kingdom (UK) is well established and
successfylas indicate byhe significant increasa market valu¢McGregor, 2007)However,
one major challenge facing the potato industry in this region is the need to maintain soil quality,
nutrient management, arttde increasingrestrictionon the use of chemical pesticides and
herbicides(Goffart et al, 2022) Organic farmingof potatoesin the UK is defined by the
absence of artificial pesticidesertilisers, and genetically modified organisms (GMOS)
(BarberRowe, 2021)

However, organic production can present some challeng#bough organic
productionprovidesenvironmental benefitsesearch indicates that when produced on adarge
scale, it can be more expensive and results in lower yield compared to conventional production
due to the higher costs associated with disease and nutrient managtsgemiret al, 2009;
Kazimierczaket al, 2019) ForinstanceMaggioet al.(2008)found that organitarming led
to a 25%reductionin marketable yieldcompared to conventional farming, with a higher
percentage of larger tube&eufertet al. (2012)found that organic yields are typically lower
than conventional yields by 5 to 34 % depending on system and site charast&isaceas,
Brazinskieneet al. (2014)andKazimierczaket al. (2019)found that organic potato yield are
on average 50% lower than conventional yields and weéttyin the variety Thesefindings
indicatethat organic farming malgavesome constrainteading toyield reductionespecially

when the use of chemical pesticides and fertiliser is limited by organic regalation

To address these challenges, organic farmers need to adopt more sustainable methods
that can promote soil health through the use of organic fertiliser, crop rotation, reduced tillage
andrealttime crop managemenb manage disease and nutrients effectiy@atsonet al,

2002; Gattingeet al, 2012) It is alsoadvisable to use early to moderately maturing cultivars
that have a high tolerance to late blight to minimise yield log3@selzik and Moéller, 2014)
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Although there are various existing potato varieties that are suitable for organic production,
there is a demand for new varieties that produce high yields with low iffpartsleyet al,

2021) Selecting cultivars that are more suitable for organic production is an effective strategy
to overcome some of the challenges in organic potato production. Organicyaoietesare

often bred to have better resistance to diseases andwigsts might replacesusceptible
varieties which are currently grown in organic farm(Sgeiseret al, 2006) These cultivars

may also exhibit improved nutrient uptake efficiency, which can help to improve yields
(Pandeyet al, 2021)

Since most of the available varieties have been developed for conventional farming,
conventional breeding often overlooks several key traits essential for organic farming such as
resistance to soil pathogens and seedborne diseases, nutrient efficiendy weeod
suppression, and qualitative trajidagmanet al, 2009) Therefore selectingpotatovarieties
that arewell-suited to local environmental conditions and resistant to diseasadsl for
increagng thecompetitiveness ahe organic secto(Meglic et al, 2020) The study aimgo
develop methods, strategies, and infrastructure for breeding organic potato varieties with
enhanced stress resistance, exemplifiedth®y Ecobreedproject. Ecobreedproject tess
numerous potatearietiesto identify those that require low inputs, have higher yield potential,
and are well suited to the regitmincrease the competitiveness of orgas@ctor(Ecobreed,

2020) A collection of potato genotypesas evaluated across a range of environment in four
countries (Slovenia, Hungary, Poland, and the United Kingdom). A list of organic potato
varieties in provided in Chapter Bgble 19). These potato varieties were selected from across
Europe, including tmditional cultivars, breeding materials, research materials, commercial
cultivars, and improved cultivars. They have been tested, bred, and evaluated for their

suitability for organic or lownput production systems.

Neverthelesghe choice ofarietiesmay varybasedndifferentfactors and can change
from year to yearTesting and selecting potato varieties that require fewer snphile
maintaining yield potential and disease resistance will help farmers overcome the limitation
of disease management and resource Tsis. will ultimately improve thesustainabilityand

commercial viability of organic potato production

1.4.2 POTATO VARIETY DEVELOPMENT

Potato domestication (cultivated potatoes) from wild species traces its origin to Andean

and Chilean landraces developed by-@aombian cultivatorgGopal and Khurana, 2006)
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Within the species, there are many different cultivars or varieties that have been bred for desired
underground traits, such as yield, disease resistance, and tuber (g@dityeret al, 2005)

These cultivars can be further classified into different groups based on characteristics (e.g.,
skin and flesh colour, cooking quality, and maturity). High yield is not the only priority, but
also a tuber dormancy period has become an important gdatedates to a longer storage
period(Mori et al, 2015) However, the fundamental goal of potato variety development is to
create improved varieties that are suitable for varied growing conditions and different climates,
as well as to meet the demands of farmers and consumers while simultaneously addeessing th
rise in global food demand and climate chaf@edrivon, 2017; Bonierbalet al, 2020;
Devauxet al, 2021)

Understanding the genetic diversity and population structure of breeding material is
crucial for potato variety developmefifaleset al, 2022) Although the progress has been
achieved in genotyping and molecubmsed breeding techniques, the approach of
physiological phenotyping remains limited to a small number of genotypes. For over a half
century, this has been a critical limitation for appd) physiological information to breeding
programmes. While yield is often considered the most important commercial traits, other traits
frequently determine the marketability of potato tubers. When selecting the commercial
variety, it is important to caider many quality characteristics, such as resistance to common
as well as region specific, defects, diseases, pests, and sf{Btadest al, 2020b) To achieve
future progress in potato breeding, there is a need to renew the emphasis on potato
physiological phenotyping for specific and wd#fined traits. For example, to evaluate the
pest and disease responses of a new potato vaietplicatedield trial must be conducted

for a minimum two year@onierbaleet al, 2020; Valest al, 2022)

Despite the large number of potato cultivars currently available, there is a clear need
for the development of new cultivars to meet the growing demand foryrelghing and
biotic/abiotictolerant varieties while reducing the demand for nutrients andr vigpet
(Pandeyet al, 2021) This demand is driven by population growth and changes in climate
conditions around the globe. To achieve higher yields and good trait quality, breeders and
biotechnologists have focused on improving traits related to biotic and abiotic stresses as well
as the ability of cultivars to adapt to different production environments. In the European Union
(EV), the potato industry is trying to increase potato usage in an economically and
environmentally sustainable manner, with the new cultivar required tedelivigher yield of

a saleable product under low inputs, possess inbuilt resistances to pests, diseases, and
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environmental stresses, and offer improved nutritional, flavour, and health bé®efdshaw,

2007; Lutaladio and Castaldi, 200®%) addition, to develop a new variety, it required several

years of field trials to ensure a high fresh market rating score. For example, the most widely
grown UK variety (cv Maris Piper) has been replaced by a selection of alternative varieties that
aremore suitable for specific end uses, such
l nnovatoré and 6écv Royal 6 are suitable for F
(Goffartet al, 2022) This indicates that there is a need for a new cultivar that meets consumer

or market demands.

1.4.3 PRECISION AGRICULTURE

Sustainably increasing productivity in a changing climate is one of the most important
challengesvhen conducting research potatoes worldwides yield of potatoes is affected by
many factors, including varieties, weather conditions, production systems, supplies, and
available resources. To improve quality and vyield, to fulfil the growing demand, suitable
cultivars are required along with a goddcision support system tailored to local growing
conditions. Climate change poses a significant challenge &ogatoduction, as it can lead to
unpredictable weather conditions that affect crops. Additionally, the increasing price of
fertilisers adds to the production cost, making it necessary to find more efficient methods to
increase yield and reduce expensekeskE challenges highlight the need for innovative
approaches like precision agriculture to sustainably increase productivity in the face of

changing conditions.

Precision agriculturéPA) is a farming approach that utilises advanced technologies
such as remote sensing, geographical information systems (GIS), and data analysis to manage
field variability for the purpose of optimising crop productivity and reducing environmental
impact(Robert, 1993; RadogleGrammatikiset al., 2020; Wuet al,, 2022) The concept of
precision agriculture was first introduced by Dr Pierre Robert in the 1980s, but it has
continuously evolved alongside technological advancements and our growing understanding
of its potentialMcBratneyet al, 2005) Today, precision agriculture involves the use of-real
time data and sensors to monitor various factors that can affect crop growth and development,
allowing farmers to make informed decisions and adjust input resources accordingly
(Moysiadiset al, 2021) Precision agriculture has transformed potato farming by providing
farmers with reatime data and remote monitoring capabilities. For instance, farmers can use

sensors and other tools to monitor soil moisture levels and other factors that impact crop
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growth. With this information, farmers can adjust input resources, accordingly, leading to a
reduction in costs and an increase in productivity and quédttamchuket al, 2010)
Precision agriculture can also help improve soil variability management, allowing farmers to

optimise soil health and fertility in the long te(McBratneyet al, 2005)

While precision agriculture offers many advantages, it does require the use of
specialised equipment and software to gather and analyse the information. This can be a
potential challenge for farmers, as it may involve additional investments and traiwemglge
complexity of the process. Furthermore, the effectiveness of precision techniques may vary
depending on the specific growing conditions and the availability of resources. For example, a
disease detection approach found effective in a greenhotisg seight not produce the same
result in field conditiongSishodiaet al, 2020) An in-depth examination of PA covering all
the associated technologies, and reference of good practices around UK and Europe is crucial
(Moysiadiset al, 2021) It is important for farmers to carefully evaluate the feasibility and
costeffectiveness of implementing precision agriculture practices. Future research in PA
should concentrate on applying this knowledge to real world or farm condition prébtaes
and Steppe, 2019)

Overall, precision agriculture technology can play a critical role in helping potato
farmers increase productivity sustainably, in the face of climate change conditions, while also
reducing costand improving crop quality. The use of precision agriculture in combination
with organic practices and suitable cultivars, can significantly contribute to a more sustainable
potato sector in the United Kingdom. By adopting precision agriculture, farmemeserve
long-term soil health and fertility while lowering environmental impact and boosting

profitability by reducing the input needed.

1.5 POTATO TUBER QUALITY

One of the most important aspects of potato production is tuber quality, that include
external qualitytraits (such as marketable tuber size, shape, skin appearance, absence of
diseases or defegtandinternal quality such as flavour, colour, dry matter, starch content, and
texture(Carputoet al, 2004; Naumanat al, 2020; Starlet al, 2020a) Consumer preferences
for fresh market potatoes commonly refer to
appearance with an absence of defects and disqiStengy, 2007; Jemison ét al, 2008)

According to the study bycGregor (2007)reveals key areas identified by consumers

including packaging, convenience, usage marketing, product innovation, health, and product
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quality, with more than 60% wanted potatoes that are quick and easy tcAsahlese tuber
guality traits are genetically controlled, selecting a potato variety to grow is a key to meet
market demands armbnsumepreference¢ D 0 heb al, 2008; Starlet al, 2020a; Thornton

et al, 2020)

1.5.1 TUBER SIZE AND SHAPE

Fresh market and processing potato have specific demands regarding tuber size and
shape.A tuber size threshold of more than 35 mm of diameter was used to determine
marketable fraction of tuber yield Zar zy Es k a anda @Eoguwskzae wsX@?2
Consumers in the fresh markaften prefer mediursized tubersdue to their versatility in
several culinary purposéblaverkortet al, 2023) While the processing sector prefers larger
and uniform tubers due to higher yield and consistency in products such as Frenchifrges
(crisps) and frozen and chilled produdiStorey, 2007; Haverko#t al, 2023) For the UK
and Europe market, the size range980mm is acceptable for process{igrkman, 2007) For
tuber shape, the industry standard for processing product is round towiaxhd should be
uniform (Kirkman, 2007) Long and round varieties are suitable for fresh ma&etrket al,
2020a)

The shape and marketable sizepofato tubers are influenced by several key factors
such as production system, variety, weather condition, and nutrient avail@ugyaret al,
2007; Starket al, 2020a) Different potato varieties have specific genétaits that influence
tuber size, shape and fresh weigBondweet al, 2020) Some varieties naturally produce
larger tubers while others are bred for smaller sikktsough tuber shape has a relatively high
heritability and is generally a stable trait, it is not always a clear defined trait as they are
potentially influenced by different physiological and environmental processes during tuber

developmen{Neilsonet al, 2021)

Optimal temperatures for potato growth are betwgén 22-degree Celsius, high
temperature can reduce tuber size, while low temperatures may slow @&iwilk, 2007;
Avila-Valdés et al, 2020) Adequate and consistent moisture is crucial during tuber
developmentDrought stressansignificantlyreducethe fresh weight of the marketable tuber
size (Aliche et al, 2019) Nutrient levels are necessary for vegetative growth, root
development, tuber initiation and starch accumulation which contributed to final yield and
marketable siz€Rosen and Bierman, 2008; Regtisal, 2015)
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1.5.2 PHYSIOLOGICAL DISORDERS

Potatces are proneto variousphysiological disorders that are not directly caused by
infectious pestbut they result from unfavourable environmental conditjoimeproper
management practices, high temperature, and inadequate moisture or nutrient levels
(Sowokinos, 2007; Mikitzel, 2014; Thorntoget al, 2020) These disorders calead to
abnormalgrowth, external and internal appearanme tuberssuch astuber malformations,
growth cracksbruises, enlarged lenticelsrown spot (IBS)and greeningFierset al, 2010;
Mikitzel, 2014; Bambergt al, 2015; Kochet al, 2019; Thorntoret al, 2020; Pentangelet
al., 2021)

Common physiological disorder such as greeningaisseby the exposure to light
during growth and storage. The greenogursin the periderm which cause the accumulation
of chlorophyll and the toxic glycoalkaloidsxic glycoalkaloidgBishopet al, 2012; Tanio®t
al., 2018) Whereas thimternal shattering or craiig of tuber tissue is a result in a combination
of problems including diseassevere defects created by discolouration and the development
of scars from the woun(_ulai, 2007; Mikitzel, 2014)Bruise and shatter bruise are damaged
on the skirand the underlying tissue directly beloacurs when potatoes are damaged during
harvest and handling proceg¢slusseinet al, 2020; Hendrickset al, 2022) As these
physiological disorders can significantly affect the tuber appearance and mostly identified
through posharvest symptom evaluation, hence, lead to a significant reduction in yield and
quality of marketable tuberdosses form many physiological disorders can be minimised
using good agricultural practices that promote uniform plant and tuber during the growing

season.

1.5.3 TUBER SPROUTING

Tuber sprouting is associated witlrther quality lossduring storagdBishopet al,
2012) The commercial value of sprouted potatoes decreases significantly due to undesirable
changes in their morphological characteristacsl taste Sprouting alters potato quality by
causing softening, shrinkage and alkaloid buildup, and consequently leads to changes in
texture and tast@ouradoet al, 2019; VisseMansiauxet al, 2022)

When harvested, potato tubers are in a dormancy staiteh lass for weeks or months
depending on the variegndthepre- and postharvest conditionéSonnewald and Sonnewald,
2014; Thornton, 2020As temperature, humidity, alight exposureanbreak dormancy and
stimulate sprout initiatiorfSonnewald and Sonnewald, 2014; Gatal, 2021a; Huet al,
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2023) Therefore, adequate storage conditions are crucial to control sprouting and reduce
quality loss. The preferred storage condition to suppress sprouting include maintain
temperaturdoetween 3and4 degrees Celsiusigh relative humidity (8®0%), and good air
circulation (Suttle, 2007; Gongt al, 2021a) Additionally, sprout controtan be achieved
throughthe application ofradiation chemicalcompounds (i.e.maleic hydrazidgor natural
substances (such asint essential o)l (Sonnewald and Sonnewald, 2014; etual, 2023)
Research byglmann and Johansen (2024130 found thatusingred lightemitting diodes
(LEDs) during storageaneffectivelyinhibit sprouting.

1.5.4 POTATODISEASES

The tuber quality decreases by between 5%48d due to potato pest and diseases
(Lulai, 2007) Potato diseases are caused by various pathogens, including viruses,, bacteria
phytoplasmasjematodesand fungi(Kirkman, 2007; Fiergt al, 2010; Douradet al, 2019)

These diseases can impact potatoes at any growth stages from seed to storagadvioch
reductions in tuber qualitfNolte et al, 2020) Diseases, such astatoleafroll virus (PLRV),

potato virus Y (PVY)early blight(Alternaria solan), and late bligh(Phytophthora infestans

which shorten the length of the tuber growth period and damage foliage can also affect
production anduber quality(Kreuzeet al, 2020; Starlet al, 2020a) Tuber yield losses are
caused by either of them in single infections and can reach more than 80% in combination with
ither virusegKreuzeet al, 2020)

Disease development in potato plants is linked to plant nutrition as nutrition affects both
plant physiology and disease resistaocéolerancgDordas, 2008; Teiet al, 2015) Plants
demonstrates highest disease resistance when their nutritional status is optimal, as balanced
nutritionalpr omot es heal t hy gr owt h agadstpahodesForc e t he
example, severity of leaf blight&hancedy potassium and calcium deficiengyuberet al,
2012) Thus, maintaining adequate nutrition is essential for minimising disease susceptibility

and enhancing overall plant vitality.

Reducing the chances of diseadevelopmentcan be achieved through practice
measures whicinclude crop rotation, resistant varietiasdthe use of healthy and certified
seed tubers, while regular monitoring antegrated pest management (IP&g employed
(Vilvert et al, 2022; AHDB, 2024h)
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1.5.5 GREENING IN POTATO TUBERS

While potato is a member of the nightshade family (Solanaceae), the edible part is the
tuber, not the fruit or leaves, which contain toxic substances. The greening of potato tubers is
one change that happens when the tubers are exposed to light. Thiagiedhie single
biggest cause of wasted potatoes due to its association with the accumulation of toxic alkaloids
known as potato glycoalkaloids (PGAS). To assure the safety and quality of market potatoes, it
is important to understand the mechanisms ogysotato greening. To prevent poisoning, the
standard PGA (potato glycoalkaloids) contents in fresh market potatoes have been suggested.
Although the formation of chlorophyll has no effect on taste, it can still result in consumer
rejection, resulting irrconomic losgBamberget al, 2015; Tanio®t al, 2020) Furthermore,
consuming green or sprouted potatoes can be harmful due to the higher levels of toxins they
may contain. Therefore, it is necessary to prevent potato greening to avoid the buildup of PGAs
and maintain the safety of potato consumption. Intefdto the health risk associated with
the consumption of green potatoes, it also affects the quality and marketability of potatoes,

which ultimately leads to economic loss.

THE GREENING PROCESS

Chlorophyll is a green pigment found in the chloroplasts of green plants and algae,
which is important in the photosynthesis process. The greening process in potato tubers is the
result of the formation of chlorophyll when exposed to light. Potato tubersnar
photosynthetic tissues, however, after exposure to light, it results in greening in potato tubers,
due to the accumulation of chlorophyll in the peripheral laffeaslista, 2001)Green potato
tubers are easily identified by their surface coloration. However, chlorophyll is not the only
pigment that causes potato tubers to become green. Other pigments, like xanthophyll and
carotenoids, al so cont rcaftaenbiépigmentig naterally foubde r s 6
in red, yellow, and orange crops and can also be found in dark green vegétalbles, 2020;

Sousa, 2022)Important factors influencing the formation of chlorophyll and the greening
process are influenced by many factors, including varieties, growing conditions, and post
harvest management, with genetic variation being an important {d@oroset al, 2020)
However, the greening process is also associated with the formation of potato glycoalkaloids
(PGAs) that can cause allergic reactions and iliness. Unlike chlorophyll, light is not needed for

glycoalkaloid formation, but with light, glycoalkaloid formatiincreases.
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1.5.6 POTATO GLYCOALKALOIDS

Glycoalkaloids (GAs) are natural plant metabolic compounds found in the Solanaceae
plant family, including potatog$riedman, 2006)Glycoalkaloids (GAS) are natural secondary
plant metabolic compounds that contain nitrogen, in a steroidal structure, and carbohydrate
side chains (aglycons) at thed8H position(Barceloux, 2009)There are other glycoalkaloids
found i n potatoes, with 95 percent of the
c h a c o n i-soknina, aultiated and wild potato@siedmanet al, 1997; Friedmaet
al., 2003; Duke Gekonget al, 2016) These two are trisaccharide steroidal glycoalkaloids but
di ffer i n the c¢composi t-chaconineocbnsidtshoé twosrbaghnaose s i d
mol ecul es and o n eolagineuscformes ,up off hatactase glucdde and
rhamnoséFriedmaret al, 2003) The significance of potato glycoalkaloids (PGAS) in humans
is that a high concentration in potatoes may cause poisoning and could be fatal. The
recommended safety limit for new potato varieties is 200 mg per kilogramme of fresh weight.
Reducing the PGAelels in fresh market potato will provide numerous advantages from the
cultivation stage to the processing, pbatvest, transportation, and consumption of potato and

potatebased productd-riedman and McDonald, 1999)

The PGAs are found in all parts of the potato plant, with the highest concentrations
found in the flowers and the lowest in the tubers; however, variation can be observed both
between and within varieties and tuber matu¢®yunenfelderet al, 2006a; Tanio®t al,

2020) The analysis of PGAs has been the recognition and separation of individual
glycoalkaloids, to which many techniques have been applied, such as gas chromatography, thin
layer chromatography (TLC), high pressure liquid chromatography (HPLC),
radioimmunoasay (RIA), and enzyme linked immunosorbent assay (ELIE&¥)xon, 1984;
Morganet al, 1985; Okamotet al, 2020) The use of HPLC with UV/Visible spectrometer
detection is the most common approach due to the speed of analysis, high reliability of
separation, repeatability, and ability to distinguish between the two glycoalkaloids in different
plant species withoutadivatization(Matsudeet al,, 2004; Friedman, 2006; Neraaal, 2008)

1.5.7 POSTHARVEST AND STORAGE

Maintaining highquality tuberis crucial for fresh market potato, processing, and
economic lossesluber qualityis established in the fieldvith final qualities arenfluencing
by tuber maturity, varieties, and field variabilipplamar et al, 2017) Fresh potatoes are

typically available for two to three months after harvéstrefore potatoes need to be stored
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to maintain a yearound supply(Gottschalk and Ezekiel, 2006)jo ensure the tuber quality
during storage, they need to be kept under controlled conditions that prevent sprouting and

damage.

A healthy periderm serves as a protective barrier for potato tubers from pests, diseases,
infection, and other factors that lead to quality deterioration and financial [bssais 2007)
Understandinghe physiological changes that occur poatvest is also critical for maintaining
tuber quality. Since mtato tubersremain biologically active after harvest, theyequire
appropriate storage conditions to presehar quality(Olsen and Kleinkopf, 2020PDptimal
storage conditions depend on the purpose use of pof@abds stock, processing, and seed)
and varieties, for example, varieties for table use are typically store@l @¢gree Celsius and
for processing at-12 degree Celsiug&ottschalk and Ezekiel, 2006; Bradshaw, 202ight
also increase the chlorophyll, glycoalkaloids and other substances in potato tubers that may

have positive effects on resistance against pathdgehansen and Mglmann, 2018)

The industry has always innovated and invested in improvedhpogtst storage.
However, there is concern about traditional chemical-pastest treatments for sprout
suppression and disease control. Therefore, there is a need in creating alternabiaevpss
treatment. Employing molecular and advanced phenotyping techniques to enhance the
understanding of mechanisms which mediate physiological responses durhgryast
production, posharvest management, storage, and processing will improve tuiadity
(Alamaret al, 2017; Douradet al, 2019)

1.6 PHENOTYPING

Phenotype refers to the concepts of observing and measuring the physical properties or
characteristic traits of an organism that are observable and measurable which developed from
the interaction with its environme(fiorani and Schurr, 2013; Pieruschka and Schurr, 2019)

In plant research, these traits can range from simple features such as plant height, canopy cover,
canopy volume, and disease resistance or tolerance, to more complex features like root
architecture and chlorophyll contents in both greenhouses anctfielidonmentgCendrere

Mateoet al, 2017) The challenges originate from the need for a deep understanding of the
interaction between plant performance and its growing conditieiesuschka and Schurr,

2019)
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In potato production, plant phenotyping is an important aspect of genotype studies and
potato breeding. It helps to enhance the efficiency and accuracy of plant breeding and monitor
crop performance to reduce economic losses for future food security, Wasched to
challenges in fieldbased phenotyping. However, conventional phenotyping methods pose
significant challenges due to their being laboiensive, timeconsuming, expensive, and
lacking consistency in characterising the effects of environmehganotype on plant traits
(Watanabeet al, 2017) While significant progress has been achieved in the efficient
examination of genetic data and Aorasive assessment of physical tré@sol3kinskyet al,

2015) largescale analysis is still lacking.

