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Abstract

Strawberry guavaRsidiumcattleyanumis the mosabundanthon-native tree species
across the Hawaiian Islasdrhis invasive speciesancreatenearlyimpenetrabledensehickets
across rugged terrain which makes it difficult to map its distribulibe. Brazilian scale
(Tectooccusovatug is a gall forming insect that is currently being deployed as thedioal
control to reduce the spread of strawberry gubMgh resolutiorremote sensing technologies,
including sensors attached to small unoccupiextadt systems (SUAS) and helicopters, allow
researchers to survey more land in a short amount of time with machine learning models to find
invasive specieand observe the effects of management actifims projectuses remote sensing
data,includinghigh resolutiorRGB aerial imagenylidar data andmachine learningp detect
strawberry guavandimplementscomputer vision techniques ¢ietectbiocontrol spread
Helicopter and sUAS flights collected these data for a portidnafl a 6a For est Reser
Ha wa i 0 iAdditienallg, ground truth surveywere conducted ovehree 20x 20 m plots
where every tree was exhaustively surveyethges of strawberry guava in the canopy during
differentphenological igesand leaves with Brazilian scale galls preseete annotated and
used to trairconvolutional neural networfCNN)-based object detectianodelswith the python
library DeepForestin parallel, brest structure metrics including canopy height, foliage height
diversity, plant area index, and point density-values equal to four to six meteverederived
from the lidar data andsed taclassify areas of strawberry guavia a random forest
classification modelThe CNNdetectonwas able to detect strawberry guava in aerial imagery
better during periods when the canopy underwent a red flush, or new leaf growths (@85P
(SD =0.02) F1 score= 0.58 (SD = 0.()) compared to a green leaf canopy (mA®.79 (SD =
0.02), Flscore= 050 (SD = 0.02). The random forest modaking foresstructuralmetrics
derived from lidaperformed bettein terms of precisioF1l score=0.2) thanboth CNNmodels
while the red phenology stage CNN had better ree&ht area index closely followed by
canopy height and foliage height diversity were the metrics in the model with the greatest mean
decrease accuracy, or i mp dhemadelscaptured largetstandsno d e |
of strawberry guava in both aerial imagery and lidar datastbugglecto capture individual

strawberry guava tregtens. For the Brazilian scaJ@anothetCNN-based object detectionodel



was developed andlasable to detect galig on strawberry guava leavesAP = 057 (SD =

0.02) F1 score= 0.40(SD = 0.02), but low precision values indicatetanyfalse positive

predictions due to rain, discoloration, blur, and lightidging these tools to identify strawberry
guavais useful forselecing candidates for ongoing bioconta#ployments andould be applied

ata larger scale to mahe presence and absestewberry guava n  H a Maaitoring the

Brazilian scale progress in the canaph aerial imagery and machine learning will help better
determinewhetherits establishing in strawberry guava canopy and spreading over time to reduce
tree spreathto high elevation native forests
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CHAPTER 1. INTRODUCTION

1.1 Overview

Invasive species introduced to an ecosystanctause harm to the environment, human
health,andthelocal economy by displacing native species, reducing biodiversity, degrading
ecosystem services and agricultural production, or affecting public health and Bedetingjton
et al., 2023Executive Order No. 13751, 201&ome of therimary goals of invasive species
management include early detection, containing the spread of invaders, reducing their negative
impacts, and restoring native systems to prexanvasion (Larson et al., 2011). These
management goals require different types of action to accomplish, but all require a level of
monitoring to identify the species, measure the success of reducing or containing a species, and
restoration (Beaury et.a2019).However, sirveying an area to locate new and existing invasive
species populations is not an easy task. It requires a large amount of time and human effort in the
field to accurately assess an area for invasive species and monitor managegnes$(piach et
al., 202Q Oswalt et al., 2021

Remote sensing technologies, including cameras and sensors attached to small
unoccupied iacraft systems (sUAShelicopters, and satellitesllow researchers to survey more
land in a shorter amount of time and increase the spatial seeltéchtinvasiveplantspeciesan
be detectedGromwell et al., 2021Huang & Asner, 2009; Singh & Frazier, 2018; Zhang et al.,
2020). With imagery and sensor dataan adequate resolution to see the taigettspecies
these methods can provide insight into the status of nativenatore, invasivelantspecies,
and management progress from an aerial perspective. The process of sélarchgigimager
and sensor data for specific plants of interest is a laboriousnask/ing hours on @omputey
butis one that can be partially automat&b@riguez Il et al., 202MVeinstein et al., 2019). For
the purposes of conservation, machine learning models can be trained to detect plardrsphecies
process remote sensing data more efficietfly(han et al . | 2020; Kr Tl ek
lll et al., 2021 ;Weinstein et al., 2019; Zhang et al., 2020). These technologies have the potential
to better inform land managers about the status of invadmest healthand management
efforts over time tsupport actionso stopthefurther spread of harmful species.