To overcome these challenges, over the last three decades or so, novel opportunities
such as sensors, automation, computer vision, and quantitative data analysis have been
developed for quantifying plant traits with increasing throughput and acc(famani and
Schurr, 2013; Pieruschka and Schurr, 201Ohe of the novels is the highroughput
phenotyping pipeline (HAP), which has been developed as a-mwasive plant trait
measuremenfWatt et al, 2020) This approach allows the researchers to study the form and
function of many genotypes subjected to different growing conditions. Wii#PHK|,Tresearch
can collect data on multiple traits simultaneously, making progress much faster and more
efficient. This approach also reduces the potential for human error and increases the accuracy

of data collection.

1.6.1 HIGH-THROUGHPUT FIELD PHENOTYPING TECHNIQUES

Field phenotyping is an essential practice in plant breeding and crop monitoring that
involves the measurement and analysis of the physical and biochemical characteristics of plants
in their natural growing environme(@hawadeet al, 2019) This process helps in identifying
and selecting plant varieties that are best adapted to a specific growing environment. It includes
assessing various key plant traits such as growth, yield, disease resistance, and response to
environmental stress sucls é&emperature and water. However, current field phenotyping
techniques can be challenging due to the variability of field conditions and the difficulty of
collecting accurate and consistent data in ke field trials. Environmental variability can
influence crop performance and may pose a challenge in field phenotyping as it limits the

potential for genetic improvemearauset al, 2018)

In recent years, higthroughput phenotyping (HTP) has emerged as a new technique

in plant science research, with the development of automated systems for studying plant traits
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in both greenhouse and field settingganget al, 2020) One of the key advancements in
using highthroughput techniques for fieldbased phenotyping is the use of cameras to capture
the raw image of a large number of plants. Image collection and processing pipelines have also
been developed to automate thieqass for micreplots in the field and for individual plants
(Davietet al, 2022) While HTP has shown promise in the research environment, applications

for the field environment may need to be tested and validated to ensure their practicality.

1.6.2 POTATO PHENOTYPING

Phenotyping in potato breeding research involves the characterisation and measurement
of various traits related to the growth, development, and performance of potato plants. These
traits can include plant morphology, yield, tuber quality, disease resistamteesponse to
environmental stress such as drought or heat. By evaluating these and other traits in potato field
phenotyping studies, researchers and breeders can better understand how different genotypes
respond to environmental factors and identifyits that can be targeted for improvement

through breeding or management pracfisatt et al, 2020)

Field-phenotyping plays an important role in potato breeding as it enables breeders to
identify and select potato varieties with desirable traits that can improve crop productivity,
reduce economic losses, and enhance food security. Traditionally, guatutyping has been
carried out through manual measurements or field inspection. Potato breeding involves targeted
crossbreeding, followed by repeated selection, based on field observation over multiple
generations to identify an improved phenotyBtateret al, 2017) However, effective field
phenotyping requires more than just trait selection, there is also a need to consider various
factors, such as environmental limitatiqdgauset al, 2018) A traditional approach is time
consuming, labouintensive, and subject to human error. Therefore, the recent advance in

technology has led to the development of Higtoughput field phenotyping.

The development of effective field phenotyping tools is a key bottleneck in deciphering
and acquiring a better understanding of the morphological changes on potato growth and their
impact on yield. Nofinvasive technologies are used to analyse experimanthlbreeding
populations and promise to speed up the breeding prQ&&dset al, 2020) With advances
in high-throughput phenotyping techniques, including proximal and remote sensing of plants
in the field, potato breeders are now able to efficiently and accurately phenotype a large number
of potato genotypes (varieties) over a large saréq. This accelerates the selection of superior

potato varieties for commercial cultivation. While HTP has shown promise in the research
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environment, applications for the field environment may need to be tested and validated to

ensure their practicality.

1.7 PLANT PHENOTYPING TECHNOLOGY

The interest in the application of remote sensing technologies among the plant
phenotyping community has been increasing, which leads to the development of a number of
techniques and applications able to characterise key physiologica(Trgisdi et al, 2018)

Remote sensing is used for-site observation or data acquisition; its aim is to characterise the
objective or feature of interest from its neighbour -destructively and nomvasively.
Extracting crop information from remote sensgam be achieved by measuring the vegetation
spectral properties, which wawithin the wavelengthslso known aaspectral signatur@as

et al, 2019) The spectral properties of vegetation make it possible to monitor vegetation

dynamics and their spatial and temporal variability using various remote sensing platforms.

1.7.1 REMOTE SENSING IN AGRICULTURE APPLICATION

Remote sensing is a key technology in plant breeding and precision agriculture for
spectral and spatial data acquisition. The rapid development of remote sensing has taken place
in the field of nordestructive measurements that allow the assessment ofralgtvith high
throughput(Walter et al, 2015) The method of remotely sensed field phenotyping differs
based on plants, traits of interest, growth stages, and available regdalceshet al, 2019)

For plant breeding, field phenotyping is done on many small plots of hundreds or even
thousands of breeding lines under different environmental condiffaisashet al, 2019)

The main aims oHTP with remote sensinfpr plant breeding are to accelerate phenotypic
gains in order to develop new cultivars that perform well under diverse field conditions and
management systems. In this aspect, remote sensing has been introduced for plant breeding to
improve selection eftiency through informed decisianaking by evaluating the quantitative

traits such as yield and disease resistance. Whereas, in precision agriculture production,
evaluation is mainly done to support decision mgkisuch as monitoring fertiliser
requirements, disease occurrence, weed detection, and yield pre(Bciat al, 2014; Gago

et al, 2015) For future developments, early disease detection holds a promise to revolutionise

precision agriculture.
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1.7.2 PHENOTYPING PLATFORMS

To implement information technologies for fieddale phenotyping; several platforms
are being used, from proximal to remote sensing with a wide range of sensors, each with their
own constraints and advantages. A good platform should be flexible to harsdigoated range
of sensors and mounted with an accurate and precise positioning system. The plant phenotyping
community increases interest in the application of remote sensing technologies, which leads to
the development of several approaches and applisaéble to characterise key physiological
traits(Tripodi et al, 2018)

There are three broad categories of remote sensing platforms available: ground based,
airborne, and satellite. The first developments in remote sensing applications using imaging
spectrometry started with the development of satdlged imagery resoucAdao et al,

2017) Spectral satellite imaging has been being used for-kugle field evaluation in
agriculture for a long timéChapmaret al, 2014) It has been successfully used to monitor
crop health and performan(femboldet al, 2013) Currently, there are increased capabilities
available in satellitdbased approaches for detecting vegetation health and stress with wide
spatial and spectral resolutiofuanet al, 2016; Huet al, 2019) However, the limitatios

of satellitebased systemare that theyare not easily affordable, there is a lack of data
acquisition due to the climate conditions, and in some cases, there are long revisit times
(ZzamanAllah et al, 2015)

The alternative solution is the use of unmanned aerial vehicles (Uzaged
platforms. The use of UAVs as a remote sensing tool for aerial image phenotyping has become
critical in advanced crop breeding and precision agricul@@aeanAllah et al, 2015) as it
delivers accurate and precise physiological crop information more rapidly, effortlessly, and
nondestructively(Adamchuket al, 2010; Shakooet al, 2017) These are possible due to the
development of lightveight UAVs with better flight controls and the possibility of mounting
high spatial and spectral sensors that effectively increase temporal resolution. The UAV
equipped with sensors designed for phepioiy studies has demonstrated the capabilities of
large-scale crop monitoring, field phenotyping, yield and quality forecagéiaghanAllah et
al., 2015) and early disease detecti(Bugiuraet al, 2016; Franceschiret al, 2019)with
high throughpu{Richardet al, 2018)

Beside the UAV and satellite platforms, proximal remote sensing (PRS) platforms have

been used for high precision field phenotyping and disease deté¥irtet et al, 2016;
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Tripodi et al, 2018) Field-phenotyping using proximal platforms refers to phenotyping done
with groundbased vehicles coupled with sensors, which can be handheld or mounted on
platforms such as ground vehicles, stationary towers and field scgAa&eshet al, 2019)
Although PRS is fast, has fewer errors, and has the possibility to carry more sensors, it is
relatively expensive to build and operate. Three types of remote sensing were directly
compared (satellitbased imagery, UAV, and PRS). UAAsed remote sensimgs found to

be the most precise, efficient, and eeffective for field phenotypindTattariset al, 2016)

1.7.3 SENSOR TYPES AND CAPABILITIES IN REMOTE SENSING PLATFORMS

Remote sensing platforms that are available for field phenotyping includebaa®d,
groundbased, and satellite platforms, can be mounted with a wide range of sensors, such as
RGB, thermal infrared, LIDAR, multispectral, and hyperspedcirahget al, 2017; Richard
et al, 2018) The number and type of sensors vary from one to multiple sensors, and their
applicability depends upon the type of crops, parameters to be evaluated, resolution levels, field
or plot sizes, and local conditions or areas to be exploited. The choice of s@wsits
capabilities will depend on the specific research objectives and the characteristics of the

vegetation and surrounding environment.

THERMAL SENSING

Thermography or thermal imaging is one of the techniques that works on the emittance
and can be used for detecting crop stresses, canopy temperature, water deficit, and disease
occurrence over a large field by visualising the differences in canopy tempé&itakooret
al., 2017) Several authors have been discussed and reviewed the viability of infrared
thermography as a highroughput field phenotyping (HP) tool (Prasharet al, 2013;

Prashar and Jones, 2014; Deetyal, 2016) Recently, studies have utilised the UARSE for

thermal imaging acquisition for early disease detedfvashaet al, 2013; Zhuwet al, 2018)

Thermal cameras can also be used to predict the final yield. For ex@inajenaret al.(2014)

used thermal data to compare the yield and sugar content of sugarcane clones under different
irrigation treatments (drought, half irrigation, and full irrigation). The result showed that there
was a variation among clones within the irrigation environmnand a higher canopy
temperature is associated with a lower transpiration Ratkoskiet al. (2016) used UAV
platforms to acquire multispectral data coupled with a thermal camera to predict grain yield in

wheat.
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REFLECTANCE SENSING

Sensors measure the radiance, which represents the intensity of light in a certain
direction towards the sensor. Reflectance or spectral sensors assess the spectral information of
vegetation by measuring the spectral reflectance in the visible7@®0m),near infrared
(700-1300 nm), and shortwave infrared (139000 nm)(Burger and Gowen, 2011$pectral
reflectance measurement of vegetation can be related to crop structure and chemical
characteristics; it acts like a signature that enables the estimation of crop traits based on the
spectral properties of plan{$ripodi et al, 2018) There are three broad reflectance sensors,
including RGB, multispectral, and hyperspectral, which are categorised based on the number

and width of measured wavebands, also known as spectral res@Mitiblein, 2016a)

Images from an RGB digital camera, which records spatial data in the visible region
(red, green, and blue bands: RGBYipodi et al, 2018) have been widely used for non
invasive phenotyping and disease detection as they are suitable for the use under natural
illumination (Shakooret al, 2017) RGB imagery has been extensively used as a primary tool
for assessing field phenotyping and disease screening. For instargiaraet al. (2016)
developed a potato late blight severity estimation technique in a field using RGB imagery from
unmanned aerial vehicles. This study showed that disease severity estimated from RGB
imagery is more efficient compared to visual disease assessment. Monedwes, been
established to be sufficient for the estimation of leaf area and LAl (Leaf Area Ifidgqdi
et al, 2018)

Reflectance datasets from the hyperspectral and multispectral have the potential to
discriminate between healthy and diseased cr@panceschiniet al, 2019) and plant
architecture by relating spectral signature and crop architecture infornf@hakooret al,

2017) Focusing on spectral information related to disease occurrence, multispectral imaging
is an initial tool for assessing genetic variation and early disease detection on the field scale at
the canopy level(Franceschiniet al, 2019) Many studies have reported successful
discrimination of healthy plants from diseased plants in various crops, such as stripe rust
infection and nitrogen deficiency in whéBtevadast al, 2015) mosaic virus in cassayRaji

et al, 2016) leaf spot in maiz€Adamet al, 2017) verticillium wilt in olive trees(Calderén

et al, 2015) and late blight in potat(Sugiuraet al, 2016) Higher spectral resolution allows
higher detection capability, but this comes with the possible limitation of data storage and

probably acquisition time. Multispectral is limited by the number of spectral bands (two to ten),
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whereas hyperspectral provides ten to a hundred spectral bands in visible, near infrared, and
shortwave infrared. Therefore, hyperspectral offers a more targeted approach to spectral

acquisition and is richer in data than multispectral.

1.7.4 ADVANCING CROPMONITORING

Crop monitoring and disease observation have traditionally relied on manual methods
conducted by the field inspector or agronomist. The conventional methods perform well for
gualitative traits; however, they are tirnensuming, prone to human error, andolab
intensive, or permit the use of only a few sensors at a(@amposet al, 2019) With the
climate change situation is expected to lead to a yield reduction due to a sbastamn length
(Haverkort and Struik, 2015Nonetheless, the effects of climate change on potato yield are
anticipated to vary across different regions. To overcome these chaNetigédse anticipated
impacts of future climate changes on plant growth and field management practices, there is a
growing need for flexible, fast, accurate, and precise crop monitoring methods. These
advancements in crop monitoring are crucial to effelstivesponding to changing climatic
conditions and optimising land management strategies.

Producers worldwide are exploring the adoption of precision agriculture technologies,
as eaktime crop monitoring can be highly beneficial in the context of climate cleatgdions
(Adamchuket al, 2010) With the occurrence of erratic weather patterns and extreme events
like droughts, heatwaves, and storms, -teaé monitoring allows for timely interventions,
empowering farmers to mitigate risks and masenyields amidst changing conditions.
Furthermore, effective crop monitoring enables precise resource management, inveaidmg
fertilisers, and pesticides. By tailoring inputs to crop requirements based on monitoring data,
farmers can mininse waste and reduce environmental impact. Additionallyp anonitoring
provides valuable insights into plant responses to climate stressmibtating the
development and implementation of adaptation strateg{@ugiuraet al, 2016) This
encompasses the selection of resilient crop varighiegdjustment of planting dates, atine
optimisation of cultivation techniques. Through these measurestimealcrop monitoring
plays a crucial role in enhancing agricultural resilience and sustainability in the face of climate

change.

Advancements in crop monitoring techniques, including remote sensing, sensor
networks and unmanned aerial vehicles (UAVS) equipped with sensors, offer significant

improvement in widearea coverage and the frequency of data collection at a localised level.
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These technologies enable close monitoring of individual fields or crop areas. Numerous plant
phenomicsd studies have developed useful too
in the field, such as biomagSolzariaret al, 2011) leaf area indeiianget al, 2015) canopy

height (Friedli et al, 2016; Haret al, 2018) growth rate§Holmanet al, 2016; Liuet al,

2020) yield potentialGomezet al, 2019) disease¢Mahlein, 2016b)and stress tolerances
(Sugiuraet al, 2016; Franceschirgt al, 2017) It is clear that this information is crucial for
evaluating crop development, health, and environmental responses. However, device
variability and plant population structure can influence data colle@tiebischet al, 2015)

Despite these challenges, the advancement in crop monitoring techniques is complemented by
data analytics, whickenhance the interpretation of monitoring datkentify patterns, and
generate predictive modelBhis helps breeders and farmers make precise selections and crop
management decisiofg/att et al, 2020)

In addition, n the face of future climate chamghallengedlexible, fast, accurate, and
precise crop monitoring is @sntial for climateesponsive cropmanagement.With
advancements in remote sensing, B\ sensor networks, and data analytimeeders and
farmerscan make informed decisions, adapt to changing conditions, and ssptesburce
Futureresearch and development in crop monitoring techniquesavitinue tamprovetheir
efficacy, accessibility, and integration into agricultural pragsicultimately contributing to

sustainable and climatesilient food production systems.

1.7.5 SENSING APPROACH FOR FIELD PHENOTYPING

Cutting-edge field phenotyping technologies, especially in etasge and remote
sensing, hold the potential to expedite eathge breeding procedur€&ipodi et al, 2018;
Wattet al, 2020) The concept of higithroughput field phenotyping is the practice of utilising
autonomous vehicle quipped with several sensors to gather extensive data on the variability of
plants(Shiet al, 2016) As remote sensing technologies offer waea coverage and frequent
data acquisitionby analysing the spectral signatures and patterns captured by remote sensing

sensors, valuable insights into plant characteristics and phenotypic traits can be obtained.

The integration of unmanned aerial vehicles (UAVS) into agriculture remote sensing
provides improved data collection with higdsolution imagery and detailed data capture over
a large areéShiet al, 2016) They enable oipoint monitoring of individual fields or specific
crop areas, facilitating targeted interventions and precision agriculture practices. UAVs can

play a significant role in field phenotyping by capturing hgglality images of crops, allowing
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for the extraction of plant traits and the assessment of phenotypic variations across different
areas of the fieldShiet al, 2016) Although there is various research in multispectral remote
sensing, thers aheavily focus on monitoring over large field asgauoet al.(2018)research
highlights the importance of integrating spatial remote sensing data with crop growth models
to evaluate crop growth, yield prediction, and study climate chantle spatial scale. This
research also highlights that in order to achieve high accuracy and effloagyis a need to

manage the computatialchallenges of this integration.

By integrating these sensing approaches with field phenotyping techniques, such as the
extraction of plant traits from imaging sensors, the field of crop monitoring is advancing
rapidly. These technologies offer opportunities for -teak monitoring, preise resource
management, adaptation strategies, ancenhanced understanding of plant responses to
climate stressors. As the agricultural sector faces the challenges of climate change and the need
for sustainable practices, the development andsatihn of these sensing approaches in field
phenotyping provide valuable tools for farmers, researchers, and agronomists tecoptmi

production and ensure food security in a changing world.

1.7.6 DATA PROCESSING AND ANALYSIS APPROACH

Data processing and analysis are critical components to extract useful information from
complex raw data from phenotyping platforms. Htgloughput phenotyping platforms are
increasingly being used to collect data on plant growth and development ovge area.
However, they can create massive amounts of data. The raw data obtained from phenotyping
platforms can be complex and huge in volume. The evaluation of data is crucial for maximising
the potential of phenotyping in research and bree@ivatt et al, 2020) Manual analysis of
such data is not only tirmeonsuming but also prone to errors and limitations due to human

subjectivity.

To overcome these challenges, sophisticated data processing and analysis techniques
are employed. These techniques involve employing statistical methods, machine learning
algorithms, and data visusdition tools to extract meaningful information and patterns from
the raw datdYu et al, 2006; Wattet al, 2020) By leveraging these techniques, researchers
and scientists can uncover relationships, identify trends, and gain insights into plant
performance and responses to environmental factors. Data processing invejywexessing
the raw data, which may incladlata cleaning, normsdition, and transformation to ensure the

data is suitable for analys{®\l-jabery et al, 2020) Subsequently, various statistical and
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machine learning algorithms can be applied to analyse the data and derive meaningful
information. These algorithms can help identify correlations between different plant traits,
predict plant responses under different conditions, and classify plant ppesdigised on
specific criteriaRossiet al, 2022) Furthermore, data visusgdition techniques are uséd to

present the analysed data in a more interpretable and accessible mannesatfgsu&tiols

enable researchers to explore and interpret complex data sets, facilitating a better understanding

of plant performance and aiding in decisimaking processg€anonicecet al, 2021)

Several approaches can be used to extract plarg (pienotyping) from remote
sensingbased images, providing valuable insights for field phenotypingestu@ne of the
common approaches is the uséd#fep)machine learning algorithnfPoundet al, 2017; Watt
et al, 2020) Machine learning techniques such as the Random Forest, which can be trained to
classify different crop features based on their spectral signalilaekine learning algorithms
offer a supervised approach to analysing field images and can effectively identify and classify
various crop characteristics from remote sensing @tanget al, 2017; Kharet al, 2018)
Through the process of training the algorithm using labelled data, they acquire the ability to
identify patters that are linked to particuladgnt characteristic€Poundet al, 2017) This
empowers researchers to efficiently analgsel integrate phenotypic data into genomic
predictionthrough image annotation, presenting a solution to the human annotation bottleneck
(Zhanget al, 2017; Wattet al, 2020)

Another approach is objebased image analysis (OBIA) techniques, where the
multispectral image is segmented into smaller, homogenous regions, and each region is
analysed separately to extract crop feat(iBenzet al, 2004) OBIA offers a more detailed
and precise identification of specific crop characteristics and can be particularly useful for
complex field conditiongNuijten et al, 2019) Image processing techniques, such as image
thresholding and filtering, can further enhance the extraction of crop features from images.
These techniques help to isolate and enhance specific characteristics of interest, contributing
to a more accurate ardktailed analysis. In addition to machine learning and OBIA, other
approaches that can be used to extract crop features from remote-bassidgnages include
spectral indices. Spectral indices, such as the NasmdaDifference Vegetation Index (NDVI)
and Enhanced Vegetation Index (EMhese indices utilise specific spectral bands to calculate
vegetation indices, providing information on crop health, biomass, and photosynthetic activity
(Bannariet al,, 1995; Haboudanet al, 2004; Bendiget al, 2015)
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The choice of approach will depend on the specific crop features of interest, the type,
resolution and quality of the imagery, as well as the overall research objeQwesll,
effective data processing and analysis are essential for extracting useful information from the
complex raw data obtained from phenotyping platforms. This strategy not only simplifies the
retrieval of valuable data for phenotyping studies butadisls to the advancement of precision
agriculture and crop monitoring approaches ayiplg advanced techniques. Researchers,
breeders, and farmers may gain a comprehensive understanding of their crop and optimise input
for higher efficiency and sustainability, improve crop management practices, and accelerate

the development of new variesi that are better adapted to changing environmental conditions.

1.7.7 FUTURE DIRECTIONS FOR UAV-BASED PHENOTYPING

To further advance, phenotyping techniques are required for improving the selection of
efficiency, being fully automated for monitoring plants, and being cost effective. The future
direction of theapplication of UAVVbased phenotyping is expected to experience substantial
progress, driven by novel computational tools. As technology continues to advance, data
processing and analysis will become more efficient through the development of more advanced
and integrated systems that can provide-teaé data on various plant features. UA¥sed

phenotyping is expected to follow several key directions.