Strawberry guavaRsidium cattleyanuinalso knownasvai a wo Hawai 61 |, s t

invasive tree species ofterest for thisesearcb e cause of i1 ts dominant pr
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wet, lowland forests, concern for its spread into high elevation native forests, and active efforts
to reduce the spread of the spec¢Rstter et al., 2023 hisresearclexplored some of these

remote sensing tools and machine learning models to detect strawberryrgaavaluding

high resolution RGB aerial imagery, lidar data, convolutional neural networks, and random
forests. The goal of thi®searctwas to evaluate different methofts detecting strawberry
guavapresenceén asedion of forestto eventually be applied at a larger scale to map strawberry
guava populationa c r 0 s s THispwgdtats® implemented computer vision techniques to
assistin monitoring the progress of recently deployed biological control for strawberry guava in
the same section of the forest. The goal of this portion of the project was to make the process of

manudly searching images for the biological control presence quicker and more efficient.

1.2 Previous work mappingand measuringstrawberry guava presence

Strawberry guava has only been mapped a few times via various methods on islands in
t he I ndi an OcNomand et al{@000Wraughdy mapped distributionand stands of
strawberry guava on Réunion Islamsingfield data to understand the relationship between fruit
fly populations, infested fruits, and their host ptatrtawberry guava. Koerner et é2022)
recentlyused forest surveys with various degrees of strawberry guava presence, satellite imagery
from Sentinel2 and Google Earth Engine het texture and feature measurements, and machine
learningbased classification methods to map strawberry guava populatibfeauritius At
Koerner et ab €022)study site, strawberry guath@avily invadedhe island and less than 5%
of intact native forest remasa, which makes this invasive a good candidate to map on this
island at low resolutionisecause it is so dominaiVhile applying computer vision to satellite
i magery may be effective in some | ocations,
Island, a large portion of the narative tree cover lives within the understaryd many other
native and nomative trees are in the canopy with strawberry guaaking trees difficult to
identify from a low resolution, aerial view (Potter et al., 2023).

On Hawa i Barbosh st h(20d6J 2017reateca map of strawberrguava for
Wao Kele O Puna Forest Reserve that usgh resolutiorairborneimagingspectroscopynd
light detection and rangingjdar) datato assess gross primary productivétyd doveground
carbon densityo identify areas of invasiommaging spectroscopy, also referred to as

hyperspectral imaging, is a remote sensing technique where each pixel in an image contains



measurements of radiant energy reflected by a suctaa@ringa large rage of wavelengths
from 380 to 2510 nanometers (Barbosa et al., 2016). Because every species has a unique
reflectancevalue, Barbosat al.(2017)foundgrossprimary productivity indiceslerived from
this spectral informatioto be a way to predict and track strawberry guava invasion as well as
decreased aboveground carbon den¥itigen availableimaging spectroscopg a great tool that
reaches | arge spatial scales, but it also fac
(Seeley et al., 2023Rarbosa et ausal mean canopyprofile heightderived from lidadata to
measure aboveground carbon dengkyner et al., 2011; Barbosa et al., 2DThere is potential
to explore other forest structural metrics derived from lidar in addition to canopy tedgtect
strawberry guava trees

The State of Hawaii createdmap that shows the potential distributions on the main
Hawaiian Island$or an environmental assessment to rel¢lasbiological controlfor
strawberry guavéFigurel) (State of Hawaii, 2011). This map does not show where these trees
arepresentbue st i mates the treebs distri blaindcoven acr os
and climatic conditiongGon, 2006; Price et al., 2012)he U.S. Forest Service Forest Inventory
and Analysis confireds t r awberry guavaods donrestewithan pr esenc e
estimated 441 million total large trees and saplagsss a network of 238 standardized survey
plots spanning soil and climate gradiefRstter et al., 2023)/orsino et al(2014)assessed
species distribution models under current futdre climate scenarios of high risk, ecosystem
modifying invasive species, including strawberry guava. This study predicts strawberry guava is
still very likely to continue spreading with future climate conditipvisrsino et al., 2014).
Because strawberry guava is predicted to spread, is the most abundaatimespecies in
Hawai 6i 6s forests, and current island wide ma
to develop methods to map current stramwp guava populations, especially arotimel upper
elevation boundary where it is predicted to contimyading.Methods such asigh resolution
aerial RGB imagery anather forest structural metrics derived fridar datahave not been

investigated yeandareexaminedhrough the following chapters.