First, the development and integration of more sophisticated sensors, such as
hyperspectral, thermal, and LIiDAR sensors, into UAV platforms will enhance the precision
and range of traits that can be monitored and deteThexipresence of numerous stresses in
field crops poses challenges for optical, automated stress phenotyping by utilising multispectral
or hyperspectral technologies, which offer potential solutiRayet al, 2011; Van De Vijver
etal, 2 0 2 Gtal, 3a2) Qvér the years, hyperspectral imaging has gained popularity as
a tool for plant phenotyping-his techniqueoffers a more detailed and accurate view of the
potato plantos bi ochemi c(bghima etdal, pOh8y $Vheo | o0 g i C &
integrated witha UAV remote sensing platform to obtain high spectral resolution data on
multiple parameters simultaneously, leading to a more comprehensive understanding of the
potato plant és gr ©ohigtcdn be dode indvariows|logcgliong such as
laboratories, greenhouses, experimental fields, and large farm(afgasktralat 2019 ; Sar
et al, 2022)

Second, consideringe amount of data that netd be processed and analysed, various

statistical techniques have bedevelopedo helpidentify factors that influence the trait of
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interest The advancement in computational power is also benefiting reseatehms of
managing collectionsuch as phenotypic data (e.g., plant height, yield, and disease resistance),
genotypic data (e.g., DNA markers), environmeatad weather condition data, soil quality

and market datéSlateret al, 2017) This information is then used to make informed breeding
decisiorsand detect the best individual for seed produciitvere are a few papers tlaaldress

the potential and challenges of managing big,datderscoringhe pivotal role of advanced
technologies in enhancing plant phenotyping's effectiveness and applic@bilitydi et al,

2018)

Third, future UAV-based phenotyping will likely focus on integrating phenotypic data
with genomic, environmental, and management data to provide mdepth information on
plant performanceOver the last few years, there has been an increased discussion about the
use of novel computational tools such as machine legramtyartificial intelligencgAl) has
the potential to enablbreeders to analyse vast amaurit genetic and phenotypic data in a
more efficient and accurate manner. For example, inraodelentify complex relationships
between traits and genotype data tialy bedifficult to detect by usingraditional statistical
methodsA machine learning algorithm can be used to select desirable tesitdting in more
precise and fastedevelopment of a new variety that better adapted to changing
environmental conditions.Additionally, artificial intelligence can optimise breeding
programmes by automating tasks such as seed selection, disease identification

phenotyping.

Next, while remote sensing technologies are becoming more sophisticated and
affordable, UAV systems will become more tailored to specific crops and environments. In the
case of potato production, the use of remote sensing methods nthioghghput field
phenotyping has already shown promising results in research séttexdssus Colwedét al,

2021) UAVs are equipped with adaptable, srsfled sensors to gather various sorts of data
and allow for the quantification of both spectral and morphological data related to plants
(Tripodi et al, 2018) However, their practical implementation in commercial potato
production still requires further testing and validatidhe ongoing development of remote
sensing technologies and fidbdsed phenotyping will continue to improve the ability of plant
breeders and farmers to optimise crop yields and produce more efficient and sustainable

agricultural practices.
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Overall,the use of UAVbased phenotyping in conjuran with novel computational
tools can certainlyaccelerate the development rgw varieties thameet the demands of a
changing world. By enabling more efficient and accurate data processing and analysis, leading
to more informed breeding decisgmve may effectively shorten the breeding cyid@& way
that is more preciseand better adapted to changing environmental conditions. However,
efficient and accurate data processing and analysis methodsyarkdtienges to overcome.
Continued research and development in this field will unlock the full potential of-hbséd
phenotyping for potato production, leading to improved crop yields, more efficient agricultural

practices, and sustainable food produttio

1.8 THE THESIS AIMS

The study acknowledges the current constraints of remote sensing technologies,
primarily the cost of sensors and the complexity of imaging processing, handling, and
acquisition. These factors limit the accessibility of advanced phenotyping platforms, which
offer detailed canopy development descriptions with high accuracy and reproducibility.
Although advanced phenotyping platforms are performing well, they are not easily affordable
for many research and practical applications. Studies focusing on whalitakdesresolution
to describe the relationship between canopy characteristics and disease infection at the field
scale are still lacking. To address this gap, the study aims to investigate and understand the
variability between different systems and tesalution dependence of crop growth and disease
detection characteristics in potato&olanum tuberosurn.). While assessing this variation,
the research will also focus on identifying a suitable resolution to describe the relationship
between canopy checteristics, disease infection, and crop variability at the field scale under
natural conditionsThe structured researatonsists ofmethodologies (Chapter 2), field
phenotypingutilising multispectral imagery and 3D models (Chapter 3), maturation and yield
prediction models (Chapter 4), UAMased diseasgetection anctlassification (Chapter 5),
andtheanalysis of greening tuber and glycoalkaloid content (Chapter 6). Chapter 7 irgegrate

these findinginto a comprehensive discussion on advancing crop monitoring.
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CHAPTER 2. METHODOLOGY AND DATA ANALYSIS

In the rapid development field of agriculture technology, the advancement of unmanned
aerial vehicles (UAVS) in the agriculture sector is revolutionising the way we farm and opening
a new era of precision agriculture. Robust tools and techniques coupttedowiprehensive
data analytic farmwork is the backbone of precision agriculture and recently, effective
precision agriculture is heavily dependent on the U#dged approaches and the analysis of
the data it provides. This approach is not only enhanciog mroductivity but also paving the
way towards sustainable farming practices. A sellined methodology is important to ensure
that the data captured by the UAdsed platform in the field environment is both accurate and
reliable. Therefore, a methodglpthat includes sensor calibration processes aneftisedly
applications, is essential for tasks such as identifying crop productivity and health, also known
as crop monitoring. A clear methodology allows for the reproducibility of studies and is
essehi al to validating t he <dasedmultispectialsmageldagp t er 6
analysis and its application in potato phenotyping. The approach for methodology and data
analysis in this chapter includes data collection, data processing, amgreb@nsive
computational data analysis. The practicability, repeatability, and robustness of two developed
approaches are compared and demonstrated in this chapter including multispectral based
imagery in R and thredimensional canopy models. Using aistured approach, images from
UAVs makes it possible to devise the crop phenotypes of small potato plots in the field, even
with uncertainties of environment and weather conditions. By adapting the presented
methodologies, farmers and researchers can aentipadata across different fields which will
enable insights into crop monitoring and precision agriculture. One of the aspects of this
chapter is its adaptability for comprehensive analysis by standardising data collection and
processing techniques. Bhallows for meaningful comparisons across the field environment.
As a brief overview this chapter focuses on UBased multispectral image data and its
application in potato phenotypingach results chapter refers to the methodologies detailed in
this chapter, providing explanation for specémploying UAVs for data analysis with the
research paving the way for future innovations in agriculture by utilising the power of remote
sensing technology for precision agriculture. We are stepping into a futene \iarming is
not supposed to be increasingly productive but also environmentally sustainable. In summary,
this chapter presents approaches to potato phenotyping usingbbi#ed technologies. It

stands as a testament to the transformative power of ipreasriculture, offering an
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alternative tool for future farming methodologies that are efficient, sustainable, transferable,

and globally applicable.

2.1 INTRODUCTION

Plant phenotyping is the description and characterisation of plants, which has been a
long-understanding practice of plant research in both greenhouse and field environments
(CendrereMateoet al, 2017) Although optical approaches for assessing crop performance
and quantifying plant traits were developed between the 1950s and 1®3¥syere not
specifically referred to as "plant phenotyping" at that tf{Meranet al, 2003) Such methods
have contributed significantly to our understanding of plant biology and agricultural practices.
However, to collect plant traits from the early stages to the end of their cycle, poses challenges
for quantitative analysis, due toaditional phenotyping methods often relying on manual
measurements or field inspection, which are tooesuming, labouintensive, and limited in
scale(McBratneyet al, 2005; Martinelliet al, 2015; Mahlein, 2016b; Pieruschka and Schurr,
2019) Therefore, there's a call for higiwroughput, noAnvasive phenotyping techniques that
integrate detailed characterisation, phenotyping, and genotyping for underlying physiological

processeg§GroR3kinskyet al, 2015)

Aerial imagery, when combined with multispectral sensors, offers advantages in the
field of phenotyping for agriculture research and crop monitai@ugp et al, 2020) Aerial
imagery captured smadicale spatial variation within the field. All aerial images are recoded
in RAW data format, and in order to interpret the spectral data captured from thdased
imagery, they need to be converted to orthomosaic or tlyedaignage field format (TIFF)
(Michael et al, 2016) There are three main types of spectral data that play a crucial role in
aerial imagery. Firstly, according fadaoet al. (2017) a digital number (DN) is a value that
sensors record but has no actual physical meaningful units. Secondly, radiance is an amount of
radiance coming from object and how much light the sensor receives. The amount of light
received by the sensor is affattey multiple factors, such as the source of radiation, scattering,
and sensor characteristics. Lastly, reflectance is the ratio of amount of radiation leaving an
object to the amount of incident radiation. It is a property of the object being obseseed, al
known as a is(leetet200d4)] Tshieg mMiastpercea d al si gnatur ec
spatial variation by capturing the largec al e mul t i spectr aleyediat a and
of the field, and aerial imagery captures field spatial variation at a fine scale. These spectral

signaturesan be used to distinguish between various vegetation types, health status, or even
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detecting the early signs of stress or disease. Field surface reflectance measurements obtained
in the field can also be utilised in several remote sensing analytical methods, including the
modelling of the canop{Peddleet al, 2001) By combining aerial imagery benefits with the

depth of insights provided by spectral data, agriculture practice can be refined, and research
can be developed deeper into plant dynamics and environmental inte(aaetiget al, 2021)

However, the development of such an approach focused on phenotyping, and little emphasis
has been placed on environmental monitoring and reducing error var{Anaas and Cairns,

2014) Environmental variation masks important generic variation for key traits and has the
potential to reduce repeatability, thus reducing cost and increasing the precision of the

phenotyping technique.

There are two primary challenges to phenotyping at plot or canopy (Gt al,
2020) First, the plant segmentation from a weedy background. This challenge involves
accurately distinguishing the target plant from the background and surrounding weeds using
imaging techniques. In a field environment, different plants may grow closely ¢éogetising
a challenge for automated systems like UAV technology to distinguish and separate the
targeted plant for evaluatiofunget al, 2021) Accurate phenotyping relies on effective
segmentation to ensure measurements are captured from the plant without interference from
nearby plants or weeds. Secondly, the estimation of plant traits that are difficult to measure
manually. Several plant ttaj particularly structural or physiological, can be complex and
difficult to measure precisely using manual techniques, such as root architecture, leaf surface
area, or unique physiological responses. It is important to address these problems to advance
plant phenotyping, especially for research and breeding purposes. Overcoming these
challenges will allow for more accurate and effective evaluation of plant characteristics, and

bridge the gap between genetic differences, and enhance crop selection ding lone¢hods.
Overview of the 3D model ofthe crop canopy and its application

In the last decades, common trends have been demonstrated in the extraction of relevant
phenotypic information from plant threimensional (3D) models acquired by Structure from
Motion (SfM) imaging, stereo vision (SV), LIDAR, and R&BcameragRossiet al, 2022;

Liu et al, 2023) The images that contain an extra depth component {B{z&an be used in
conjunction with SfM techniques to generate point clouds or mesh representing the plant
canopies(Ziamtsov and Navlakha, 2019This approach not only captures visual (RGB)
information but also depth data (D), offering a comprehensive view of plant physiology. The
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point cloud data is then filtered to remove noise, aligned, and merged into a cohesive 3D model
representi ng t(lueet ah P023) Sedesal stutlias have already explored the
feasibility of SfM in conjunction with an unmanned aerial system (UAS) for estimating plant
height across various crops, including mgizalamboet al, 2018) sorghum(Tuncaet al,

2024) barley(Bendiget al, 2014) wheat(Holmanet al, 2016; Zhouwet al, 2023) and rice
(Bendiget al, 2013b) For exampleTuncaet al.(2024)proposed the technique for estimating
canopy height from the Digital Surface Model (DSM), Digital Terrain Model (DTM), and
vegetation indices (VIs) generated from 3D point cloud data and the SfM algdvitlembo

et al. (2018) proposed the use of UAV and SfM techniques to generate 3D point clouds to
collect crop height in maize and sorghum plots. In some studies, point clouds of crop canopies
at plotlevel have been segmented into quantiles based on height, with 99 percentiles
representing the top of the plant and 1 percentile representing the soil and above ground
(Anderson llet al, 2019) This method allows researchers to differentiate between various
sections of the plant for detailed analysis. Despite the advances in capturing 3D data of plant
structure, developing methods to efficiently analyse 3D point cloud data of plant structure
throughout the crop growing cycle remains challenging for many phenotyping purposes
(Malamboet al, 2018; Ziamtsov and Navlakha, 2019)

The use ofcrop 3D models in plant phenotyping research represents a significant
advancement in agricultural research, offering detailed insights of plant structure and function
that were difficult to obtain with traditional methods. These models facilitate a deeper
undestanding of how different phenotypic traits contribute to plant growth, health, and
productivity. By employing these technologies, researchers can improve crop breeding
strategies, enhance precision agriculture practices, and make beittigtipns of plant

performance under field environmental conditions.
Overview of the Image R package and its application in multispectral image analysis

Using remote sensing effectively in agriculture requires various software tools for
image processing. Software such as Agisoft, PhotoScan, and Pix4D Mapper, are being used to
combine overlapping aerial photographs into a unified orthomosaic image or TIFFfilmage
While generating an orthomosaic is mostly automated, identifying experimental units (plots)
and extracting plelevel features are more complex and involve numerous prod@ddagas
et al, 2020) Breeders or agriculturists often rely on customised and specialised GIS
(geographic information system) software, such as ArcGIS, QGIS, and GRASS GIS. To tackle
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this issue, the proposal of using packages in a-fusedly software such as the R
programming language was suggested to simplify these pro¢Bssmsdet al, 2008; Matias
et al, 2020)

R is a programming language and ofsemnirce software environment widely used for
statistical analysis, data visualisation, and data manipuldieam, 2021) R provides
powerful libraries and packages such as raster, sp, GeoXp, and ggplot2 that offer the user the
ability to integrate code, analyse, visualise, and prepare UAV data for further spatial data
analysigBivandet al, 2008; Laurenget al, 2008) R also has a large community, which means
there are resources, tutorials, and an online forum available to help with the analysis workflow
and extract valuablmsight from the drone data. Its opsource nature and wide availability

make it accessible to users worldwide and well suited for analysing UAV datasets.

One of the challenges for small plot field phenotyping is the segmentation of the
individual plots from the background in image analysis. The image R package is a powerful
tool for spatial data analysis and processing of images in the R programming &nguag
However, packages that require using them for drone image analysis need to be designed for
the specific format. For example, in order to analysebiamed multispectral images, a package
has been developed to accommodate this, known as Fieldin(sig¢igset al, 2020) In this
chapter, we delve into the capabilities of the R programming language, with a special focus on
the image package. In this chapter, we provide an overview of how the image package can be
employed for image analysis and processing tasks. Thisingilhlde data extraction and

analysis for potato canopy traits.

2.2 RESEARCH APPROACHES

This research is abductive by combining a theory that is already available and building
it based on the observed data. In the context of using unmanned aerial vehicles and remote
sensing for agriculture, a deductive approach involves testing hypothesas thbo

effectiveness of UAVs in improving the way we study plant phenotyping and plant monitoring.

This study employs the research approach using real time monitoring across fields. In
this chapter, we will explore the approaches that have been used or employed with the optical
imaging sensor technique for the potato production or breeding programmerdposed
method for assessment of different potato genotypes (phenotypic differences) for different

varieties of potato in the field condition is to detect and monitor the changes in potato canopy
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characteristics and stresses (both biotic and abiotic) using-hEs¢d multispectral imagery
combined with field inspection (morphological proximal using handheld proximal devices).
With the supervised classification and machine learning with the thresbchdiques to
remove the background and the unwanted objects in the background (e.g., soil and weed). The
main stage of the proposed study is to explore the possibility of employing theéband

low altitude UAV as an alternative way to monitor potgitowth in field conditions.

2.3 RESEARCH DESIGN

2.3.1 EXPERIMENTAL DESIGN

The experiment was conducted using the potatwahum tuberosurm.) association
panel available in our group in the form of a largplicated study at Nafferton Farm,
Newcastle University. A total of 290 varieties are available in this panel and were planted in
May 2020, 2021, and 202Zhe field plan was designed to minimise the possible impact of
external factors that could potentially affect the data collection process. To address this issue,
the experimental design consisted of two replicate bloctshad a total of 300 plots (linked
to each variety) per replicate block. Each block consisted of six rows with 50 plots per row
(Figure 2), and each plot was comprised of four tuber seeds of a given variety. To minimise
edge effect, a row of guard plants was planted surrounding each block, and for imaging
evaluation, the planting distance between rows was kept at 90 cm and betweerlptsat
The trials were conducted using standard conventional management practices. The variation in
the elevation of the field is small, with a height difference of around 10 cm going from northeast
to southwestAn aerial view of the experimental setup presente&igure 3, provides a
distinct visual representation of the plot rows and spacing capture with an UAVha:tBO

altitude.
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Figure 2 A diagrammatic representation of field layout
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Figure 3 Aerial view ofthe potato field layoutvith digital surface model elevation (m).

2.3.2 STUDY AREA

The studywas conducted at Nafferton Farm, Newcastle University, Northumberland,
United Kingdom.The location of Nafferton Farm is indicated with latitude and longitude
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coordinates irFigure 4. The farm has been followed the soil association standard for organic

field to ensure that the field is certified as organic.

138°31.446'W  144°8.956'E  66°49.358'E  10°30.241'W  87°49.839'W  165°0.437'W 117°30.964'E  40°11.366'FE  37°8.232'W  114°27.831'W 168°12.571'E  90°52.973'E

54°18.869'S 54°18.869'S

Nafferton Farm, Newcastle University, UK

23°0.729'N 23°0.729'N

79°39.672'S 79°39.672'S

2°20.074'S \ 2°20.074'S

Organic

74°59.524'N 74°59.524'N

27°40.877'S 27°40.877'S

49°38.721'N 49°38.721'N

53°1.681's 53°1.681'S

Legend
Nafferton Farm Boundary
24°17.918'N Naff 24°17.918'N
Bl Potato field 2021
Potato field 2020
78°22.484'S Potato field 2022 78°22.484'S

138°31.446'W  144°8.956'E  B6°49.358°E  10°30.241'W  87°49.839'W  165°9.437'W 117°30.964E  40°11.366E  37°8.232'W  114°27.831'W 168°12.571'E  90°52.973'E

Figure 4 Map of Nafferton Farm, Newcastle University, UK, showing the boundary and layout
of the farm. The legend shows specific field sites used for potato cultivation in three different
years: 2020 (green), 2021 (yellow), and 2022 (blue)

As a result of the COVIEL9 pandemic limiting physical access and availability of
supportpersonnel, trials in 2020 were carried out in conventional fields only. Potatoes were
planted in both conventional and organic fields from 2021.

2.3.3 FIELD MANAGEMENT

The organic blocks were fertilised 3 weeks before planting with 180 N Kg/ha of
farmyard manure, with weeds being controlled mechanic@liyoughout the experiment, a
consistent fertilisation application was employed for conventional figidhe experimental
plots cultivated, fertilisers were applied as follows

- Nitrogen (N): 180 kg N/ha
- Phosphate (P): 134 kg P/ha
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- Potassium (K): 200 kg K/ha

Fertilisers were applied in a split applicationdptimise nutrientintake The initial
application is at plantingyherea basal dose containing a muse of N, P, and K was applied.
A second applicatiomsa top-dressing ohitrogenwasappliedat the tuber initiation stage to

promote optimal tuber growth and development.

A detailed list of pesticides and herbicides used in this experiment field for 2020, 2021,
and 2022 is described ifable 1. The application was timed and designed based on potato
growth stages, peslisease and weed presamdenvironmental conditiongiowever, regular

field monitoring was conducted to adjust the time of application as needed

Table 1 A detailed pesticide and herbicide application schedule was followed each year.

Year | Application date Chemical used Description | Application

2020 | 18-05-2020 Wicket Herbicide |5L/ha
18-05-2020 Prosulfocarb Herbicide | 3L/ha
18-05-2020 Praxim Herbicide |4 L/ha
18-05-2020 Metobromuron Pesticide 3 L/ha
30-06-2020, 1607-2020, 06 | Shirlan Fluazinam| Fungicide | 300 ni/ha
08-2020, 2608-2020
08-07-2020, 31-07-2020, 13 | Mancozeb Fungicide | 1.7 kg/ha
08-2020

2021 | 20-05-2021 Wicket Herbicide 5 L/ha
20-05-2021 Prosulfocarb Herbicide | 3 L/ha
20-05-2021 Praxim Herbicide 4 L/ha
20-05-2021 Metobromuron Pesticide 3 L/ha
10-06-2021, 2206-2021,13- | Shirlan Fluazinam| Fungicide | 300 ml/ha
07-2021
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30-06-2021 Panarex Herbicide 2.25 L/ha

30-06-2021, 2207-2021 Fubol Gold Fungicide | 1.9 kg/ha
2022 | 26-05-2022 Wicket Herbicide 5 L/ha
26-05-2022 Prosulfocarb Herbicide |4 L/ha
26-05-2022 Praxim Herbicide 4 L/ha
26-05-2022 Metobromuron Pesticide 0.5L/ha

10-06-2022, 2306-2022, 15 | Shirlan Fluazinam| Fungicide | 300 ml/ha
07-2022, 2207-2022

17-06-2022, 0707-2022, 0% | Fubol Gold Fungicide | 1.9 kg/ha
08-2022

In preparation for final harvest, both organic and conventipogto blocks were
flailed two to three weeks prior to the scheduled harvest date. This practice allows the
hardening of the tuber skin, which is crucial for minimising damage during harvesting and
enhancing the storage quality of the tubers.

2.4 RESEARCH STRATEGY

Developing an effective and comprehensive research strategy for early and accurate
detection of plant diseases and plant monitoring involves considering various aspects of the
problem, including technological advancements, interdisciplinary approachepyaatidal

implementation.

The structure of the research strategy includes, first, conducting a thorough review of
existing literature to understand the current stage of plant monitoring and detection
technologies. Then, identify research gaps and challenges in current methodoldggglore
the advancements in sensors, imaging approaches, data analytics, and other relevant fields.
Second, identify the specific objectives of the trend in the research, such as improving early
detection, enhancing accuracy, or developing-tieg nonitoring systems. Next, determine
the scope of your search, including the types of potato disease to be addressed and the

differences in potato varieties.
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Given that UAVbased multispectral imaging generates quantitative data on plant
health and growth, we believe in objective measurement and the scientific method to interpret
this data. The core proposal of this study is both exploratory and explanatmeiiodology
aims to explore the potentials of the use of UBa&sed imagery in potato phenotyping and
explain the correlations between the imagery data and field measurement of potato growth
parameters and important traits. For representativenessjetresiidom sampling techniques
are employed. Potato fields are designed with the aim of achievingd@pin analysis of the
potato varieties by sensing and ensuring external factors and variations are accounted for and

minimised

2.5 GROUND TRUTH AND PROXIMAL D ATA COLLECTION

The objective of manual or proximal measurement, including visual disease assessment
and morphological ground truthing data, was to validate the spectral data and determine the
potential relationship between the estimated data obtained from abds&d aeéal imagery
approach and the data obtained from the proximal method. Phenotyping with proximal sensors
allow high-precision measurements of plant traits both in controlled conditions and in the field
(Odilbekovet al, 2018)

The data collection to broadly understand the pattern of plant growth and disease
incidence in 300 different potato varieties was done simultaneously using different approaches,
including visual rating for grounttuthing and spectral datasets using Ub&ed aerial
imagery. This was done throughout the growing season (Megptember) and aerial imagery
and field measurement were coincided wherever possible in the 2020 and 2022 trials. Using
their multifactored approaches ensured that we obtained a mnistomprehensive dataset
for analysis, giving insights into various nuances of potato growth and dyn&migdant and
canopy growth assessment, the conventional method of assessing plant performance involves
physically walking through the plots and performing the visual rating. Field visual assessments
were employed for the evaluation of crop emergencet phaturity, and disease diseases in

potato crops, as detailed below.

2.5.1 WEATHER DATA

The weather data recorded at Nafferton Farm includes average wind direction (in
degrees), maximum wind speed (in metres per second), average wind speed (in metres per

second), average temperature (in degrees Celsius), average atmospheric pressure (in
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hectopascals), average relative humidity (in percent), average dew point (in degrees Celsius),
average soil temperature (in degrees Celsius), total rainfall (in millimetres), and average solar

radiation (in Watts per square metre), obtained from the westtteon Table 2).

Table 2 Weather data recorded at Nafferton Farm from 2020 to 2022 (average).

Parameter year month

April May June |July | August | Septembe

Relative humidity] 2020 | 95.64 | 92.1 89.08 | 92.65 | 92.62 |96.71

(percentage)

2021 | 86.96 |94.16 |87.43 |87.87 |85.82 |89.77

2022 | 94.39 | 91.5 84.4 |9497 |88.89 |86.79

Temperature 2020 | 8.63 1152 |13.44 | 142 |15.17 |12.56

(degree Celsius)

2021 | 5.36 8.91 14.15 | 16.28 | 14.74 | 14.48

2022 | 7.84 11.73 | 14.09 | 16.89 | 16.33 | 13.89

Soil temperatur¢ 2020 | 8.04 9.71 11.92 | 12.68 | 14.07 |12.41

(degree Celsius)

2021 | 6.77 9.35 13.37 | 15.39 | 14.72 |14.01

2022 | 8.26 10.73 |13.08 | 15.77 | 15.86 |14.26

Total rainfall| 2020 | 0.001 | 0.012 | 0.017 | 0.016 | 0.03 0.02

(millimetres)

2021 | 0.006 |0.025 |0.006 |0.027 |0.023 |0.018

2022 | 0.007 |0.018 |0.009 |0.010 |0.01 0.036

solar  radiation| 2020 | 164.63| 219.71 | 162.96| 181.39| 128.54 | 101.21
(Watts per squar

2021 | 176.61| 167.8 | 217.76| 184.75| 134.75 | 94.87
meter)

2022 | 160 177.18 | 220.79| 195.11| 170.79 | 118.1

The weather data for 2020, 2021, and 2022 needed to be structured in a format that
could be easily correlated with the crop parameter data. This can be done by aligning the
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weather data with the corresponding growth stages of the potato crop. Then calculate the

average of each weather parameter for each growth stage.

- April and May (initial or establishment stage)
- June (tuber initiation stage)

- August (maturation stage)

- September (senescence)

Finally, combine the structured weather data with the cropfdatarther analysis.

2.5.2 CROPEMERGENCE/ NUMBER OF PLANTS PER PLOT

Potato plant emergence involves visually counting the number of individual plants
within the plot by physically inspecting the field to determine how many plants have emerged

from the ground.

2.5.3 DISEASES

Potatoes can be infected by many differigiotic and abiotic stressdisat can reduce
yield and tuber qualityThis assessment focuses on the crop tolerance or resistance of stresses
ensuing the selection of resilient varieties. This included fungal pathogens: including
Phytophthora infestan&asing late blight) andlternaria spp., and Viruses: including potato
virus Y (PVY) and potato leaf roll virus (PLRV).

For field evaluation of late blight resistance during vegetation growthyitual
observation of late blight symptoms was carried out for each plot using the degree of infection
(11 10-degree scale). Late blight symptoms on leaves generally appear as irregular dark spots
that enlarge as the disease devel&jguie 5). On the upper surface, a lighter green halo often
surrounds the necrotic area, and on the lower surface, whitistbesarnag mould develops
around the lesions under moist conditions. Temperature and relative humidity are critical in
determining the rislof infection AHDB, 2023. The estimated scale value in this study was
adopted fronHanseret al.(2005)as detailed imTable 3.
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Figure 5 Late blight symptoms observed in the field.

Table 3 Rating system foassessintate blight symptora duringfield trials.

Rating Score Plant health indicator
10 Overall excellent plant health; mlisease symptoms visible
9 Less than 5% of leaves developed the irregular dark spots; o
healthy plant
8 Around 10 % of leaves developed the irregular dark spots
7 Around 20 % of leaves developed the irregular dark spots
6 Around 30 % ofeaves developed the irregular dark spots
5 Around 40 % of leaves developed the irregular dark spots
4 Around 50 % of leaves developed the irregular dark spots
3 Around 60 % of leaves developed the irregular dark spots
2 Around 80 % of leaves developed the irregular dark spots
1 Completely dead
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Table 4 Estimation of the resistance of potatoRoinfestansaccording tol0-degree scale
(modified fromSieczka (2002)

Degree of S i finfecti Infection %
resistance Y PIOMS otintection range mean
10 No symptoms 0.07 0.0 00
9 No symptoms, occasional necrotic spots 0.07 0.5 0.2
8 Occasional spots on individual plants, 2 leaves infec 0.67 2.3 1.1
7 Slightinfection on 9 leaves 2.47 9.5 4.7
6 All plants infected, about 20% leaves blighted 9.671 32.1 18.3
5 50% of leaves blighted, petioles infected 32.21 67.9 50.0
4 80% of leaves blighted, petioles and stems infected  68.07 90.4 81.7
3 Heavyinfection, about 9 leaves healthy 90.51 97.7 95.3
2 Very heavy infection, individual leaves green 97.81 99.5 98.9
1 Plants completely blighted; occasional parts of ste 99.671 100.0 99.8

non infected

-2 222

0.1% 1% 3% 5% 10%

e

80% 100%
Figure 6 Area diagrams for early blight severity scoriiiuarteet al, 2013)

Field evaluation for Ecobreed project (page nuniz) will be usingFigure 6 and
Table 4 Estimation of the resistance of potatoRoinfestansaccording tol0-degree scale
(modified fromSieczka (2002)

2.5.4 SENESCENCE

Senescence was carried out by field visual assessment using the below rating Byistem (
5).

Table 5 Senescence rating system for potato field trials
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Senescence rating sco| Plant health indicator

1 Overall excellent plant health; no visible browning or yellow
of leaves

2 Some browning and yellowing &daves; overall healthy plants

3 Around 75 % of green material remains, with some yellowin
the leaves

4 Around 50 % of green material remains, leaving open gaps in

5 Around 25 % of green material remains, with a significant ge
rows

6 Around 10 % of green material remains, most of the ro
exposed

7 Completely dead plant (no visible green material, including st

2.5.5 VIRUSES

Potatoes are susceptible to many different viruses that can negatively impact on both
yield and tubeuality. Common indicators of viral infection include mosaic patterns on the
foliage, stunting of the plant, and the malformation of both leaves and tubers. However,
symptoms are not always expressed due to the interactions between the virus and the potato
plant, growing conditions such as soll fertility and weather, or the stage of the plant when it is
infected. Two of the most important viruses affecting potatoes are potato virus Y (PVY) and
potato leafroll virus (PLRV). During this study, the specifipayof virus present in the field
was not identified: rather, observations were made whenever virus symptoms appeared in any

plots. This observation will be instrumental for future disease management strategies.

2.5.6 PLANT HEIGHT

Plant height is an essential trait for assessing the growth and health of most crops,
making it a key factor in crop screening processes. Measuring plant height is straightforward
and can be done manually with simple tool like a r(lRarezHarguindeguyet al, 2016) In

the context of this study, plant heights were determined by using a measuring ruler on each
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plot, with measurements taken from the top of the ridge to the apex of the plants. To estimate
the average height for each plot (variety), measurements were taken from three different
samples within the plot, ensuring a more accurate representationpbétihdeight across the

entire plot.

2.5.7 GROUND COVEROR LEAF AREA INDEX (LAI)

The density of the potato canopy was estimated using the Leaf Area Index (LAI), which
is a measure of leaf area per unit of ground area. To assess light interception, the Photosynthetic
Active Radiation (PAR) was measured. Both LAl and PAR were recordadmnthly basis
starting from theuber initiations t a g e , usi ng Decagedd bA/PARcC cuPAF
Ceptometer (Pullman, WA, USA) as illustrated-igure 7. Additionally, PAR measurements
can also be used in conjunction with climate data to estimate the biomass production of the

canopy.

« » |ACCUPARLP-80 ACCUPAR LP- 80

Figure 7 Measurement of LAl using the ACCUPAR 139 (ceptometer). The left image shows
the sensor aligned with a potato canopy to measure the light interception via photosynthetic
active radiation (PAR) within the canopy. The right image shows that the ceptosnesed

to measure the potato canopy throughout the growth stages.
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2.5.8 VEGETATION INDICES (VIS)

Vegetation indices (VIs), such as the Normalised Difference Vegetation Index (NDVI)
and the Normalised Difference Red Edge Index (NDRE), are commonly used to assess plant
health and vigour, namely extracted from handheld sensor and remote sensing data. The
indices utilise specific spectral bands to calculate vegetation indices, providing information on
crop health, biomass, vigour, and photosynthetic activity. For this study, NDVI and NDRE
were measured using the handheld ttute@nnel photodetector, RAGCAN CS45 device
(Holland Scientific, Lincoln, the NetherlandgFigure 8). This sensor measures crop
reflectance in the 670 nm, 730 nm, and 780 nm wavelengths using an integrated polychromatic
light source. This sensor is capable not only of capturing NDVI and NDRE but also recording
latitude and longitude coordinates, alondhabasic reflectance information about the target

plant.

GreenSeeker

handheld crop sensor

DISPLAY SCREEN

Figure 8 Greenseeker and RapidSCAN handheld devices for grbased vegetation indices.

Measurements were taken at each plot within the potato canopy, starting from the tuber
filling stage through to the maturity stage of the potato growth cycle. To optimise accuracy and
consistency in data collection, the sensor was maintained at a ley@stidned around 60
75 cm above the canopy, with all reading conducted by the same person. This standardisation
of the measurement process (illustratedrigure 9) ensures the reliability of the Vls in
reflecting the actual health and vigour of the potato crops.
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Figure 9 The use of handheld crop sensors to collect vegetation indices. Red lines indicate the
field of vision of the sensor and outline the target dimension for optimal sensing distances. It
highlights the significance of maintaining a uniform distance and amglesure the precision

of the measurement.

2.5.9 POTATO HARVEST

Total tuber yield was determined at each plot (for each potato variety). At each plot, all
potato tubers were harvested and stored in a net bag by hand. The harvested tubers were then
weighted (kg) and recorded. The total tuber yield of each variety @hdpeaduction system
was then divided into three categories: high, medium, and low yield. Then the yield from each

variety will be graded and kept for next year growing season.

2.6 UAV-BASED DATA COLLECTION

The planning document for a UAV mission witlseheduled flight for the purpose of
studying potato phenotyping using UAAsed imagery was done in ScaleFlyt environment
(Figure 10). Where flight missioswereconducted through the MicaSense applicatibgyre
11). Regarding the sensor equipped with the UAV platform, the planning and collection

approaches are similar but depend on the flight mission.

50



Potato 2021 :

Jun 4, 2021, 09:00 BST

8

aue\ 58

)

@ Phatchareeya Waiphara

Figure 10 The interface of UAV flight planning prior to the flight date.

2.6.1 UAV FLIGHT PARAMETERS

Aerial images were captured using an unmanned aerial vehicle. Two platforms were
used: a multrotary wing and a fixeaving UAV. The multi rotarywing UAV, a multirotor
DJI M200 and DJI M600, is equipped with a MicaseseRedBdldere-band multispectral
sensor (MicaSense, Seattle, USA). The multispectral sensor captures images in blue, green,
red, NIR, and reeédge bands. The UAV with a remote sensing system was operated at an
altitude of 30 metres with 85 percent image overlap. The camera was set te capiyes
automatically in a given space of one image every second. The corresponding spatial resolution
for this data is 1 cm/pixel. The irradiance sensor has filters to detect the amount of radiation
from direct sunlight or diffuse light in cloudy weathmnditions. The first UAV flight was
performed when over 50 percent of the plots had emerged, approximately 40 days after planting
(sprout development stag&ixedwing UAV equipped with RGB camewgascollectedaerial
imagesat a 75metre altitude with 80 percent image overlap. Details of flight dates and their

correlation with potato growth stages are shownabhle 6.
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Table 6 Detailed flight schedules in correlation with potato growth in the 2020, 2021, and 2022

trials.
Planting Flight No Field Flight date  Day after planting Potato growth stage
date (DAP)
05-05-2020 1 Conventional 25-06-2020 50 Initial/ Establishment
2 Conventional 02-07-2020 57 Tuberinitiation
3 Conventional 16-07-2020 72 Tuber Initiation
4 Conventional 24-07-2020 80 Tuber Filling
5 Conventional 07-08-2020 95 Tuber Filling
6 Conventional 10-08-2020 98 Maturation
7 Conventional 20-08-2020 108 Maturation
8 Conventional 08-09-2020 119 Maturation
30-04-2021 1 Conventional 08-06-2021 39 Initial/ Establishment
and Organic
2 Conventional 07-07-2021 68 Tuber initiation
and Organic
3 Conventional 23-07-2021 84 Tuber filling
and Organic
4 Conventional 10-08-2021 102 Maturation
and Organic
04-05-2022 1 Conventional 30-05-2022 25 Initial/ Establishment
and Organic
2 Conventional 20-06-2022 46 Tuber initiation
and Organic
3 Conventional 11-07-2022 67 Tuber filling
and Organic
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4 Conventional 05-08-2022 92 Maturation

and Organic

The data for each year shows the progression through different stages of potato growth
from initial establishment to tuber maturatioRigure 12). The flight dates provide the
observation at key stages of potato crop development as this will be used to analysing the
growth pattern of the potato crop correlating it with other data such as yield and weather
condition to gain a deeper insight inteetfactors that affecting each potato variety for the

production.

The variation in flight number iMable 6 is primarily due to differences in field
management and operational constraints. In 2020;onducted 8 UAYV flights as we are only
a conventional field to manage (COWD disruption).This allows for mordlexibility to
schedule additional flightscross all critical growth stages of potatdas2021 and 2022, the
study expanded to include both organic and conventional figldshincreased workload and
the need to balance operations between the two(Fiigsre 4). As a resultwe were able to
conduct 4 flightseachfield (8 flight in tota). These four flight were timed to cover all key
potato growth stageand the UAV flights was conductirigr both fieldson the same day

" MicaSense— WAYPOINT 15 (d83%)|

30m
o 5m/s
4 85%

D@OO®

idistance: 104 m | altitude: 30 m | speed: 5 m/s

Figure 11 A user interface for a drone flight planning application connected with a MicaSense

multispectral camera. Additional information on the interface includes a flight parameter.
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Figure 12 Potato growth stages modified fradbidiegwuet al. (2015)

2.7 IMAGE PROCESSING

Regarding the platform from which multispectral data is acquired, the processing steps
and methods are similar, except for the-precessing stagé\daoet al, 2017) In this study,
the computation analysis methods developed for processing raw field spectra to calibrated
reflectance measurements for potato field. This includes (i) calibration of reflectance panels
and radiometric calibration; (ii) computing the groupdint control (GPC); (iii)image

alignmentand export the final output files

2.7.1 PHOTOGRAMMETRIC PROCESSING

This step is aimed at the radiometric calibration and conversion of raw sensor readings
into reflectance for Micasense Rededge images by following the procedure indicated by the
original manufacturer (Micasense Inc., Seattle, USA). The certified reflect@ata of our
Micasense Rededge Calibrated Reflectance Panel (CRP) consists of five reflectance values,
including red, green, blue, red edge, and efaared Figure 13). In this process, the goal is
to obtain calibrated reflectance values for further detailed analysis. It is important that the
reflectance panel measurements be calibrated. This is because the KGCs may not fully reflect
all incident radiation, and theireflectance might vary significantly depending on the
illumination angle (solar zenith angl@eddleet al, 2001)
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2.7.2 RADIOMETRIC CALIBRATION

Radiometric calibration is the process of converting raw sensor readings (digital
numbers, DN) into physical units using radiance values. This process takes into account sensor
characteristics, such as sensor sensitivity, noise, and other factors thatffeiglthe recorded
values(Lillesand et al, 2015) The calibration helps ensure that the data collected has an
accurate, reliable, and consistent relationship between the recorded DN and the actual radiance
of the images captured. Radiance is the amount of light that comes from a scene and strikes the
sensor. It is a quantifiable physical property. In essence, radiometric ensures that the digital
images captured by sensors are accurate and consistent and represent field scenes.

2.7.3 CONVERSION TO REFLECTANCE

Where reflectance is the ratio of the amount of light that is reflected by a surface to the
amount of incident light. This step involves converting the radiance values obtained from the
calibration of the calibrated sensor data into reflectance valudecteice values are most
meaningful for analysis because they account for variations in illumination and atmospheric
conditions. The Micasense Rededge calibrated reflectance panel (CRP) is a known reflectance
target with calibrated reflectance valuégyure 13). By capturing images of this panel under
consistent lighting conditions, the Micasense Rededge camera can calibrate the sensor data it
has gathered. This process can be used to establish a relationship between the recorded sensor
values Table 7) and known reflectance values with sensor responses. Then, the calibrated
reflectance values are used to apply a correction factor to the images taken in the field, ensuring

the databés accuracy and comparability over
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Figure 13 The calibrated reflectance panel, serial number REE246003SC

Table 7 The five reflectance values (albedo values) correspond to different wavelengths

captured by the Micasense RedEdgeamera.

RedEdgeM band Centre Band width| Albedo Percentage
wavelength | (nm) values
(nm)
Blue 475 20 0.54 54.08%
Green 560 20 0.54 54.08%
Red 668 10 0.54 53.93%
RedEdge 717 10 0.54 53.82%
Near infrared (NIR) 840 40 0.53 53.47%

Note that a surfaceds al bedo values repr ¢
the context of multispectral imaging, these values can helmderstanding the reflective
properties of surfaces often used in vegetation health monitoring or other land coverhgpes.
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albedo value is the calibrated reflectance value for specific wavelengths of the electromagnetic
spectrum. These reflectance values are measured relative to the amount of incident solar
radiation at those wavelengths, specifically for the Micasense Red#dgenera. These
albedo values allow for more accurate calibration and correction of the remote sensing data
collected by the sensor, which converts raw sensor readings into accurate reflectance values.
By using a known reference panel, the final reflec¢aimage has been adjusted for variations

in illumination, atmospheric conditions, and sensor sensitivity to obtain more comparable

reflectance values from the target area.

2.7.4 PIX4D PROCESSING WITH CORRECTED IMAGES

The corrected digital images collected from the UAV werepuoeessed using the
Pix4DMapper software version 4.4.12 (Pix4D, SA). Pix4D Mapper is a commercial image
processing software. This preliminary phase is aimed at obtaining calibrated data from the
Pix4D structure from motion bundle adjustment capabilities. This is for the generation of
multispectral orthomosaic and point clouds. During theppoeessing step, a calibrated
reflectance panel was used for radiometric calibration, and ground cornirsl (l@CPs) were
manually added. Four geeferenced GCPs, providing coordinates using Network-Rieat
Kinetic (RTK), were used in all flights to improve the accuracy of the project and reduce the
noise. This enabled us to create the final productsydinty a geeaeferenced orthomosaic
image, the reflectance map, the Digital Surface Models (DSM) and the Digital Terrain Model
(DTMs), which were stored in TIFF format. This format is commonly used for storing raster

data and is suitable for further anatyand visualisatiorHgure 14).
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GCP (Ground Control Point)

Raw single 5 bands images |

I RADIOMETRIC CALIBRATION

Figure 14 Preprocessing flowchart in Pix4D softwamvolves radiometric calibration, the
input of ground control points (GCPs), the final orthomosaic image, the corresponding DSM
and DTM

2.8 DATA EXTRACTION

After successfully calibrating and processing of multispectral images using Pix4D
Mapper, the focus shifted towardsdepth analysis and extraction of specific pleaiated
features, including plant counts, canopy cover area percentage, vegetatios, iawicplant
heights. This comprehensive analysis was carried out in the R programming language using R
Studio softwargTeam, 2021using the following packages: Raster, SP, and FIELDImageR
(Matias et al, 2020) to handle various aspects of the imaging process, spatial data
manipulation, and field image analysis. Running the script and loading the function in R from
the GitHub repository. The FIELDImageR package in R is specifically designed for high
throughputield phenotyping image analysis. The plant feature extraction processing used the
imported multispectral images, which were cropped to reduce the size and processing time.
This merged image was useddgeneratahe plot shape file, whickssentiafor computing
vegetation indices and extrang plant feature values by segmenting the soil backgroLimd.
approach underscores the integration of advanced image processing techniques and spatial

analysis in extracting data from multispectral images.
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2.8.1 IMAGE SEGMENTATION

The image segmentation approach was carried out to extract the pixels defining the
plant or crop area from the orthomosaic image, by removing the background that included soil.
An accurate vegetation index is required to identify plant biomass versusnsgoresidue
backgroundHaverkort and Struik, 2015Yhis was done using the overall HUE index, which
was used to mask the soil from the green plant. The segmentation approach using the HUE
index transformed the RGB image into a binary image, where positive values were assigned to
soil pixels and zero vaéis to plant pixels. This demonstration igigure 15, where the result
image shows only green plants. In order to extract the values from individual plots, a shape file

was created and overplayed on the binary image file to distinguish individual plots.
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Figure 15 A stepby-step approach to segmenting and processing a potato field image to
distinguish plants. The outcome involved segmenting the field into small plots, and each plot

has a collection of plants that are clearly distinguishable from the soil background.

The process visually illustrates how imaging data can be separated into individual plots
for further plot data extraction.

2.8.2 VEGETATION INDICES
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Vegetation indicegVIs) serve as quantitative tools to measure vargog traits or

characteristicsincluding chlorophyll content, leaf area, and overall hedlthimages were

computedfor eachUAV flight in R language softwaréelhe computation walsased on the

reflectanceaeading captured from different spectral bands from multispectral images. The Vis,

formular, and their description used in this study as showralote 8. The binary images of

potato fields were generated using the overall HUE threshold computed with the

FIELDImageR package in R Studiblatiaset al, 2020)

Table 8 Describes the vegetation indices and formular used in this thesis study.