Strawberry G (Psidium cattlei. ) Esti d Potential Range

[ consenvation Areas
<nchudes state forest reserves,
state natural area reserves,
national parks., and other
other protecied areas

0 25 50 Km B kel cense rfestation of [] native forest partiaty or potensaty | [} Native forest not threatened by
Syanterry Guava Strawberry Guava
about 133,000 acres

(10% of forested area)

y ivaded by Strawbery Guava
-about 455,000 acres -about 680,000 acres
(38% of forested area) (52% of forested acea)

o 15 30 Miles

Figurel. The current estimated potential range of strawberry guava for theHaaiaiian
Islands(State of Hawaii, 2011). Outlined in black are conservation areas, red areas are likely
dense infestations of strawberry guava, yellow areas are native forest partially or potentially
invaded by strawberry guava, and green areas are native forest eatlguhreatened by
strawberry guava.

1.3 Remote sensing and computer vision methods to explore for detecting strawberry guava

1.3.1 High resolution RGB imagery

High resolution (< £©m) RGB aerial imagery provides great potential to accurately map
tree specie€Schiefer et al., 2020). This imagensually collected viaUAS, fixedwing
aircraft, andhelicoptersrevealsmore details than a satellite ima@e36m to >1én resolutior),
especially when looking fgslantspecies (Zhang et al., 202@mall unoccupied aircraft systems
(SUAS) are systems that consist of an unoccupied aircraft weighing less than 55 pounds, like a
drone, the ground control station, where a pilot is remotely operating the aircraft, and any other
equipment used in the opaaat (Federal Aviation Administration, 2029jnaging with a SUAS
provides the highest resolution imagery, can cover tens to hundreds of hectares, beneath clouds,
and at a low cost compared to other sourBesrpy et al. 2021Zhang et al., 2020). However,

imaging with sUAS is limited by tie of sight in dense forests and battery life (Duffy et al.,
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2018). When imaging with a helicopter, surveys can cover a much larger area atesbiigton
andarecheaper than several sUABerationsput helicopter missions are weather dependent
and have an inherent rigér the team(Perroy et al., 202XZZhang et al., 2020). Despite their
challenges, both methods of imagery collecpoovidehigh enough resolution tmake

identifying tree species, likstrawberry guavigossiblean an open canopy.

1.3.2 Lidar data

Lidarsensors emit pulses of light amgtasure a range of distances from the ground and
other objects to create a point cloud that shows the structural features of dbudiaamh &
Drake, 2000; Lefsky et al., 2022)singlidarto examine forest structuby estimatingstand
height, tree crown width, leaf area, individual trees with diameter at breast height (dbh),
intensity, and point density are newer applications of this technokogyT| ek et al . ,
al., 2022;Liu et al., 2019Terryn et al., 2022)n contrast to traditional RGB imageiidar

sensors are a tool that can collect information beyond the forest canopy and into the subcanopy.

Researchers are also finding ways hyperspectral aerial imagery taggi\Bwndlidar data can
work together to identify species in the forest (Li et al., 2022; You et al., Z28)data can be
particularly useful when looking for plants with a unique structure, like strawberry gndvhe

dense thicket of trunks it can form

1.3.3Machine Learning

There is a wide variety &gupervisednachine learningrahitectureghat can be applied
to processing different types of remotely sensed Gatpervisednachine learning is a method
of automaticallylearring from labeled examplde predict a label ohterest on new data
through identifying patternd.his project focuses on using two different supervised machine
learning methods to process two different types of remotely sensed data to identify areas of
strawberry guava presence. The first type of remotely sensed data collected was high resolution
RGB aerial imagery. To identify objects in aerial imadié® strawberry guava tree crowns,
most object detection architectures implement convolutional neural networks (EBf®nborn
et al., 2021; Radoviet al., 2017Gevo & Avramovi |, 2 These netwdrksa n g
consist of a series of input, intermediate, and output layers that take in raw pixels of an image to

learn patterns and characteristics that help them to detect and classify objects in the data as an
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output, like a plant specieKgttenborn et al., 2021; Radovic etal., 2068 vo & AvVr amovVi

2016). Deep learning methods such as CNNs, have proven to be an effective way to gather
information about vegetation properties and detect patterns accurately due to its ability to look at
the relationships between pixels to identify teatarrangementbat @ndistinguishdifferent

speciesor types of vegetatiofiom the rest of the foresinopy(Ayhan et al., 2020Kattenborn

et al., 2021Sivakumar et al., 2020; Zhang et al., 2020).