Index Formula Description Related trait | Reference
HUE Atan(2*(B-G- Overall Hue index | Soil colour Matias et al.
R)/30.5*(GR)) (2020)
BGI B/G Blue green pigmen Chlorophyll Richardson
index and LAI and Wiegang
(A977)
Bl Sqrt((RM2+G"2+B"2)/3) | Bare soil index Vegetation Richardson
coverage an¢and Wiegang
water content | (1977)
CVI (NIR*R)/(G"2) Chlorophyll Chlorophyll Vincini et al.
vegetation index (2008)
DVI NIR-RE Difference Chlorophyll Jordan (1969)
vegetation index | and nitrogen
EVI 2.5*(NIR- Enhance vegetatio| Chlorophyll Huete et al.
R)/NIR+(2.4*R) +1 index and biomass | (2002)
GLI (2*G-R-B)/(2*G+R+B) | Green leaf index | Chlorophyll Louhaichi et
al. (2001)
GNDVI | (NIR-G)/(NIR+G) Green normalise( Chlorophyill, Gitelsonet al.
difference biomass, yielq (1996)
vegetation index | and LAI
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atmospherically

resistant index

NDVI (NIR-G)/(NIR+G) Normalised Chlorophyll, Tucker et al.
difference nitrogen, and (1980)
vegetation index | maturity

NDRE (NIR-RE)/(NIR+RE) Normalised Chlorophyll Gitelson and
difference red edg( and maturity | Merzlyak
index (1994)

SAVI (NIR-R) Soil-adjusted Soil colour Huete (1988)

(1+L)/(NIR+R+L) vegetation index

RVI NIR/R Ratio  vegetation] Biomass, wate| Bannariet al.
index content, and (1995)

nitrogen

TVI 0.5*(120*(NIR-G)- Triangular Green LAI,| Broge and

200*(R-G) vegetation index | chlorophyll, Leblanc
and canopy (2001)
VARI (G-R)/((G+R-B) Visible Canopy, Gitelsonet al.

biomass, anc

chlorophyll

(2002)

After VIs were computedsjgure 16), VI values were subtracted from the binary image

for each individual plot using the plot shape file.
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Figure 16 Spatial representations of various vegetation indices and reflectance values used in
this study. Each map corresponds to a different spectral index including, Red, Green, Blue, Red
Edge, NIR, NDVI, NDRE, GNDVI, BI, GLI, VARI, BGI, PSRI, RVI, TVI, and CVThe

colour scales on the rightand side of each map represent the range of values for each index

and reflectance band, with different colours corresponding to different levels of index values.

2.8.3 NUMBER OF PLANT PER PLOT

UAV -based images are used to determine the number of plants per plot, commonly
known as crop emergence. The aerial images are taken during the early stage of potato growth
(sprout development or vegetative growth). After aerial image collection, the irzigteen
processed to determine and count the number of plants that have emerged in each plot. This
activity is usually carried out while the potato plants are still small, which aligns with the
operational capabilities of the software used for this fHs&.earlystage imaging ensures that
each plant is clearly identifiable and separable for an accurate counting process, before the

plants grow larger and their canopy begin to overlap.

2.8.4 ESTIMATED PLANT HEIGHT

In this study, the plant height data, derived from multispectral images using R and
Quantum Geographical Information System (QGIS) software, is consistent in its numeric form,
yet the methodologies and tools for data extraction and analysis may varyrbéteveeftware
environments. A Crop Height Model (CHM) was developed through a-pisel subtraction,
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where altitudes from a Digital Terrain Model (DTM) were subtracted from a Digital Surface
Model (DSM) Figure 17). This method facilitated the extraction of estimated height values
for each plot, which are quantified in meters. These height estimations are crucial for assessing
plant growth stages, uniformity across the field, and identifying potential stresssfactor
affecting crop development. To validate these estimates, gitowthidmeasurements were
taken directly from the field and used as benchmarks to ensure the accuracy and reliability of

the height data. Grourmuth measurements taken in the field servefsence points.

Figure 17 Key components of the crop height estimation process. (A) The elevation of the
fieldds surface model, including objects on
height model (CHM) for individual plots is created by piwete subtraction of grond

elevation (DTM) from the elevation surface model (DSM), which allows for the extraction of
plant heights. (C) The final CHM map presents the plant canopy after the background removal
process, with different colours corresponding to different height$ tlee height values are

presented in metres.

2.8.5 PLOT DATA EXTRACTION

The height data extracted from multispectral images in R and QGIS may not be
inherently different in terms of the numeric values themselves. However, the tools and
processes used to extract and process the data may differ. A crucial step in estimaéng abov

ground canopy height from a UAV is the identification of ground points and accurate

63



reconstruction of the DTM and DSM to a produce canopy height model (CHM) from the digital
elevation mode(Anderson llet al, 2019) In this study, a crop height model (CHM) was
performed using a pixetise subtraction of the digital terrain model (DTM) altitudes from the
digital surface model (DSM). From this model, we are able to extract estimated height values
for individual plots.These values are presented in meters and provide insights into plant growth
stages, uniformity, and potential stressSesensure the accuracy and reliability of the height
data, a validation process was undertaken. Grduid measurements taken in fledd served

as reference points.

Canopy height, canopy area, and VIs for each individual plot are extracted and
presented in the Excel spreadsheet. The unit of measurement is in metres. Then these data
points correlate with the plant growth stages accordinfatde 6. For example,Figure 17
demonstratethecrucial step involved in separating the canopy height model (GkMsoil
in order to extract the height values. This visual representation provides an intuitive
understanding of the spatial distribution of plant height across the field. The map uses a colour
gradient to indicate varying plant heights, with each colouesgmting a different height level,

guantified in meters.

2.9 THREE-DIMENTION AL MODEL OF POTATO CANOPY
PROCESSING

In order to construca threedimensional 8D) model of potato plantsr canopy a
different unmanned aerial vehigqgAV) equipped witha camera suitabléor reconstruahg
the 3D point cloud dats required The details of the processing and UAV fligigrameters

are provided below.

2.9.1 UAV FLIGHT PARAMETERS

Aerial images were captured in collaboration with Survey Solution Scotland using a
fixed wing UX5 HP UAV (Trimble, Sunnyvale, California, United States). The UX5 HP used
Global Navigation Satellite Systems (GNSS) post processed kinematic techaidatsmine
the UAV trajectory The images were taken using a Sony Alpha7R 36MP full frame 35 mm
RGB camera with a custom made Voigtlander 35 mm lens. The 35 mm lens was selected to
delivera 1.0 cm GSC at 75 m AGL. Given the importance of the canopy volumeredearch
a UAV sensor with a global shutter was chosen rather that a sliding shutter as this greatly

reduce noise in the images which leads to clearer and more precise images. The data was
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collected at 75 m altitude with overlaps of 85% (both front and side) between neighbouring

images.

The irradiance sensor has filters to detect the amount of radiation from direct sunlight
or diffuse light in cloudy weather conditions. The first UAV flight was performed when over
50 percent of the plots had emerged, approximately 40 days after pl@ptiogt development
stagg. Fixedwing UAV images were collected with an RGB camera pe¢ Fixwing

surveys were conducted at amgtre altitude with 80 percent image ovepeg.

2.9.2 UAV DATA PRE-PROCESSING

Raw GNSS data is recorded using the UX5 HP UAV by thé&aard 366channel
multi-constellation GNSS receiver, which is downloaded at the end of the flight and processed
against a local base station situated within our flight area. The local based pasition
established by processing the local base against Ordnance Survey CORS statiens. Post
processed kinetic (PKK) was used to create the trajectory as it is more robust than alternative

methods which may rely on radio or other communications.

2.9.3 IMAGE PROCESSING

The UAV trajectory wagprocessed and analysed using Trimble Business Centre (TBC)
software versions 5.%or 2021 and 2022 datasefhis involves the following activities:
utilising Ground Point Control (GCP) referencing, generating point cloud data, creating digital
surface modal (DSM), creating digital terraimodels(DTM), and manually marking plot
boundaries. The point cloud data was then used to generate an individual 3D model for each
plot canopy, calculating difference models and extracting carntgnacteristic values such as

canopy cover, canopy height and canopy area.

Alternatively, the point cloud method identifies ground points within eaSkl &nd
creates an independent DTM for each phatderson llet al, 2019) Figure 18 demonstrates
that the point cloud method produced a 3D model of each potato plot using SfM
photogrammetry from highesolution, higkaltitude UAV images of a breeding potato field

trial.
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Figure 18 Visual presentation of a 3D model of a potato canopy. Each paiesflws each
stepin order to extract potato 3D model. (A) 3D point clouds of the potato field. (B) Generating
of soil reference surfaces. (C) 3D representation of the point cloud kaforeremoving
process. (D) 3D representation of an overlay canopy and soil estimation model. (E) a color
coded heatmap indicating the differences in height from the group point. (F) the output of a
process identifying individual potato plots. (G) 3D es@ntation of the final overlap between

soil estimation model and canopy model. (H) the output of plot segmentation, the colour
differences indicate the height of canopy. (I) final output of 3D model of potato canopy for

each plot.

2.9.4 DATA EXTRACTION

Reconstructed results contained a scanning trajectory and raw point clouds for scanned
area. In trajectory, the lowest position indicated the starting and ending points of each data
collection session. Raw point clouds were rendered by colour using paht information,

with rad to purple representing low to hight values.

For plant height calculation, the difference model allows the determination the height
data at any point within the plot area at a resolution of 1 cm, permitting only the determination
of the highest point within the demarcated area (representing the umxmight of the 4

plants within the plot)Canopy ground cover and canopy volume are defined as the sum
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planimetric area and total canopy volume. There is above the level of the soil reference surface

of eachplot difference model.

Subsequent statistical analysis and other data processing was carries out in R (R

language software).

2.10DATA ANALYSIS METHODS

Quantitative analysis is employed using R languagegrammeand Quantum
Geographical Information Systei®G1S) softwareto process and interpret multispectral data.
Statistical methods, such as correlation and regression analysis, are used to compare UAV data
with groundtruth data computed in R Studio, R language software.

2.10.1QUANTITATIVE ANALYSIS

Quantitative analysis is employed using R language software and QGIS to process and
interpret multispectral data. Due to the complexity of the dataset (a large number of groups)
that includes over 290 varieties of potato and different management pragtieaessisualising

the data, we need to select only those varieties that show significant differences or patterns.

2.10.2STATISTICAL ANALYSIS

The basic workflow outlines the steps to perform correlation on data extracted from
multispectral images in R Studio softwéfeam, 2021)The null hypothesis is that there is no
difference between data extracted from UB&sed imagery and proximal data. A lowgue
shows significant support to the finding, therefore rejecting the null hypothesis. Additionally,
to explore more advancedasistical techniques and visualisation to gain deeper insights into
the relationship between variables, the least squares means were calculated for all proximal
measurements, including height, LAI, disease, and senescence scores. Furthermore, the least
square means for the vegetation indices obtained by remote sensing were calculated, and the
correlation between plant health was established. Regression analysis was performed to test the
strength and trends in relationship between vegetation indices and avtpe growth

parameters.

ANOVA (analysis of variance) was employed to compare the means of measurements
across different methods and potato varieties. Subsepostitoct e st s, such as Tul

were conducted to determine differences betyv
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to reshape the dataset, allowing us to filter and analyse differences across measurement

methods over time using Linear models for consistency.

Discriminant analysis of principle components (DAPC) is a multivariate method ideal
for identifying and describing clusters of genetically related individuals. It is particularly useful
when analysing the data that consists of various measurements gipgsrfot different potato
varieties. The process includes two main processing steps: principal component analysis (PCA)
and discriminant component analysis (DCA). The first step is to understand the structure or
pattern of the data and then use the pradcgomponents to distinguish between different

varieties.

2.10.3CLASSIFICATION

The objective of the classification was to categorised data into classes based on their
characteristics using advanced statistical and machine learning techniques. Partial least squares
regression (PLSR) and partial least squares discriminant analysisD@RL®%ere used to
guantify and identify the relationship between predictive variables and responsive variables.
K-mean clustering was used to group data points into clusters to identify patterns in the data

set.The number otlusterss based on elbow plots.

2.10.4HANDLE THE MISSING VALUE

Before using the data for modelling, it's important to clean angnoeess the dataset.
To enhance the clarity of the clustering and potentially reduce the impact of outliners, there are
several approaches that need to be considered.

1. Outliner detection and removal: identify and remove outliners from the dataset
before performing any analysis using statistical methods.

2. Focused visualisation: adjust the scale of the plot in specific regions pfahe
where most data points are clustered.

3. Reduce the number of potato varieties: as the data contained over 290 potato
varieties, visualising all of them together can be challenging. By reducing the
number of varieties or divided them into sgitoups, will improve the graph.

4. Simplify the plot: instead of using advanced visualisation techniques, use the basic

scatter plot with a limited number of varieties.
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Given the nature of data values, the dataset contains a numbermiimenic values,
such as, different management systems, potato variety names and plot numbers. To process,
we need to clean the data by either removing or imputing, depending on thiygamadt
distribution of such values. With datasets such this, we proceed with imputation using the
median of the crop parameters columns. After imputation, we then run PCA and DCA. This is
done by standardising the imputed data to ensure all parametebutenequally to the
analysis. Then, we reduced the dimension of the data using PCA and then used the DCA to

distinguish between different potato varieties.

2.10.5MODEL DEVELOPMENT

Before developing the model, the following steps were considered:

1 identify which crop parameter or traits are most relevant for predicting potato
maturation and yield. Identifying the correlation between yield and weather parameters
(i.e., temperature, rainfall, and soil temperature) to determine the feature impoftance o
each parameter on yield production.

1 Then using the selected features to perform correlation analysis to understand the
relationships between different parameters and yield or maturity and determine which
parameters are strongly linked with yield or maturity.

1 Building the predictive model for yield based through statistical and machine learning

techniques including regression, random forests, and decision tree methods.

In this study the partial least square discriminant analysis-(PASwas used to
classify the correlated plant parameters with the actual yield data and to combine the yield data

with corresponding weather data and other crop parameters for the yieldtestimodel.
Multiple linear regression models

Multiple linear regression (MLR) models were constructed using stepwise variable
selection based on the correlation in R prog

performance of Random Forest regression ma@aleet al, 2021)
The general form of a multiple linear regression is:

Y=bO0+b1X1+b2X2+. .. +bnXn+ (1)
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where:

- 'Y is the crop yield.

- b B the yintercept.

-b 1b 2...,b rare the coefficients for each parameter.
- X1, X2, ..., Xn are the crop parameters.

- { is the error term.

Decision tree model

A decision tree is a model used in machine learning that partitions the data into subsets

based on decision rules inferred from the input features.

M
RSS = Z > (Wi —ir.)’

m=1 iz R

)

The Random Forest moddd (RF).

Random Forests can perform both classification and regression tasks based on the crop
parametergBreiman, 2001) This study trained and used RF regression models, biasy
machinelearning method to predict potato yield for 2020, 2021 and 2022 trials. In this study
RF was also used as a classification tool for potato maturity and senescence. The RF package
in the R programme produced a measure of importance of the predictor variables and a measure

of the internal structur e o(Juradodtal, 2d28)t a usi ng

2.10.6 PREDICTIVE MODELLING

In order to model the weather data and predict the potato yield, the combination of
datasets for proximal and remote sensing is used Certain weather conditions may increase the
risk of disease incidents. Modelling the risks are based on the weather dafeeldn
observation. This has been done after exploring the data analysis of the combined data to find
patterns, trends, and correlations within the parameters. The tool used in the data analysis is
carried out in R Studio, R language softw@ream, 2021)
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1. Then using the model building, including linear regressipartial least squares
regression (PLSR)and machine learning such as decision trees and Random Forest
models.

2. Then training the model byplit the data into training and test set (80/20).

Model evaluation: validate the model using the test set with
Interpretation: account for different potato varieties and management practices (organic

and conventional practices).

Traming dataset

(80 %) _L —” Model development ’—

Feature __>‘ Regression }_l—> Model evaluation
Selection (Prediction)
- Multiplelinear
,—T—\ regression (MLR)
Weather data - Random Forest
|| Testing dataset regression (RFR)

(20 %)

—*‘ Model validation

I Crop yield prediction ’

Figure 19 The development of the yield prediction modelrkflow.

By following the workflow showed irFigure 19, we can create a yield prediction
model that leverages both weather data and crop parameters to help predict the potato yields
with greater accuracy. Regression models and coefficients are provided for all regression in

this study. Then, a packagein®Rku c h as t h eused ogdath osuallsation. wa s

2.10.7VISUALISATION

Created visualisation that overlay the weather data with field sensing data. This will
help explain how the data points correlate with different plant growth stages, uniformity, and
potential stress indicators. Then, the grotnuth measurements that deken and used as a
reference point to ensure accuracy and reliability. Creating a visitation that overlays weather
data with field sensing data involves integrating datasets to provide comprehensive insights
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into how each variety behaves cross years and weather conditions. This process typically

involves the following steps:

) Data integration: integrated the weather data with the field sensing data and perform
statistical analyses that representing in the visualisation, for example, calculating
correlations between weather conditions and plant health indicators, and creating a
time series to visualise how each crop parameters change over the growing season.

(i) Visualisation development: by selecting visualisation tool that support the overlay
of spatial data, such as GIS software (e.g., QGIS, ArcGIS) or programming libraries
(e.g., R, Matplolib)

(i)  Presentation: display the information using colour scheme, adjusting labals,
and annotations to make the data easy to interpret. Then looks for patterns or trends

that informative and present.

2.11VALIDITY AND RELIABILITY

To ensure validity, we calibrate our UAV sensors before each flight. The reliability is
enhanced by repeated flights over the same plots, ensuring consistent data capture. For model
evaluation we employed the metrics for evaluating regression modelsanolean absolute
error (MAE), mean square error (MSE), root mean square error (RMSE);sauabiRed value.

Mean absolute error (MAE) is the average of the absolute difference in the original to
predicted value.

P 3
-P% s WIS
€
mean squared error (MSE)
(4)
0 YO g w |
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root mean squared error (RMSE)
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Coefficient of determination or Bquared is a measure of how well the values fit
together in relation to the starting values. The percentage represented by the value between 0

and 1. The closer the value to 1, the better the model fit.

Bw | (6)

2.12ETHICAL CONSIDERATIONS

The study respects the privacy of the farm. No imagery that identifies specific
individuals or infringes on private structures will be published. All dan@ymized and

stored securelyJniversity ethical number 1445487

2.13RESEARCH LIMITATIONS

This chapter focuses on the application of multispectral imaging for potato
phenotyping. This study also intends to investigate and understand the variability between
different systems and how resolution dependent are the crop growth and disease detection
parameters in potato. While assessing this variation, we will evaluate different imaging sensors
to depict the best approach and resolution suitable for disease monitoring and accessing crop
variability in potatoes olanum tuberosurh.) at fieldscale undr natural conditionsBy
combining the proximal measurements with the data obtained fromh&&ed aerial imagery,
we can establish correlations and evaluate the accuracy of the remote sensing agyroach.
with any remote sensing activity, the generation of accurate and quantitative data using UAV
based sensors require calibration and validation. This process involves characterising the UAV
data and validating their measurements against reference daiteedlfrom groundased or
proximal measurement. Waithis study offers promising into the potential of multispectral
imaging for potato phenotyping, it is crucial to acknowledge its limitation. This research is
limited to potato crops grown under field conditions. As there are many different platforms and
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sensors available for crop phenotyping, in this project evaluate these resources using a 290
potato genotype panel with the aim to investigate crop variability andnmasive disease
monitoring. The findings may not be directly applicable to other cpegies or greenhouse
settings. Moreover, this chapter primarily utilized the R programming language to conduct the
analyses. R, renowned for its statistical and data analysis capabilities, offered the flexibility
and robustness required for this resealfidtis limitation, however, pave the way for further
research opportunities, pushing the boundaries of what can be achieved in crop phenotyping

and remote sensing.

2.14SUMMARY

This chapter focus into the advanced applications of unmanned aerial vehicles (UAVS)
equipped with multispectral imaging capabilities, emphasizing their application in potato
phenotyping. We explore how UARased multispectral imaging serves as a transftven
tool, allowing for highresolution, nordestructive assessment of potato crops. By capturing
detailed spectral data, these UAVs enable the detect plant parameters related to plant health,
growth, and trend. The chapter further elucidates the metifatita acquisition, processing,
and analysis, underscoring their importance in generating actionable insights for potato crop
management. Through reabrld applications, we demonstrate the profound impact of this
technology in advancing precision agricué, particularly in enhancing our understanding of
potato crop dynamics and optimizing yield outcomes, which will take about in the following
chaptersWith a structured research strategy, this chapter sets the foundation fovletiton
and analysis. The subsequent chapters will delve into the findings, interpretations, and

implications of using UAVbased multispectral imaging in potato phenotyping.

2.15 CODE AVAILABILITY

The research analysis performed for this study leverageemstng packages sourced
from GitHub, the popular opesource platform. These packages were not merely usisd as
they were adapted and tailored to meet the specific requirements and objctinestudy.

For transparency, reproducibility, and to aid interested parties in understanding our
computational approach, the modified R code used for our data ansydisplay in the

appendix BFor more detailed code will be made upon request.
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CHAPTER 3. DEVELOPMENT AND VALIDATION FOR HIGH -
THROUGHPUT FIELD PHENOTYPING AND DISEASE
DETECTION OF POTATOES USING MULTISPECTRAL
IMAGERY AND PLANT 3D -MODEL

Potato (Solanum tuberosurh . ) i s one of the worl dos
providing a significant portion of the global food commodity. Accurate and efficient
monitoring of potato growth and development is crucial for optimising yield and quality for
marketable produce. Tddional field phenotyping methods are labantensive, time
consuming, and often limited in capturing detailed information about plant health and stress
response. The advent of multispectral imaging technology offers a pronssingon to
overcome these challenges by enabling tighughput and nedestructive collection. New
technology considerably reduces the costs of sensors and autonomous vehicles. Low
investment in sensor, and platforms, or pipelines presents a tradéhd#lvour costs, as plant
handling and labour represent the major proportion of costs in phenotyping experiments. The
cost of highthroughput phenotyping field experiments and automated platforms is similar
regardless of platforms or vehicles. The develept of software applications, e.g., imaging,

processing, modelling, and decision support systems, is also a major part of the cost.

This chapter focuses on crop variability detection and its dependency on varieties and
crop management systems. Precision agriculture and plant phenotyping required new
approaches to improve traditional plant monitoring to keep up with the challengesu®éaen
together, higkthroughput field phenotyping (HTFP) and remote sensing platforms show

detailed patterns and relationships between various crop characteristics and disease incidence.

The multispectral images captured were processed into a crop sombalet by using the
structurefrom-motion (SfM) software Pix4DMapper. Generated plant height, ground cover,
and vegetation indices were used to establish the linear relationship betweealséd/data
and proximal data. High differences between cultivarewéserved and increased during the
growing season. The proposed UAdsed multispectral imaging showed a correlation
coefficient of 0.93between proximal height and canopy height model (CHM) with a mean
difference 0f0.01m in the zdirection. The methodnd the use of UA\based multispectral
image data enable highroughput phenotyping of small potato plots at field scale with
uncertainties of field conditions.
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The strong positive correlations observed between proximal height and UAV height
indicate a consistent relationship between the two methods, regardless of the growth stage. This
consistency suggests that both proximal and UAV methods can effectivelyecplaiuirheight
variations during different potato growth phases. The practicability, repeatability, and

robustness of two developed approaches were demonstrated in this study.