The second type of remotely sensed datiectedwas lidar data. Because lidar data are
often large point clouds$ extracted forest structural metritsmake these data more
interpretableandhelpidentify areas of strawberry guava preserdesextracted forest structural
metricsresulted in raster datasets which are better suited for classification machine learning
architecturgather than object detection architecture. A common classification architecture used
with remotely sensed data are randomdty@elgiu& D r 2@16 Ghosh et al., 2022;
Kr Tl ek et al ., 20 3tGanovddt a. KojaRandent forests genera2 0 2 0
several decision trees, which are structures that demonstrate the potential outcomes of decisions
by branching based on certain conditiswg;h as specific value for tree height or dbh to
predict which tree species are at this location (Plakman et al.; 3@38nova et al., 2010The
input variables, also known as features, of random forest models are gpétthat data into
branches and predict the appropriate cl@bs final prediction is made by the majority decision
made by the different, randomized decision trees of the random figsttemotely sensed
data, random forests can take multiple raster datasets of different vegetation characteristics from
lidar data where groups of raster cells are labelddeasrespective plant species to analyze the

relationships between cell values and create predictions of where plant species are in an area.

1.4 Biological control as a management strategy for strawberry guava

One management strategy for reducing the expansion of invasive species populations is
the implementation of biological control, or biocontrol. Bioconintdoducesa natural enemy of
an invasive specidhat is found in the species native rabgesduce their negative impagcts
the introduced rang@essing & Wright, 2006; Myers & Cory, 2017)h& techniques
commonlyusedfor invasiveinsects angblantswith insect predators, parasitoids, herbivores,

fungi, viruses, nematodes and bacteria (Messing &M/r2006; Myers & Cory, 2017).



Concerns from the public and scientists have arisen about the potential mmgactrolcould
have on species that are not targeseidh as keystone, nativar norrnative species that play an
important functional role in an ecosystem (Messing & Wright, 2006; Myers & Cory, 2017).
However,an increasing number ehvironmental assessments and quarantine studies have
demonstrated th&iocontrolcan be successful without harming the surrounding ecosystem
(Messing & Wright, 2006; Myers & Cory, 201%tate ® Hawaii, 201). Successfubiocontrol
can decrease densities of target invasive spao@sherebyncourage an increase in
agricultural production, redudke needo use pesticidg decrease competition witlative
organisms, increase biodiversity, and improve stream flow or watershed management (Messing
& Wright, 2006; Myers & Cory, 2017).

Compl ete eradication of strawberry guava i
intensive removal and treatment wahlat would needlo be done across therge, invadedrea
(Johnson, 2016 he speciesvas recognized in the 1970s as a key pest in Hawaiian forests, so
biological control options for this tree were investigated (Johnson, 34t of Hawaii, 2011
The Brazilian scaleliectococcus ovatysaleafgal | i ng i nsect, was | mport
Brazil for quarantine studies in 199%hrson, 2016; State of Hawaii, 201Eyom these
guarantine studieshe Brazilian scale has been found to only target strawberry guava and none
of its relative plant¢Johnson, 2016; State of Hawaii, 201The United States Forest Service
petitioned the Hawai doirelefse thigbiocont®lrdor strawbernAgyava c u | t
in 2005and went through the process of reviewTectococcus ovatus be placd on a list of
approved biological control aimp200%(3ohnboy, 2016).e Ha w
TheHawai 6i Department of Agriculture published
with aFinding of No Significant Impact (FONSI) in 2011 and issued a permit to release the
bi ocontr ol o(@ohidenw2alic;Giate of Bldwaiin2011).

Sincethe permit was issuedesearchers have been conducstrgtegichiocontrol
release® n  Ha w a i. This bidcantrobdned not kill the trees, but as it spreads, causes the
tree to reduce seed productid he Brazilian scale insect targets new leaf groatthe top
canopy and itpresence isdicated by gall®n the leavesor pale, swollen, circular growths
(Figure 2) It is sometimedlifficult to observe new galling from the groubdcause the Brazilian
scale seeks out new leaf growth at the top of the cafdpy is where aerial images taken with

SUAS of the straberry guava canopy can help us better identify gall spread in the trees. Instead



of a person manually searching each individual image of every tree to identify new galls, this
monitoring process may be more efficient by usimachine learning.