3.1 INTRODUCTION

Plant phenotyping is the detailed description and characterization of plants, which has
been a longstanding practice of plant research in both greenhouse and field environment
settings (CendrereMateo et al, 2017) Although optical approaches for assessing crop
performance and quantifying plant traits emerged between the 1950s andti®y 0sere not
initially referredto as "plant phenotyping" at that tinfloran et al, 2003) Thesemethods
have contributed significantly to our understanding of plant biology and agricultural practices
In the context of potato production, plant phenotyping is an important aspect of genotype
studies and breeding. It helps to enhance the efficiency and accuracy of plant breeding and
monitor crop performance to reduce economic losses for future food geddmivever,
traditional phenotyping methods often rely on manual measurements or field inspection, which
pose significant challenges due to their being laliaieénsive, timeconsuming, expensive,
and lacking consistency in capturing the effects of enaiemt and genotype on plant traits
(Watanabeet al, 2017)

Not only did plant phenotyping require a fast approach to help accelerate breeding lines,
but also to understand disease resistance. Late blight, cauBlgtbpthora infestan@viont.)
de Bary and various potato viruses, is among the most severe potato diseases that damage
potato production worldwid@Akino et al, 2014; Linet al, 2014) Since the Irish famine, the
development of late blight resistant cultivars has been a priority in potato bréaking et
al., 2014) Infection by potato viruses or different stains of a virus has been reported to increase
late blight susceptibility after virus infectidiin et al, 2014) Although there are various
potato cultivars that have been bred to resist the late blight, the latest change in the population
of P. infestansmay not respond to traditional disease manageiftamt 2020) Due to the
complexity of disease symptoms that interact with the environment and plant health
themselves, when the symptom becomes visible to the naked eye, usually it is already too late
or hard to control. Therefore, if breeders or farmers have ahabhelps them to detect it

early, it will help prevent the spread of disease. Accurate assessment of the resistance and
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response of cultivars to diseases under field growing conditions is required to develop cost
effective approachgsianseret al, 2005) especially as inadequate crop monitoring can result

in the inefficient use of resources such as water and fer{i\fsdenteet al, 2020)

The traditional method of assessing crop performance or monitoring crops involves
physically walking through the plots and performing visual and handheld instrument
measurements. Proximal phenotyping is a type of phenotyping that uses -gesa@ad
instruments and vehicles for plant trait measuremé@isawadeet al, 2019) Such poximal
datais important angblays a crucial role in validating spectral dakdained from UAVbased
aerial imageryThe key objective of these measurements establishrelationships between
estimated data and ground truth measuremeisisal disease assessmearid morphological
ground tothing data.To validate the data derived from UAbAsed aerial imagery, visual
disease assessment and morphological ground truthing are conducted. For instance, crop
emergence evaluation is obtained through field visual assessment, where the emergence and
establishmenof crops are visuallynspected and recorded. This ground truth information
serves as a benchmark to validate and calibrate the estimates derived from the aerial imagery.
The assessment of plant maturity and diseases in potato varieties is also carried out using visual
ratings. This involves visually observing the crops throughout their growth stages and assigning
ratings to indicate the level of maturity or disease presehssessment of diseases and
maturity using remote sensing platforms will allow consistent monitoring aaktime
detection, which will help to improve productivity and make it more sustaiRbldriguezt
al., 2021)

Recent technological advancements have led to the emergence of various phenotyping
techniquesimed at enhancing plant phenotyping in both laboratory and field s€Bingssch
et al, 2014) Alongside this, sensor techniques are increasingly being used for detecting,
identifying, and quantifying plant diseases, promising more accurate disease control due to
their sensitivity and high availabilityHaverkort and Struik, 2015)High-throughput
phenotyping ITP) platforms were created due to the need to quickly and accurately measure
many plant traits on a large scale in order to speed up breeding programmes and learn more
about how plants interact with their environmgWé&anget al, 2020) HTP platforms address
these needs by using a variety of technologies, including remote sensing, imaging, and aerial
vehicles equipped with multiple sensors and sensor networks, to automatelléatson and
analysisBy collecting reflected light, HTPs can identify many things about a plant, such as its

structure (e.g., height and leaf area index), its nutrient status, and whether it is under abiotic or
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biotic stressTo enhance plant growth and yield through engineering, a deep understanding of
the genetic factors involved is essentild Jesus Colwedt al, 2021) Precision measurement

of phenotyping assessments can be linked to this genetic knowledge, which not only improves
our understanding of plant phenotyping studies but also facilitates the selection of plant
varieties. This integration of information leatis accelerated breeding cycles and the

development of improved cultivars.

However, despite the significant advantages offered by BAsed and proximal
sensing, there are challenges regarding the precision required for specific agricultural research
applications(Hu et al, 2018) For example,n a field setting,environmental conditionare
inherently variable. lis essential to charactsgiand understanglant phenotypgunder these
dynamic conditionsHigh-throughput field phenotyping (HTFP) is a technique that integrates
HTP approaches to measuring plant traits on a large scale under field conditions and settings
(Chawadeet al, 2019) When HTPs, imaging sensors, and GIS technologies are used together,
they make phenotyping quick and require less effort. This helps breeding programmes, makes
farming more efficient, and makes crops more resistant to damMémgle. significant progress
has been madthe current constraints of remote sensing technologies are the cost of the sensors
and the complexity of imaging processing, handling, and acquisition. Although advanced
phenotyping platforms are performing well, they are not easily affordable in mamyatese
and practice settings. While unmanned aerial vehicles (UAVS) have been extensively used to
measure plant traits at the group or plot level, their application for individual plants has been
limited (Guoet al, 2020)

Despite these limitations, various researchers have demonstrated and reported
successful discrimination between healthy and diseased crop patches and plants based on high
resolution imagery at canopy level by sensors mounted on the UAV using HTFP approache
Not only are current field phenotyping endeavours primarily centred around quantifying crop
yield and related characteristif#/att et al, 2020) but they also have the ability to evaluate
the healthy and diseased potato canopy for diseases such as laté/biigbe Vijveret al,

2020; Rodriguezt al, 2021) early blight(Chakrabortyet al, 2022) and other diseases
(Appeltanset al,, 2020) Not only for the early detection but also for the severity of the diseases

or stresses, as seen in the research ffranceschinet al. (2019) However, effective field
phenotyping demands more than trait selection or using the best tools and data management

practiceqArauset al, 2018) Therefore, this chapter aims to explore the different approaches
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used for potato canopy trait extraction and evaluate thethighighput field phenotyping in

potato varietal trials.
Research questiosand hypotheses

In the previous chapterMethodology andData Analysig, we explored the
methodology of data collection and different approaches on potato canopy trait extraction from
the UAV-based imagery. In this chapter, the primary objective is to develop and evaluate a
high-throughput field phenotyping approach usingltmpectral images for potatoes. The
specific goals are as follows:

- design and implement a multispectral imaging system suitable for potato field
phenotyping.

- assess the effectiveness of multispectral images in capturing diverse phenotype
traits of potato crops.

- explore the potential of multispectral data for early detection of ste¢sted and
diseases traits in potato crops.

- compare the efficiency and accuracy of multispectral field phenotyping with
traditional methods.

- provide insights into optimising potato production practices based on the acquired
phenotypic data.

It was possible to establish a correlation between what we have observed on the ground
and what the UAV had captured from the air by aligning aerial imagery collection with
proximal field measurements. This integration offered both a micro and macrogbeespe

potato growth and development and disease dynamics, ensuring data accuracy and validation.

Scope and limitations: This chapter focuses on the application of multispectral imaging
for potato phenotyping. This study also intends to investigate and understand the variability
between different systems and how resolution dependent the crop growliseas® detection
parameters in potatoes are. While assessing this variation, we will evaluate different imaging
sensors to depict the best approach and resolution suitable for disease monitoring and accessing
crop variability in potatoesSplanum tuberasnlL.) at fieldscale under natural conditioridy
combining the proximal measurements with the data obtained fromtha&ed aerial imagery,
we can establish correlations and evaluate the accuracy of the remote sensing agroach.

with any remote sensing activity, tgeneration of accurate and quantitative data using-UAV
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based sensors requires calibration and validation. This process involves characterising the
UAV data and validating their measurements against reference data obtained from ground
based or proximal measurements. While this study offers promising insigghtherpotential

of multispectral imaging for potato phenotyping, it is crucial to acknowledge its limitations.
This research is limited to potato crops grown under field conditions. As there are many
different platforms and sensors available for crop phgnng, this project evaluates these
resources using a 29ibtato genotype panel with the aim of investigating crop variability and
norrinvasive disease monitoring. The findings may not be directly applicable to other crop
species or greenhouse settingkis limitation, however, paves the way for further research
opportunities, pushing the boundaries of what can be achieved in crop phenotyping and remote

sensing.

3.2 STATISTICAL ANALYSIS

The basic workflow involves performing correlation analysis on data extracted from
multispectral images using R studio softw@feam, 2021)The null hypothesis is that there
is no difference between UAWased imagery data and proximal sensor data. A loadye
indicates significant findings, leading to the rejection of the-imgtlothesis. Additionally, to
explore more advanced statistitethniques and visualisation to gain deeper insights into the
relationship between variables, the least square means were calculated for all proximal
measurements, including canopy height, LAI, disease, and senescence scores. Similarly, we
calculated leassquare means for vegetation indices obtained from remote sensing and

established correlations with plant health.

ANOVA (analysis of variance) was employed to compare the means of measurements
across different methods and potato varieties. Subsepgostitoct e st s, such as Tul
were conducted to determine differences betyv
to reshape the dataset, allowing us to filter and analyse differences across measurement
methods over time using Linear modelsforcangsn cy . For vi sual repres:
package was utilised for a comparative view across variete®lagervational consistency
over years. We also applied robust least squares regression to evaluate model accuracies, with
root mean squared error (RMSE) and coefficient of determinati§ns@Rving as the criteria
for model performance. Personb6s correlation

relationship between observed and the predicted values.
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Finally, to analyse the variation in blight infection across different years and locations,
we used a regression model that incorporated field assessment and vegetation indices to
estimate the severity. Following this, principal component analysis (PCé&araducted to
reduce the dimension of the data, which was tbkkowed by discriminant component analysis
(DCA) to distinguish and group potato varietiesti€ans clustering was performed afterward

to cluster data into groups based on elbow plots.

3.3 RESULTS AND DISCUSSION

3.3.1 THE ESTIMATION OF CROP EMERGENCE VERSUS STAND COUNT

Estimating crop emergence (number of plants per plot) accurately is crucial for
optimising resource use in agriculture. The conventional method involves physically walking
through fields and counting plants that have emerged from the ground. The primanyfaim
this step is to adjust the groutelel plant estimation method for UAVs and assess its accuracy.
This study evaluates the methodds perfor man
limitation posed by spatial resolution for UAbAsed observaths. The emergence rate and
emergence uniformity were obtained from all plots from proximal data collection were
compared with the data obtained from the UB&sed imaging. The findings suggest suitability
for field phenotyping, witlrigure 20illustrating the counting process using UAV imagery for
an automated plant counting process. The top panel of the figure illustrates the example of
RGB (red, green, and blue) images for individual plots. This represented a reference for the
automated couing process. The bottom panel shows the automated counting process executed
in the R software environment using UAl¢rived imagery. The black shapes represent the
original plants, maintaining their shape and relative position from the RGB sectionhwvith t
markers indicating the plant that has been detected and identified within the plot. This ensured
that the image processing algorithm had not altered the physical characteristics of the plants.
Once the number of plants is obtained from the U#aged imgery, it can be compared with

the proximal data.
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Figure 20 RGB section represents the original visual representation captured by the UAV.
Top: RGB image after soil removal process with grid lines to identify individual plots. Bottom:
Plant counting process, where the black shape represents the original plantbewtdd dots

indicated each individual plant that the algorithm has successfully identified.

The emergence count obtained from both proximal (stand counting) andbdgad
imaging are compared to assess how well the two approaches align in estimating crop
The
accurag, showing a strong correlation with approximately 75.54% of the variance observed in

emergence and stand count. aut omated <co
the automated counting $R0.7545, p<0.001)Rigure 21, A). Despite expected deviations due

to the inherent methodological differences, the 2021 data indicated the highest match between
manual and automated counting with ahdR 0.937 Figure 21, B). However, automated

methods may overcount compared to manual methods, potentially due to algorithm over

detectionWhy was the best match/ correlation in 2021.

82



The relationshp between visual counting and automated The relationshp between visual counting and automated
counting counting (2021 trial)

Figure 21 Relationship between visual stand count and automated counting where (A)
coefficient of determination Bquare) = 0.7545 (thregeear field trials combined). (B)
coefficient of determination (Bquare) = 0.9369 (2021 potato field trial).

Comparing the overall data, thedguared value indicates a strong positive correlation,
though not as robust as a emeone relationship might show. This result suggests that the
automated method may tend to count more plants that the visual methaodiaiptdue to
over counting by the algorithrBy comparison between flights, we found that the accuracy of
this technique is higher when the potato plants are smaller. This might be due to the less
obstructive canopy size and reduced weed interfereneetiaff the UAVVbased imagery data

extraction.

Studies using a similar technique to identify and count the number of plants in the field
indicate that lowealtitude UAV flights can provide a much better resolution, hence greater
accuracy. For instancéinet al.(2017)achieved an quared of 0.81 using a Support Vector
Machine (SVM) for analysis of very loaltitude UAV imagery (37 m altitude above ground),
which allows capturing images at a ground resolution of 0.2 mm to 0.45 mm. Whereas this
study maintained UAV ight parameter at a 30 m altitude, resulting in a ground resolution of
approximately 1 cm. While lower altitudes of UAV flight offer improved ground solution, they
al so pose challenges for photogrammetnic t

at the time image is acquirédin et al, 2017)

83

ec



This study along with others in the field of plant counting, primarily utilised the Red,
Green, and Blue (RGB) spectral banidset al. (2019)reached a 0.96 correlation coefficient
for crop emergence estimation using an unsupervised Random-Basest method with high
resolution RGB orthemages.Valenteet al. (2020) achieved a 95 percent accuracy using
machine vision with excess green index and
convolutional neural networks, arldn et al. (2023) improved this to 99.53 percent by
employing a unique combination of Red, Green, and-Ndeared (NIR) spectral bands. These
findings underscore the effectiveness of the used of specific spectral bands to enhance plant

counting accuracy.

Thus, the further study from this chapter need to explore other spectral bands and
different approaches to improve the accuracy of automated crop stand counting. Considering
lower UAV flight altitudes may be necessary for achieving the desired grounditresol

without overly complicating the method.

3.3.2 PLANT HEIGHT MEASUREMENT

In this study, the plant height of 290 potato varieties distributed over 1200 plots was
examined, with each variety having four replicates. Manual measurements were taken at
growth stages corresponding with UAV flights in order to establish a correlatioredre
proximal measurements and estimating plant height from the-b&#$éd imagery. This study
utilised the Canopy Height Model (CHM) to estimate plant height from the difference between
the Digital Surface Model (DSMJnd Digital Terrain Model (DTMas sggested byAnderson
Il et al.(2019) This method was applied using the FIELDimageR poposed byMatiaset
al. (2020) and point cloud data processed using Structure from Motion technique (SfM)
through Trimble Business Centre (TBC) software as proposdd bgsus Colwedlt al.(2021)

to estimate plant heights in thrgears ofpotato trials

Findingindicatea hi gh over al | Pear s Gh7®85, pe0001) el at i
between UAVbased model estimation and ground truth across three years of research trials
(Figure 22). Among themethods used in this study, the point cloud method showed the best

accuracy and repeatability, followed by the R package method.
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The relationship between proximal and estimated
height
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Figure 22 Correlation between proximal measurements and the estimating of potato height (in
metres) over three years of research trials.

However, detailed data analysis for 2022 on the canopy height and potato crop growth
stage showed the strongest correlation during the vegetative growth and tuber initiation stages.
During the vegetative growth and tuber initiation stage (UAV flight 2,dbrrelation with
proximal data was the strongestiRitof 0.8131 (p<0.001). When potatoes plants were closer
to the maturity stage (UAV flight 3), the correlation remained strong but was less pronounced
(r=0.806, p<0.001). When the plant reached the ntatstage(UAV flight 4) the correlation
reduced dramatically (r=0.5864, p<0.00&)gure 23). Canopy height increased exponentially
until reaching the maximum height when the plant entered the flowering stages. Then, canopy
height started to decrease as the plant has entered the maturity stage. The overall mean and
median of canopy height weralculated based on the field height measurement.
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Comparison of Manually Measured and UAV-Derived Plant Height
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Figure 23 The comparison between manual plant height measurement andiedéd plant

height (from CHM) when the plant reaches the maturity stage (UAV flight 4).

Among the three methods used to estimate plant heights (proximal, CHMs, and 3D
model), ANOVA analysis suggested that all the measurement method and the potato variety
significantly affects average plant height @zsso9)= 2344.23, P<0.001). The method of
measurement has a pronounced effect, with a highllée and extremely low-palue. The
variety also plays a significant role, but the differences between varieties, while statistically
significant, are not as strong deetdifferences between measurement methodsd¥zo9)=
10.91, P<0.001)Figure 23 contrasts manual plant height measurements with {daxved
data at the maturity stage (UAV flight 4), reinforcing the differences observed between the two
measurement approaches and highlighting the need for careful consideration of methodology
in plant leight assessment. The method used to measure the plant height can have a substantial
impact on the results obtained, which is important to consider for research and practical

applications.

Comparative analysis with previous studies showed variability in the effectiveness of
UAV -based height estimation techniques across different cropsselfrelibration method
showed the best performan@? =0.63) andutperformed 'point cloud' and 'reference ground'
methods in terms of repeatabili(9.34 and 0.38, respectively) in sorghum and méikzeet
al., 2018) Similarly, de Jesus Colwebt al. (2021)found that the image based plant height
estimation, particularly after data cleanisgpwed the best performance with an R2 620n
potatoesPughet al. (2018) observed variability in correlation across different crops, with
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correlation ranging from of 0.4 to 0.5 in sorghum and@%in maize. The study Bhiet al.
(2016)also highlighted atronger correlation between UAV estimated and ground truth height

in sorghum plotsR?= 0.55. ten Harkelet al. (2020)utilised UAV-LIDAR technology with

the 3DPI algorithm, achieving accurate height estimations for sugar beet and wheat (R? = 0.70,
RMSE = 7.4 cm and R2 = 0.78, RMSE = 3.4 cm, respectively) but encountering challenges
with potatoes (R2 = 0.50, RMSE = 12 krnlike crop with uniform and vertically structured
canopy, such as wheat, rice, and maize, potato splaste an irregular and naomiform
canopy.The complex canopy structure and the ridges characteristic of potato cultivation posed

difficulties, resulting in lower reliability for plant height estimation.

These findings emphasise the significance of choosing suitablelb2&8®d estimating
technique that are customised to the unique characteristics of the crop. Although UAV
technology along with data analysis is valuable for plant study, the complex chstiastef
specific crops, such as potatoes, require further methodological adjustments to improve
accuracy and repeatability in plant height estimation.

3.3.3 LEAF AREA INDEX ESTIMATION

Several techniques have been developed to measure Leaf area indekd@bAboth
the ground truth anthrough remote sensirigchniquegBréda, 2003)These methods utilised
spectralbasedvegetationindices (VIs), plant height data (obtained manuallytlopugh
sensors), along with machine learnaigorithms for enhanced accuracy. Recent advancements
in methodologies for measuring LAI, as detailed in the studidsubyet al. (2020) Sunet al.
(2022)and Yu et al. (2023) emphasise the effort to evaluate plant health and productivity
through nordestructive approacheshis effort combines traditional growthsed proximal

measurements with spectizdsed VIs and plant height data.

Table 9 Model performance summary fteaf area indexL(Al ) estimationusing vegetation

indices (VIs) and canopy height

Model Parameters R? MSE

Random forest Vis 0.253 | 0.0151
Random forest VIs + canopy height 0.294 |0.0143
PLS regression Vis 0.286 | 0.0145
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PLS regression VIs + canopy height 0.351 |0.0132

Data collection from potato canopies was conducted using a handheld device
(ceptometer), as well as multispectral cameras, which served as input variables in regression
models. Feature selection was guided by correlation analysis, identifying BiomasgBidex
and Plant Senescence Reflectance Index (PSRI) as having a positive correlation with LAl
among other variables. However, other VIs showed weak correlations throughout the growing
season, similar to the result froBonget al. (2021b) In order to improve LAI estimation

accuracy, we integrated VI with canopy height data across potato growth stages.

The Random Forest (RF) models showed modest correlations between estimated and
actual LAl measurements, with? Ralues ranging from 0.25 to 0.29 order to improve the
estimation accuracy further, the Partial Least Square Regression (PLSR) method was also
employed. The results shows that the PLSR outperforms the RF approach for estimating LA,
showing Rvalues ranging from 0.28 to 0.3Bable 9). The same result was found in the study
from Li et al. (2020)andLiu et al.(2022) Despite these advancemertt® current predictive
modelling effort has relied on a dataset with a singular ground measurement of LAI. While the
models deployed, including Random Forest Bh&R have demonstrated varying degrees of
predictive capability, the limited ground truth data for LAl poses a significant constraint. This
limitation inherently restricts the model's learning scope, potentially impacting the accuracy

and reliability of the 1Al predictions.

This summary highlights the importance of feature selection in model performance and
suggests that combining different types of ecological and phenological data can significantly
improve predictive accuracy. Nonethelefisis approach demonstrates a significant step
forward in precision agriculture for potato varietal study. The ability to accurately estimate LAI

with nondestructive offers a more efficient and repeatable method.

3.3.4 FIELD DISEASE DETECTION

In term of disease detection, this study does not represent a true genotype x environment
analysis due to the small plot size and used of seed across years, despite testing potato varieties
in both organic and conventional management systems over threecaves years (2020
2022). Additionally, the trials were subject to natural infections from the local pathogen

population, but the structures of the pathogen populations remained unknown. It is presumed

88



that the varieties were exposed to a variable range of pathogen genotypes during the growing
season. Variable weather conditions and timing of disease occurrence led to fluctuations of the

blight season across the different year trials.

Potato crops can be infected by numerous viruses that can affect yield and tuber quality.
Commonly, viruses can be diagnosed through mosaic patterns on the leaves, stunting of the
plant, and the deformation of leaves and tul{eexomme and Jacquot, 201FHowever,
symptom expression can be inconsistent, influenced by the interactions between the virus and
plant, growing conditions such as soil fertility and weather, or the stage of the plant when it is
infected. The most important potato viruses includ&io virus Y (PVY) and potato leafroll
virus (PLRV) (Chatzivassiliouet al, 2008) In this study, while specific viruses were not
identified, observations of virus symptoms that occurred in a particular plorecneled for
future disease managemehigure 24 Stunning symptoms caused by potato viruses on potato
plants observed in the fielBligure 25 Leafroll symptoms observed in the figldt was noted
that viruses could be found in O6healthy pl a
symptoms. Confirmation of specific virus presence, however, requires plant pathogen analysis,
such as enzymlinked immunosorbent essay (ELISA) fdetecting the presence of PVY and
PLRV (EI-Amin et al, 1994; Chatzivassilioat al, 2008)

Figure 24 Stunning symptoms caused by potato viruses on potato plants observed in the field.
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Figure 25 Leafroll symptoms observed in the field.

The annual variation in disease incidence across the potato variety trials offers valuable
insights into the susceptibility and resilience of differarteties to virusnfections.Over three
years, a distinct set of varieties each year displayed sign of disease illustrasdaeriO.
Disease detection varied annually, with infections identified in 11 potato varieties in 2020 trial,
16 varieties in 2021, and 13 varieties in 2022.

Table 10 Potato varieties affected by disease across three years trials.

Variety Name 2020 2021 2022
12601AB1 No Yes No
Alpha No Yes No
Anna No No Yes
BF 15 No No Yes
Bzura Yes No No
Celine No Yes No
Ditta No Yes No
Dr Mclintosh No No Yes
Duke of York No No Yes
Dunbar Standard No Yes No
Dundrod Yes No No
Eginhiemer No Yes No
Fontaine Yes No No
Gardena Yes No No
GL 78/79 No Yes Yes
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Gold Marie Yes No No

Harlequin No No Yes
Juliette No No Yes
Kerrds Pin No No Yes
Kingston No Yes No
Lady Christl Yes No No
Linton No Yes No
Marabel Yes No No
Maris Bard No Yes Yes
Markies No Yes No
Mimi No Yes Yes
Mira Yes No No
NDTX 4271 5R No Yes No
Pimpernel No Yes Yes
Rubesse Yes No No
Safari No Yes No
Saphire No No Yes
Slaney Yes No No
Spey No Yes Yes
Timate Yes No No

The summarised results frolable 10 reveal a pattern of disease occurrence among
different potato varietiedn 2021, there was an increase in disease presence with 16 varieties
impacted, and among these, 'Pimpernel’, 'Spey', ‘Maris Bard', 'Mimi', and 'GL 78/79" were also
affected in the 2022 trial3 hisindicatesthat these varieties more pronealteeaseThe impact
of disease infections |l ed to the | oss of wvar
in20226 Saphireé and O6Mi mi 6 produced significani
of less than half a kilogramme. This observation highlights that diseases severity can greatly
vary between varieties and the need for robust disease monitoring teshnique

In response to the detection of viral symptoms within the plot, a crucial management
decision was made to exclude tubers from affected plots from future seeding to prevent the
potential virus spread and protect future cop health, given that viruses t@mdmait from
infected plants to seeds or tubers, hence potentially affecting the next crop generation
(Lacomme and Jacquot, 201K)oreover, the rapid spread of disease under favourable weather
conditions underscores the importance of immediate disease mgppimgneret al, 2016)

In instances where plants are severely infected, it may be necessary to remove them to prevent
the spread of disease to neighbouring plots. In conclusion, this preventive strategy is crucial

for controlling and managing crop health.
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3.3.5 VEGETATION INDICES FOR DISEASE PREDICTION

Partial least squarediscriminant analysis (PL-BA) is recognised for its robust
capabilities in bothpredictive and descriptive modelling but requires optimization of
parameters foaccurate resultf_eeet al, 2018) Despite itgproven effectiveness withigh-
dimensional datasets, mangsearchers encounter difficulties in constructing valid models,
highlighting a gap between the algorithmds p
while PLSDA has been widely utilised in food and plant chemistry resg#icheidaet al,

2013; Uarroteet al, 2014; Grasel and Ferrdo, 2016; Samgdial, 2020; Valderramat al,
2022; Birenboinet al, 2023) its adoption in plant phenotyping remains limited. For example,
Haoet al.(2010)andSpoladorest al.(2021)explored its utility in differentiating plant varieties
using Visible/Near Infrared (Vis/NIR) spectroscopy with modelling, demonstrating its

potential on a small number of varieties despite the challenges.

(] .
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Figure 26 PCA scatter plotand clusteringanalysis of potato varieties based on vegetation
indices (NDVI and NDRE) and field disease severity score clas$0(kcale) Each dot
represents a potato variety, and cluster is indicated by coloured shadingsu@)summary

of the relationship and similarities or differences between potato varieties based on vegetation
indices and field disease evaluation score. (B) the distribution of varieties with the removal of

diseaselass9 (healthy plant).

This study utilised multispectral imaging to evaluate potato plant canopy reflectance
across growth stages. By calculating vegetation indices (NDVI and NDRE) and developing

statistical models, disease severity was estimated and comparted with field deseagy
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classes (410 score scale)able 3). ThePCA scatter plots with ¥neans clusteringresented

in Figure 26 A shows adensely packedlustering with noticeable overlagmongpotato
varieties indicating thechallenges of differentiating closely related varieti€herefore,

Figure 26 B represents a PCA plethere disease class 9 (representing healthy plants) was
excluded, allowing for a clearer visualisation of the relationship and differences among
varieties. From the neans clustering analysis, four distinct clusters were identified, with
each point in alaster representing varieties that share similar traits based on vegetation indices
and disease classeSluster 1 (red) and 2 (yellonghows overlap, suggesting similarities
between certain varieties in these groGjuster 1 and 2ontain varieties with low vegetation

index value and low disease class (showing disease symptom), indicating significant disease
susceptibility and lower overall plant health performance. Cluster 3 (blue) and 4 (purple) also
showed overlap, these two diets contain potato vieties that display high vegetation index
value and high disease classes (healthy plant). Cluster 3 and 4 suggestrdsisizsg
varieties that have a robust response to environmental stress and may be suitable for farmers in

the region where diseaseepsure is moderate and disease management practices are feasible.

oA ® oD
High
NDRE e | HOECOOE l
NOVI | @ EORCOE I
Low

00 02 04 06 08 10 12 14

VIP scores

Figure 27 Variable importance in projection (VIP) score MDVI and NDRE in multivariate
partial least square regression model (PLSR). Tags xplot displays VIP scores, which

guantify the importance of both vegetation indices in the model.
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In the partial least squaranalysis the variable importance plot graph shows the

vari abl e i

mportance in

projection

(VI P)

importanceas a predictom modelling(Erikssonet al, 2013) If the variableimportanceis

greater than 1.5t indicatesbetter vegetation irek to discriminate the variety of potatoes
according to disease score. The HDS analysis revealed the variable importance in
projection (VIP) score ranging from 0 to over 1Hglre 27). The variable importance plot
highlighted the significance of NDVI and NDRE indices in the regression modeltiath

v al

NDRE score closer to 1.5 indigag higher potential for predicting the disease severity than

NDVI.
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Figure 28 Variable importance in projection (VIP) score plot from a partial least square

regression (PLSR) model, listing various vegetation indices extracted from multispectral based

imagery on the yaxis and their corresponding VIP scored on thax}s.

A higherVIP score indicates a greater ability to discriminate between diffdresdse

severityclasses within the dataset. In the context of plant phenotyping, especially concerning

disease incidence or severity in potato crops, the selection and assessment of vegetation indices

are crucial. The PL®A analysis, visualised iRigure 28, shows VIP scores ranging from O

to over 3. While many of vegetation indices display relatively low VIP scores, the Transformed

94

u



Vegetation Index (TVI) stands out with the highest score. The indices like TVI, Ratio
Vegetation Index (RVI), Chlorophyll Inde®&reen (CIG), and Chlorophyll Vegetation Index
(CVI) have VIP scores near or beyond the threshold of 1, indicating that they are also
significant predictors in the model. Specially, the high VIP score for TVI indicates a strong
correlation with the disease scores obtained from field evaluations, which aratedeigito

the regression model.

In addition to identifying significant indices, the study also utilised thmd&ans
algorithm to categorise observation into separate cluster based on TVI and RVI. This clustering
analysis reveals the underlying trends in the (Fture 29). Cluster 1(red)primarily consists
of observations from class 6 and 7. Clustggteen)is characterised by a combination of
classes, with a significant representation of @a$sand 8.Cluster 3 (purple) generally
comprises observation from clas®9 and 10. The arrangement of these cluster in space
enhances the analysis as the observation fored8ssnd 10 show a greater spread across the
plot. This indicates a higher level of variability within these classes. In contrast, class 5
observations exhibit a higher level of centralisation indicating a greater degree of homogeneity.
Clas®s6 and 7 are closely clustered in the lower left quadrant, suggesting that they may have

similar characteristics or reactions to disease.
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Figure 29 PCA scatter plots with #neans clusterinfpr potato varietiebased on vegetation
index valuesand field disease severitjasses (410 scale) The data points are grouped into
clusters with each cluster representing relationship between vegetation indices and disease

severity across all varietie@\) Clustering using all vegetation indicasd disease class€B)
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Clustering using points based on Transformed Vegetation Index (TVI) and Ratio Vegetation
Index(RVI).

By calculating five vegetation indices and developing a regression model, we estimated
late blight severity. These estimations were then validated against field disease
assessmentscoringfrom 1 to 10 Table 3), acrosghefield. The PLSDA model was then
applied to distinguish between healthy and diseased plEmSPLSDA score plot revealed
distinct clustering of potato varieties based on different vegetation indices. This suggests the
capability of each index to identify the presence and severity of diseases that affecting
photosynthesis and overall plant hbalThe study also employed -ieans clustering
demonstrates the variable nature of disease impact, offering insights into the homogeneity and
variability within classes. The comparison with previous studies, sudhaet al.(2010)and
Goldet al.(2020)confirmed that the early physiological characteristics of the disease obtained
from PLSregression trait models, although among different cultivars responses to the disease
differently, they shared some spectral properties that made it possible to distinguish between

them.

In summary, in this study, the strategic application of VIP scores antkdhs
clustering in this PLEA analysis not only offers a window into the relationship between
vegetation indices and disease incidence in potatoes but also sets the stageddrdisegse
management strategies. By identifying which vegetation indices serve as reliable indicators of
plant health, researchers and farmers can monitor crop vitality and disease proddesston.
the complexity and creppecific characteristics ofgut phenotypic data, it is crucial for future
research to concentrate on improving HL& modelling methodologies that are tailored to
this field. Additionally, efforts should be made to address the knowledge gaps that now limit
its widespread applicatioithis would require irdepth investigations into the unique features
of phenotypic data, which include factors such as environmental adaptability and genetic

expression patterns.

3.3.6 THE CONSISTENCY AND ACCURACY BETWEEN PROXIMAL AND UAV
BASED MEASUREMENT

To analysehe obtained results in relation to research objective and hypothestbethat
remote sensingased approach is highly correlated with the direct ground measurements
comparedeach methodologysed to extract the same crop parameters including remote

sensing based and direct measuremBable 11). For validation, we first validate the aerially
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observed vegetation indices by comparison with proximal ground measurements for all

varieties (Figure 30). Comparing the data extraction method across different models or

software and evaluatirthevisual observation against these methodologies in term of accuracy

and precision, involves a structured approach. Additionally, identifying the method that

provides consistent results over multiple years requires a careful analysis.

1. Accuracy: measures how close the resafieghe true values

2. Precision: measus&ow repeatable or reproducible the results are when the method

is applied under the same conditions

3. Consistency: assessh o w

datasets or over time

stabl e

t he

met hodds perfo

Table 11 Different approaches and their evaluation metrics (Correlation Coefficient, R
squared, RMSE, MAE) when tested agdithe proximal approach. The MAE for the 'R

packageand'TBC' methodss calculated separately using their respective predickces.

Approach Crop Correlation | R- Root Mean | Mean Absolute

parameter squared | Square Error | Error ( MAE)
(RMSE)

R package | Average plan{ 0.68 0.4575 | 0.1448 0.8068
height

TBC Average plani 0.78 0.5116 | 0.0498 0.1984

(Trimble height

Business

Centre)

R package NDVI 0.72 0.529 0.0002 0.0111

R package | NDRE 0.69 0.229 0.027 0.022
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Figure 30 A heatmap visualising the correlation between each measurement methioel for

2022 potato trial, with colour intensities reflecting the strength and direction of the correlations.

CANOPY HEIGHT MEASUREMENT

In this study we found that the canopy crop model (CHM) extracted from both R and
TBC approachs highly correlated with ground measurement. However, wheriuvtieer
investigataifferent stages of potato crop and corresponding GHlyure 31) and 3D canopy
model Figure 32), we found thatwhen plants reach the maturity stage, the correlation is
weaker compared to vegetative growth and tuber filling stage
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Robust Regression of Manually Measured vs UAV-Derived Plant Height Robust Regression of Manually Measured vs UAV-Derived Plant Height

UAV-Derived Plant Height
UAV-Derived Plant Height

025 0.50 075 0.0 02 0.4
Manually Measured Plant Height Manually Measured Plant Height

‘ UAV flight 2 (Tuber initiation stage) ‘ ‘ UAY flight 4 (Maturation stage) ‘

Figure 31 A different stage of potato crop development extracted from bASed imagery
compare with manudleightmeasurement. The blue line indicates the line of best fit through
the data point. (Apata from UAV flight 3 corresponding to tuber filling stage. [Bjta from
UAV flight 4 corresponding to maturation stage.

A robust regression analysis was carried out to evaluate the relationship between the
plant height estimated from UAWerived data (R and TBC approaches) and the plant height
measured manually (proximal approachihe 'R package' approach, when applied to average
plant height, shows a moderate correlation (0.68) with a corresponding R2 of 0.4575, indicating
that about 45.75% of the variance in plant height is explained by the nibdélBC' method
scores higher in both correlation (0.78) anddrared (&116), suggesting a stronger and more
accurate relationship with average plant height. It has a significantly lower RMSE (0.0498) and
MAE (0.1984), indicating more precise predictiombe residuals of the model, representing
the differences between observed and predicted values, rangeeDfats5 to 0.1773, with
the median close to zere0(0012). This findings mirror similar result reported in previous
studies conducted on whegitolmanet al, 2016; JimeneBerni et al, 2018) potato(Njane
et al, 2023) and maizédanet al.(2018)
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3D Medel Estimated Plant Height
3D Model Estimated Plant Height

02 04 0.6 02 04
CHM from Muttispectral-based Plant Height CHM from Multispectral-based Plant Height

| UAV flight 3 (Tuber filling stage) ‘ ‘ UAV flight 4 (Maturation stage) ‘

Figure 32 A different stage of potato crop development extracted from {bASed
multispectral imagery (CHM) and 3D point cloud data. The blue line indicates a line of best
fit. (A) shows data from UAV flight 3 corresponding to tuber filling stage. (B) the scatter plo
represents UAV flight 4 corresponding to maturation stage.

The intercept of the model, which represents the estimated-dl&kved plant height
when the manually measured plant height is zero, was not significantly different from zero
(coefficient =-0.0535, standard error = 0.003&alue =-13.9839). However, thslope of the
model was significantly positive (coefficient = 0.5691, standard error = 0.0Mlueg =
52.9735), indicating a strong and positive relationship between manually measured plant height
and UAV-derived estimates. For every one unit incraas@anually measured plant height,

there is an associated increase of 0.5691 units in the-tlBkWed plant height estimate.

The robust nature of the regression model helps to mitigate the influence of potential
outliers and provides a more reliable estimate of the relationship between these two methods
of measuring plant height. The strong positive relationship and signitigahte for the slope
suggest that manually measured plant height is a good predictor ofdéAxed plant height
for these potato crops.

VEGETATION INDICES

Our analysis revealed a substantial positive correlation between proximal NDVI and

UAV-NDVI during the tuber initiation stage, suggesting that both sensor types are consistent
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in capturing vegetative health indicators. This correlation diminishes during subsequent stages,
possibly due to the differing dynamics of plant growth and changing reflectance patterns as the
plant matures. The correlation between proximal NDRE and BMRE also varies across
stages, with a stronger correlation during tuber filling, indicating a more consistent relationship
for this metric. Our analysis further identified potential factors contributing to weaker
correlations, particularly during the mattiom stage for both NDVI (r=0.581, p<.001) and
NDRE (r=0.562, p<0.001). The difference in data collection methods, with proximal sensors
offering a static view and UAV sensors providing a dynamic remote acquisition, likely
contributes to variations in calation strength. Additionally, illumination geometry and
shadow effectsrom potato canopypbserved during maturation can impact the accuracy of
UAV -derived data, thereby affecting correlations with proximal data. For NDRE, the highest
correlation is obg®ed in tuber initiation stage (flight 2) while other stages show weaker
correlation especiallgt thematuration stage (coefficient = 0.432R0.229)(Figure 33).

|£| Manually Measured vs UAV-Derived NDVI Manually Measured vs UAV-Derived NDRE

UAV-Derived NOVI
UAV-Derived NDRE

0.8 09 0.15 0.20

06 07 025 0.30
Proximal NDVI Measurement Proximal NDRE Measurement

Figure 33 The correlation between the data derived from UB&sed and proximal
measurement for NDVI (A) and NDRE (B) vegetation indices from maturation stage (UAV
flight 4).
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Figure 34 Bland-Altman plots visually evaluatd¢ correlation between proximal and UAV
derived NDVI data for each potato growth stages. The central dashed line in each plot
represents the mean difference between the proximal anddéfVed measurements. The

outer dashed lines represent the limitsatelation, calculated as the mean difference + 1.96
standard deviations of the differences.
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Figure 35 Bland-Altman plots visually evaluatd¢ correlation between proximal and UAV
derived NDRE data for each potato growth stages. The central dashed line in each plot
represents the mean difference between the proximal anddéfAVed measurements. The
outer dashed lines represent the limits of@ation, calculated as the mean difference = 1.96

standard deviations of the differences.

To complete our assessment with a Bldinan analysigFigure 34 andFigure 35),
we plot the differences against the means of the proximal and-t&iwed NDVI and NDRE
measurements for each potato growth stages (four growth stages). For the first UAV flight or
tuber initiation stagethereappears to be a moderate spread of differences around the mean,
indicating some level of correlation but with variability. Similar observations can be made for
flight 2,3, and 4 (tuber initiation, tuber filling, and maturation stages) with differencesdspre
around the mean. The extent of variabilitydathe number of points outside the limits of
correlation vary among different growth stages. In sumnadrje there is high correlation
between the proximal and UAWNerived data, the Blar#élitman plots reveal variability in this
correlation across different potato growth stages. This analysis underscores the importance of

considering both systematic diffes and the consistency of these differences when
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assessing the accuracy and reliability of UAdfived data against growdsed

measurements.

3.3.7 YIELD PERFORMANCE

Potato varieties can be grouped based on yield performancepiusss typically
involves classifying varieties into distinct groups based on specificyetdted parametern
this study we employ the potato variety categorised based on yield threshold and clustering
analysis techniques.

CATEGORISATION BASED ON YIELD THRESHOLDS

The detailed observation of diseases and growth pattern across different varieties and
years provide the dynamics of variety performance under varying environmental conditions.
This is essential for effective disease management and field planning. Amon@3ive
different potato varieties, we categorised them based on their yield performance. Yield
performance groups were defined based on quantiles of average yield, dividing yields into
AHIi ght 6, AMedi umo (Rigue36ilLowod categorises

Hi gho ~ aQqgeantike gagerageiyield, 6.75)

N

iMedi umd ~ average Vyield < quanrgdaftle (aver

(average yield, 0.25)
T ALowod ~ a\Voguamig @vesagegield) 0.25)
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Yield Performance by Variety

0-

Figure 36 Thedistribution of yield performance (in kg of fresh weight) by varietythree
yeartrials, categorised into thregroups:High, medium, and low.

YieldPerformance
B High
. Low

Medium

Average Yield

Variety Name

CLSTERING ANALYSIS

PCA can be used to reduce the dimensionality of yielated traits and identify
principal components that explain the most variation in yield. By plotting the varieties in PCA

space, we can group them based on yield performance and identify key tnaig dr
differences between groups.
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Cumulative Explained Variance by PCA Components
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Figure 37 Cumulative explained variance plot shows that 19 principal components are explain
around 95% of the variance.

Combining three yearsial yield data, we performed Princip@bomponentAnalysis
(PCA) to reduce the dimensionality of the dataset, which consists of quantitative variables for
different potato varieties. It was found that the first 19 principal components explain
approximately 95.37 percent of the varian€gre 37). These components were then utilised
in a Discriminant Content Analysis (DCA) to differentiate the potato variekiggile 38).
Despite a high numbeff varieties casing crowding in the middle;nkeans clustering allowed

us to group potato varieties based on yield performance into 10 distinct groups.
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Cluster plot
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Figure 38 K-mean clusteringlot (10 clusters) of potato varietibased on yield performance
Each point represents an individual potato variety, with distinct symbols and colours indicating

the distinct clusters identified.

3.3.8 CROP MONITORING AND TIME-SERIES

There are distinct spectral signatures for healthy and diseased plants, which can be
detected using different vegetation indic@gferent potato varieties have different levels of
susceptibility or resistance to specific diseases which is reflected in their spectral profiles. We
performed ANOVA for each variety across these different measurement methods for average
height and other crop pameters. However, since these measurements are taken at different
times (corresponding to different UAV flights), wamnot directly compare the measurements
across different flights as they are not repeated measures on the same subject. Consequently,
we conducted separate ANOVAs per flight date/growth stage, using a mixed model approach

to account for these variations.

The analysis revealed significant variability in phenology and grdveits across
potato varieties. The data showed that the varieties ‘Markies' and 'Sarpo Mira' achieved the
maximum yield in both organic and conventional fields, with ‘Sarpo Mira' consistently ranking
among the top 10 for yield across three separate. timad®ntrast, ‘Mimi' consistently produced

the lowest yields.

107



Change in Crop Parameters Over UAV Flights for Selected Varieties
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Conventional Organic

[L%]

’ ]
o B St

3 e o [ ]

mw | | TF

>0 T

t

E SARPO MIRA SARPO MIRA
g Conventional Qrganic

wn

m 3

ih)

=

(L]

,————*__:/:-/-)

1 2 3 - 1 2

UAV Flight Number

(4%}
o,

parameter
Avg PH

—— CA

— CV
Max.PH

Figure 39 Change in crop growth parameters includg average canopy height (Avg.PH),

canopy area (CA), canopy volume (CV) and maximum canopy height (Max.PHjiroeer

measured over multiple UAV flight for varies Markies and Sarpo Mira under conventional

and organic manageme2022 tial).
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Change in Crop Parameters Over UAV Flights for Selected Varieties
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Figure 40 Changes ircrop growth parameters including average canopy height (Avg.PH),
canopy area (CA), canopy volume (CV) and maximum canopy height (Max.PH) over time for

varieiesBF 15 and Sofia under conventional and organic managd2@22 tial).

The crop monitoring graphs provide insights into how each variety responds to field
conditions, revealing patterns of growth that are consistent across both conventional and
organic farming practices. As illustratedrigure 39, the parameters including average canopy
height (Avg.PH), canopy area (CA), canopy volume (CV), and maximum canopy height
(Max. PH) for the varieties OMarkiesdé and 0S:
management show a positive progression awae, which correlates with high yield
production. This upward trend demonstrates the robustness and adaptability of these varieties

in different farming systems.

In contrastFigure40e x ami nes t he varieties OBF 156 a
the same crop parameters over time under both conventional and organic management. This
downward trend indicates less vigorous growth, which subsequently results in lower yields.
These compasons highlight the importance of selecting potato varieties that not only adapt
well to specific farming practices but also maintain consistent growth and productivity over

the growing seasoessemaet al. (2020)also emphasise the importance of acknowledging
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the inherent variability among potato varieties in terms of tuber yield and other important
growth traits. Such insights are invaluable for farmers and agronomists in making informed
decisions about variety selection to optimize yield outcomes in varigusukural

management systems.

3.4 CONCLUSION

This comprehensive study demonstrates the possibilities and the challenges of
implementing higkthroughput field phenotyping (HTFP) using multispectral imagery in
potato varietal study trials. The research findings indicate a strong correlation between
unmannd aerial vehicle (UAVA)based measurements and traditional proximal methods across
various growth stagdsr diverse phenotype trait¥his highlights the effectiveness of UAVs
in capturing detailed phenotypic information.

Key findings include the successful application of multispectral imaging to differentiate
between healthy and diseased plants, which is critical due to the varying susceptibilities of
potato varieties to specific diseases. The study utilised advancedpmagsesing and machine
learning technique® facilitatethe extraction of valuable data, such as plant height, vegetation
indices, and disease indicators, which are pivotal for informed degisadimg in crop
management and breeding. However, the salsly encountered limitations, primarily due to
the vast diversity of potato varieties and the consequent data volume required for robust
statistical analysis and model accuracy. The research emphasises the need for more extensive
data collection, includingpoth replicates and longitudinal studies, in order to enhance the
accuracy of yield prediction models and disease detection methodologies.

Combiningtechnological advancementith traditional farming knowledgeffers a
hopeful approach to precision agriculture, which improves production, disease control, and
sustainable farming method¥here is a potential for a revolutionary impact on potato
cultivation including the possibility of achieving larger yields, enhanced disease resistance,
and increased resouraseefficiency. However,small-scale farms face significant obstacles,
especiallydue to economic and technological restrictiohBe high costs associated with
sensor and the complexity of data analystald potentially restrict the availability of

advantages offered by precision agriculture.

This study establishes the foundation for future research by recommending the
implementation of largescale studies, more thorough investigation of resistance specific to
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individual pathogens, and the creation of focused management strategies. By furthering our
comprehension of HTFP's capacities and constraints, we can approach the realisation of its

complete potential in enhancing worldwide food security and agricultural sustdinabili
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CHAPTER 4. THE DEVELOPMENT AND VALIDATION OF
METHODOLOGY FOR ESTIMATING POTATO MATURATION
AND YIELD F ORECASTING BASED ON UAV IMAGERY

Studies focusing on what is a suitable resolution to describe the relationship between
canopy characteristics &stimatepotato maturity and yield estimation at field scale are still
lacking. In consideration of this, the study aims to explore the variability across diffatant
collectionsystems and the dependency of crop growth and disease detection parameters on
resolution in potato crops. Through evaluating various imaging sensomsaamihe learning
approachesthis research seeks to identify the most suitable approach and resolution for
effective assessment of potato canopy maturity, senescence, and yield prediction.

Potato maturation and yield estimation models have considered a comprehensive array
of crop parameters, integrating them with machine leaning models to enhance predictive
accuracy Among the models explorethe Random Forest (RF) algorithappears to be the
most effective for predicting potato plant senescence and yield estimiti@022 yield
estimation,the RF model, which accounts for canopy volume, canopy area, canopy height,
NDVI and NDRE, achievedn R? of 78.31. However, in 2020 and 2021 the aacyrof the
model was lower, highlight the significant impadield conditions and annual weather
variationshaveon yield. For maturity estimation, RF alsbestperformedmode| explaining
approximately 53.4% of the variancethe senescence score, with the PLE&ing a lower
predictive value§0.8%) whilst Decision Treegavethe lowest R? scorg9.3%.

In conclusion, this chapter preseatperspective on the application of advanced 3D
modelling remote sensing technologjesd machine leanirig accurately evaluate maturity,
senescence, and yield prediction of potatoes. By utilising these technologies and addressing
existing research gaps, there is a possibility to improve our understanding of crop growth

dynamics, disease detection, and udtiely, agricultural productivity and sustainability.

4.1 INTRODUCTION

Potato breeding has evolved over the past 150 years with the goal of developing
cultivars that meet thehanging demands of consumers and the potato industry. Early potato
breeding efforts focused on increasing yield and disease resistance, however, as consumer
prefeencesand market demands changed, breeders began to focus on other traits such as earlier
maturity, compact plant size, smooth tubesign finish, improved processing qualityand

112



improved nutritional qualityJansky, 2009)Growth and development of the potato plant can

be categorised into distinct growth stages based on the developrttenptdniaboveground
(canopy/haulm) and below ground (tubethese are influenced by both genetic and
environmental factordyNorman and Campbell, 1989; CeBamboaet al, 2003) The
information about the canopy and environna¢mmteraction helps determine the impact on

vital processes such as photosynthesis, transpiration, growth and infestation of pests and
pathogens(Norman and Campbell, 1989 addition to monitoring these physiological
indicators, measuring total leaf area, total dry matter, and light interception can be used to
indicate the size and effectiveness of the crop canopy and the crop groWfthaekerron and
Davies, 1986)

Early yield estimation is crucial inoth potato productiorand breding processThis
allows breeders to identify and select variety that produce higher wyigdér various
environmental condition@ndfarmer tooptimise the input and plaor marketdemandgAl -
Gaadiet al, 2016; Lucet al, 2020) In potato production, one important factor that affects the
quality of harvested potatoes is the physiological status of the crop at harvesting time. It is
crucial to distinguish between maturity and senescence in potato production because harvesting
at the appropriate maturity stage is critical in order to achieve-tigtity tubers while
delaying harvest beyond the maturity stage can result in tuber deterioration and loss of yield
(Caldiz et al, 2001; Kempenaar and Struik, 200Tuber maturity is a predominant factor
influencing quality at harvest and throughout storage, mature potatoes tend to store better than
immature ones, given thekeducedsusceptible to skin injurypwer respiration rates, and are
decreasedusceptible to diseageéleltoft et al, 2017) On the other hand, monitoring and
managing senescence is vital in maintaining plant health and productivity and may influence

the harvesting time.

Achieving crop maturity is complicatedandis linked to the maturation of the entire
plant, which in potato refers to four distinct processes that occur as the crop approaches harvest
(Bussan, 2009)The maturity indicators included haulm/vine greenness (haulm/vine maturity),
tuber skin set (physical maturity), tuber dry matter content (physiological maturity) and tuber
contents of sucrose, glucose and fructose (chemical mat(Higfoft et al, 2017) Tubers
must undergo each proceisereforewe can describe the maturity of potato crop as the stage
in potato growth when the potato plant has stopped growing, the tubers have reached their full
size and have developed the proper dry matter content, starch content, skit set and is

physiologicallyready for harvestBussan, 2009)Maturity can vary depending on the potato
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variety/cultivar and environmental conditions, but it is genetatyveerf0 to 120 days after
planting. However weather conditions are a key factdfecting growth and development of
the plantas well ashespread of pest and diseaséfectingpotato cropgKoomanet al, 1996;
Economotet al, 2023) Consequently, these factors can impact the timing of plant maturity.

Senescencm potato plants is a natural ageidgpendent plant process that occurs after
maturity or 1428 days after floweringMeyer and Neto, 2008 Meyer and Neto (2008)
explained that during senescence, the above ground/ haulm begins to detéemadatg to
plant death on a discrete visual scale. In breeding, plants that senesce more slowly may reach
higher yield aplantsretain higher photosynthetic capadfioomanet al, 1996) However,
senescence is not only influenced by internal factors (genetic) but also multiple environmental
factors such as temperature, light and nutrient availability and it also can be accelerated by
stress factors such as drouglrid pathogen infectiofBussan, 2009; Guet al, 2021;

Economotet al, 2023)

Conventionally, potato canopy maturity and senescence can be assessed using a
combination of visual observation, physiological measurements, and laboratory analysis.
Visual observation is one of the simplest, clemuyring maturation and senescence typically
includes degradation of chlorophyll ihe leaf (turn yellow). Destructive laboratory analysis,
such as measuring leaf chlorophyll content, sugar, and nitrate levels in petiole sap, can provide
valuable information about the physiological status of gb&ato (Mackerron and Davies,

1986) A sudden declinen vegetative traits such as height and canopy area can also Bsused

an appropriate indicator of the onset of maturity and then senegdéaceerron and Davies,

1986) These indicators can give insights iftepl ant 6 s nutri ent stat
efficiency, and overall healtfTherefore, we can describe the maturity of crop as the stage in

potato growth when the potato plant has stopped growingsaeddy to harvest.

4.1.1 BRIEF OVERVIEW OF THE 3D-MODEL APPROACH AND ITS
POTENTIAL BENEFITS

In recent years, the deployment of unmanned aerial vehicles (UAVs) and a variety of
imaging technologies have been used to collect data for quantitative studies of complex plant
traits related to growth, yield, and adaptation to biotic and abiotic étiestsal, 2014; Comba
et al, 2018) The technique that are being used in plant phenotyping platforms include visible

imaging (machine vision), imaging spectroscopy (multispectral and hyperspectral remote
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sensing), thermal infrared imaging, fluorescence imaging, 3D imaging, and tomographic
imaging (MRT, PET and CT(Li et al, 2014)

Imagebased modelling techniquean combinehigh-quality photogrammetry and
efficient computer vision algorithms usingdimention (2D) images to obtainrdmention
(3D) modelgHerrereHuertaet al, 2015) Image mapping on threimensioml models aims
to define the texture or colour information on the surface, which can be represented-as point
clouds or triangle meshe@luradoet al, 2022) Pointcloud refers to a 3D coordinate system
dataset that represents external surface of visible objects where light is réflzotdubet al,
2018) 3D point cloud can be obtained directly from laser scanners (such as light detection and
ranging systengs LIDAR) (Lummeet al, 2008)derived from RGB, multispectral and thermal
imagery by point cloud generating method suclstascture fromMotion (SM) (Akca and
Grin, 2007; Combaeat al, 2018) SfM is a common application of remote sensing methods,
stereo photogrammetry or air born scanning are used to extract plant height and crop surface
model (CSM) in agriculturgBendiget al, 2013a) 3D model has been utilised for studying
crop development extensively in vineydiderreroHuertaet al, 2015; Macket al, 2017;
Combaet al, 2018; De Castret al, 2018) However, there is a potential to utilise the 3D
model to study the variability of potato canopy characteristics.

4.1.2 UTILISING PLANT 3D MODELS

Utilising a 3D model of the potato canopy is a useful tool to study the variability of
potato canopy characteristics and monitor the changes in canopy ovédeidesus Colwell
et al, 2021) A 3D model of the potato canopy can be used to determine when the plant is
approaching maturity and senescence, firghgnges in theneasured height of the canopy
throughout the growing seasomay provide indications gblant approadng maturity and
senescencgli et al, 2022) Secondly, the 3D model can be used to estimate and monitor the
changes in leaf area index (LAI) or canopy covke LAl may decrease as the plant mature
andsenesce. LAl is a valuable measurement in helping to assess canopy density and biomass.
Thirdly, changes in density/volume of the canopy at different hedgnt provide insight into
the distribution of biomass within the canopy and how it changes over the growing season.
Additionally, as the potato plant senesce, the leaves may turn yellow aritl (tHeltoft et al,
2017) By using a 3D model, the spatial patterns of senescence can be evaluated within the

canopy. Overall, the use of a 3D model can provide a comprehensive understanding of how
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senescence progresses through the canopy and how it affects the overall health and productivity

of the plants (yield performance).

4.1.3 RELEVANT THEORETICAL CONCEPTS AND METHODOLOGIES

The integration of unmanned aerial vehicle (UA¥jnote sensing and 3mDodelling
at the field scale has marked a significant advancement in agricultural research and application.
Macket al.(2017)proposed the automated approach for accurately phenotypmepuraches
through complete 3D reconstruction from higre s ol uti on sensor dat a.
precision and recall rates highlight its potential for practical application such as quality control
and yield estimation in grape productiddombaet al. (2018) introduced an unsupervised
algorithm for vineyard detection and vinew features evaluation using 3D peaibud maps.
This algorithm was found to be efficient and robust, even with missing plants and steep terrain
slopes.Li et al. (2022) proposed the use of 3D point clouds generated from UAV oblique
imagery coupled with an adaptive micro terrain model, to map the leaf area index (LAI) and

height of maize canopies, showing strong correlations with manual measurements.

To develop a methodology for estimating potato maturation and yield forecasting based
on crop parameters extracted from the UAV imagapproaches includes procdsssed
modelling and statistical modellingVleyer and Neto, 2008)Statistical modelling such as
Simple or multiple linearegression (MLR) models are the most commonly tsgdantifying
the effect of each variablguo et al, 2021) other common supervised machiearning
algorithm for predictive model such as random forest, regression tree and neural systems are
distinct from classical statistical modellings they account for complex nelinear
relationshipg in dataset¢Juradoet al, 2022) Statistical modelling is able to reproduce many
of the key features of procebased model response to weather chd@e et al, 2021)
Processhased modellings more focusd on the underlying processes and interaction in the
environmen{Guoet al, 2021)

The literature review reveals thisie majority of the previous research has focused on
identifying and characterising gene associated with plant maturity and senescence, such as the
studies byCelisGamboa (2002andHurtadoet al.(2012) Thisis due to the recognition that
chemical maturity is the most related to above grqaladtmaturity. For exampldurtadoet
al. (2012) introduced a smoothed generalised linear model with a Quantitative Trait Loci

(QTL) analysis to decode the genetic underpinnings of potato senescence.
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To investigate the potential of potato maturity indicators measured in the field, this step
involves identifying and extracting relevant features from the 3D model that are indicative of
potato maturity. These features are then used to classify the snatage of the potatoes
through machine learning algorithm, such as convolutional neural networks (CNNSs), support
vector machines (SVMs), Random Forest (RF) or decision @medsan be used to train and
annotatedatases to recognise different maturitytagyes(Teodoroet al, 2021; Njaneet al,

2023) Further contribution to this field includéeltoft et al. (2017) who developed a liner
regression model to categorise potato cultivars and maturity levels using indicators measured
1-3 weeks before harvest and at harvésila-Valdéset al. (2020) implemented principal
component analysis (PCA) to differentiate between genotypes. In a related metipdolog
Teodoroet al. (2021) explored the application of machine learning, including RF, SVM and
linear regression to predict days to maturity based on plant height in soybeans. Given that
potato maturity significantly impacts tuber quality management and yield prediction, yet it is
complex and involves a range of process including haulm senescence, tuber maturation and
physiological maturation (chemical maturation), this chapter aims to investigate the feasibility
of using plant traits extract from 3D model for maturity prediction.

These methods mentioned aboveloansel to monitor the development of potato over

the growing season and estimate the best harvesting period for maximum vyield and quality.
Due to the nature of conventional methods whidh destructive, timeonsuming, laborious,

and infeasible for a largecale crop monitoring. Therefore, the use of remote sensing has been
introduced taaccurately monitoring crop and estimate the best harvesting time to achieve best
yield performance and qualitidiowever, the effectiverss of UAV-based maturity and yield
estimation depends on several factors, including the quality and resolution of the imagery, the
algorithm used for image processing and classification, and the variability of the potato

varieties and growth conditions.

4.2 DATA ANALYSIS

The data analysis method employed tin this chapter corresponthagh outlinesn
Chapter 2.These include key analysis such as correlation and model evaluatiogield
estimati on, the model 6s performance was eval
(MAE), mean squared error (MSE), root mean squared error (RMSE) asgudred
(Coefficient of Determination) betweehe predicted yield values and the actual fresh yield

values in the test set.
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Furthermore, model calibration and validation were performed to evaluate the precision
of predictions obtained from the remote sen
assessed to determine if the ddtahe data extracted frorthe remote sensing platform
overpredicts or underpredicts compared to yield referefice.residuals of the prediction
model were analysed to ass#ss differences between the observed values (actual yield) and
the predicted values. A positive residual indicates an underpogdithe actual value is higher
than the predicted value), while negative residual indicates an over prediction (the actual value
is lower than the predicted value).

2 ® ) (4)

43 RESULTS AND DISCUSSION

4.3.1 CROP MATURITY

Canopy maturity indicators included haulm/vine greenness (haulm/vine maturity),
tuber skin set (physical maturity), tuber dry matter content (physiological maturity), and tuber
contents of sucrose, glucose, and fructose (chemical maitjtpft et al, 2017) A potato
crop reaches maturity when the plant stops growing, the tubers have fully developed in size,
and they have the proper dry matter content, starch content, skin set and are physiologically
ready for harvesfBussan, 2009)Maturity can vary depending on the potato variety/cultivar
and environmental conditions, but it typically occurs between 90 and 120 days after planting,
with some variations. Moreover, weather conditions significantly influence phenological
growth and deelopment and regulating the spread of pest and diseases of potato crops
(Koomanet al, 1996; Economoet al, 2023) Therefore, the is a need for field inspection to

evaluate the stage of plant maturity and make a harvesting decision.

Estimating crop maturity in the field involves walking through the field to assess plant
stages, this helps farmers decide when to make a final decision on the harvesting time. This
method is coseffective and does not require expensive equipment, anddpsimmediate
results, making it a practical and efficient approach. However, in-targle fields with diverse
plant verities, this method poses a challenge in term of accurately recording the plant growth
stage. The UAV imagery has made predictingafitplant senescence feasible. Although
studies of potato senescence are limited, methodologies from other crops, such as soybeans

(Teodoroet al, 2021) have been adapted to this study using machine learning algorithms.
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For each plot inspected and recorded the senescence score based on the condition of the
plant haulms using the rating system frédable 5 Senescence rating system for potato field
trials to assign a score ranging from 1 to 7, where 1 indicates excellent health and 7 indicates
complete death of the plant. If the majority of the plants are in the range of seoyats 4

indicates that the crop is nearing or at the ideal maturity for hargest

To build a model for predicting the potato plant maturity, we need to understand how
potato plants change overtime. The sudden decrease in the plant height during the growth
period was a result of senescence where the leaves begin to wilt thus leadéadx¢o stems
anddecreased height. It was observed that etV flight 3 (tuber filling/bulking stage) there
was a sudden slight decreased in height in most varieties. However, there are some varieties
such asdCara and Garpo Mird that maintainecheight although it is approaching the
maturation stage. Exorrelation tests were performed to identify which plant features in the
dataset are most relevant to predicting matuiitye Biomass index (Bl) hdthe highest
correlation with the Senescence scores, follow by transformed vegetation index (TVI).
Therefore, we build the model based on the vegetation indices extracted from UAV flight 4

(maturation stage).

Before developing the model, we utilised the partial lease square discriminant analysis
(PLSDA). From the PLSDA score plot showing a clustering of potato varieties regarding the
different vegetation indice$?LS-DA is particularly useful in situation where the goal is to
predict or classify observations into groups based on predictor variable and can also be used to

visualise the data in a ledimensional space.
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PLS-DA Score Plot with K-means Clustering

4r Clusters
X 1
x 2
3
4

PLS Component 2

PLS Component 1

Figure 41 PLS-DA score plot with kmeans clustering (k=4he clusters show four group of
potato varieties based on their RD®@ scores which have similar vegetation indices and

senescence scores

PLSDA score plot with Kmeans clustering (k=4) suggest some variation in the
senescence across clusters, with clusgirowing the lowest average senescence $tatde
30), indicating potentially healthier or legseenplants compared to the other clustgigure
41). Clusters that are closer to each other in the plot represent varieties with similarity in the
measured spectral properties, whereas clusters that are further apart indicate more significant
differences. These grouping also reflect how different variegspond to environmental
conditions. The clustering thus provides a framework for exploring the relationships among

potato varieties based on spectral data.
Model development

In this step, we split the data into training (80%) and testing (20%) sets. Three different
models, including Random Forest (RF), Decision Tree, partial lease square regression (PLSR)
wasusedto predict potato plant maturity using field Senescence scores as the target variable.

Table 12 Statistical results othe performance of three predictive models (Random Forest,
Decision Tree and Partial Least Squared Regression (Ph&ed on their Rquared and
Mean absolute Error (MAE).
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Model R-squared (R?) | Mean Absolute Error (MAE)

Random Forest | 0.534 0.636
Decision Tree 0.293 0.675
PLSR 0.508 0.657

The Random Forest has the lowest MAE, suggesting it npakegctions closest to the
actual values, followed closely by PLSR, with the Decision Tree having a slightly higher MAE.
In terms of the R? score, which indicates the proportion of variance in the dependent variable
that is predictable from the independesriables, the RF performs the best, explaining
approximately 53.4% of the variance. The PLSR is slightly behind, while the Decision Tree

has the lowest R? score, explaining about 29.3% of the variance.

The Random Forest model appears to be the most effective for predicting potato plant
senescence among the models te§Tattle 12), offering a good balance between complexity
and prediction accuracy. This suggests that leveraging the ensemble method provided by
Random Forest helps in capturing more complex patterns in the data without fitting too closely

to the training set, a commdimitation of the simpler Decision Tree model.

From the results of this study, potato maturity estimation shows that the Random Forest
(RF) model performs the best, explaining approximately 53.4% of the variance in "Senescence
score”. The PLSR is slightly behind at 50.8%, while the Decision Tree segrd®s the lowest
R2 score at 29.3%. This suggests that the statistical method provided by Random Forest is better
at capturing complex patterns in the data without overfitting, a common limitation with the

simpler like Decision Tree.

Although the R2 score from these models are not exceptionally high, the RF model still
appear to be the most effective for predicting potato plant senescence among the tested models.
This opens a way for further research into senescence estimation mepotatture studies
could involve analysing the average or distribution of senescence scores with cluster analysis
to directly relate these cluster to senescence scores. This could potentially reveal how different
senescence stages correspond to the gbetiaracteristics, and when compared with known
senescence stages or other physiological data, it would help validate interpretations and

understand the practical significance of the clustering in terms of potato plant health and
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management. Nevertheless, this approach offers eddatn way to classify and understand

variability in potato plants based on spectral indices, contributing to more informed agricultural

practices and studies on plant health.

4.3.2 YIELD CORRELATION

2020 Yield Correlation Matrix
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Figure 42 Heatmap shows correlation between yield and other crop parametéhe 2020
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potatotrial. The colour scale indicates the strength of the correlation: red (value closer to 1.0)

indicate strong positive correlation, blue (closeri®) indicate strong negative correlation,

and white represents weak or no correlation (close to 0).

Figure 42 shows a correlation heat map between yield and other crop parameters for

2020 potato trialln this figure, CA refers to canopy araad AvgPH refers to average canopy

height. The prefix O6R6 refers

t o

dat a

extrac

indicates data obtained using proximal sensing methods. The number following each parameter
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(e.g., 18) correspond to UAV flight numbers, which are associated with different potato plant
growth stages, as detailedTable 6. The heat map highlighthe average plant heigfrom

flight number 4, 5 and @uberfilling stag@ showed the highest correlation with the fresh yield
as during these UAV flights the potato crop was during the tuber filling stage.

2021 Yield Correlation Matrix
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Figure 43Heat map shows correlation between yield and other crop parameters for 2021 potato
trial. The colour scale indicates the strength of the correlation: red (value closer to 1.0) indicate
strong positive correlation, blue (closer100) indicate strong negative correlation, and white

represents weak or no correlation (close to 0).

Figure 43 shows a correlation heat map between yield and other crop parameters for
2020 potato trial. In this figure, CA refers to canopy area, CV represents canopy volume, and
AvgPH refers to average canopy hei ghtal The
i mages using R software, while O06P6 indicate:c
The number following each parameter (e.g4) torrespond to UAV flight numbers, which
are associated with different potato plant growth stages, as detallatle6.
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As seen in the heatmgjfigure 42, Figure 43, andFigure 44) the correlation is
different when look at the different ysatue to differences in weather patteFhe correlation
between yield androp parameters are relatively low compare@@81 and 2022 trial, with
the canopy area from flight number 2 (tuber initiation) showed the highest correlation.

Figure 44Heat map shows correlation between yield and other crop parameters for 2022 potato
trial. The colour scale indicat¢he strength athe correlationred {saluecloser to 1.0) indicate
strong positive correlation, blue (closer100) indicate strong negative correlation, and white

represents weak or no correlation (close to 0).

Figure 44 shows a correlation heat map between yield and other crop parameters for
2020 potato trial. In this figure, CA refers to canopy area, CV represents canopy volume, and
AvgPH refers to average canopy hei ghtal The

i mages using R software, while O6P06 indicates:s
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