Other work related to detecting the impacts of galling inseitksmachine learning
modelshas been dondut not for strawberry guava trees and the Brazilian sbaléa et al.
(2018)usal imagery takerby UAS and a random forest classifiermap thedecrease in the
number of flowers produced each seasban invasive speciefcacia longifolig caused byhe
pl antdés biocont r ol-galang wasgTrichilbgaster akaciaelongdolige an b ud
Another study also used imagery taken by a UAS and a random forest classifier to find sections
of the tree crown present with phytosanitary issues such as diseases, blight, and a chestnut gall
wasp (Rdua et al., 2020)While both studies do not detect the galitself, they are able to
detect its effects and help determine the success of the gall wasps. Both studies also use random
forest classifiers instead of newer computer vision methods that are built to analyze images and
videos. Similar work using RGB iagery and CNNs has shown success in detecting different
phases of plant disease (Nawaz et al., 2022) and insect pest detection to assist monitoring
pesticide treatments (Grijalva et al., 2023hese similar studies encourageédNsto be

implementedo support biocontrol monitoring for strawberry guava trees.



Figure2. Examples ofjalls formed by th8razilian scale on strawberry guava leaves. These
gallsareswollen, pink and whitecircular growths on the leaves and can range from one to many
per leaf.

1.5 Research questions and hypotheses

| addressed the following reseamgpestiondo investigate remote sensing methods for detecting
strawberry guava in the forest and the presence of its biocontrol in the candggllowing

each question is my research hypothesis:

I.  How dcesphenological changes in strawberry guava trees impact detsattoassn

high resolution RGB aerial imagery?

A. | hypothesize that a machine learning model trained with high resolution RGB
aerial imagery taken during the red leaf phenological stage will perform better
than a model trained with imagery taken during a period of green leaf phenology.



[I.  Which forest structural metrics derived from lidar datthbe the mosimportantwhen

detectingstrawberry guava trees?

A. | hypothesize that point density avalues equal to four to six meters where
densely packed strawberry guava tree trunks are located will bemnpastant

whendetecing strawberry guava trees.

lll.  How domachine learning models trained witigh resolution RGB aerial imageoy
forest structural metrics derived from lidar data perform when detecting strawberry guava

trees?

A. | hypothesize both models will be abledetectclustersof four or more

strawberry guavérees, butvill struggle toaccuratelyidentify individual

strawberry guavérees.

IV. Can a machine learning modatdtectthe presence of the Brazilian scghdls in

strawberry guava leaves from aerial imagery of the forest canopy?

A. | hypothesize that the model will be abledietectBrazilian scale galls in
strawberry guava leaves from aerial imagery wWtbbo confidence or greater

when the images are takkass than or equal @10 cm per pixelground

sampling distance (GSD)
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CHAPTER 2. STRAWBERRY GUAVA DETECTION

2.1 Introduction

Strawberry guava is the most abundant-native species on a pstem basis across the
Hawaiian Islands and is spreading in tropical forests around the world (Koerner et al., 2022;
Potter et al., 20235t r awberry guava is native to Brazi
to be cultivated as an ornamental fruit tree (Ellshoff et al., 138tson, 20162CA, 2005).
Thesetrees have smooth, reddish bark with shiny, leathery obovate leaves that are arranged
opposite from one another on the st@€A, 2005). Theyproduce white flowers that grow into
several small, roundediblered and yellow fruits (PCA, 2009)lonnativebirds and pigs eat the
fruit and are responsible for spreading the seeds (Huenneke & Vitousek,J@BAdon, 2016;

PCA, 2005). These trees can grow to be six méteysall, andthey oftenform densenearly
impenetrable thickets of skinny trunks tla¢ unique to strawberry guava amdwd out native
plantsonHa wa i 0 i | s3) (Ellshdff e aF, 1993Hueaneke &Vitousek, 1990; Koerner

et al., 2022)Strawberry guava forests are common and abundant in mesic and wet climates,
lowland and submontane environments, and found in elevations ranging framtba)000m
(Ellshoff et al., 1995Huenneke & Vitousek, 1990; Johnson, 201Bhminant strawberry guava
standgeduce light to the understory (Rosam et al., 2024juire large amounts of water to
survive and lose more water to evapotranspiration than native forests (Takahashi et al., 2011).
These ecosystem alileg characteristics allow for shade tolerant strawberry guava seedlings to
thrive and reduce water availability in the soil which makes it difficult for native plants to coexist
with strawberry guava trees (Johnson, 2016; Rosam et al., @0adch et al., 2016; Takahashi
etal., 2011

Like other tropical plants, strawberry guava trees experience phenolduarejesiuring
seasons of new growtkeong et al., 2020Queenborougket al., 2013). When these tropical
plants undergo new leaf growtteir new leaveare red before turning greér days to weeks
(Gong et al., 2020Queenborough et al., 2013). The red flush of the leaves is hypothesized to be
a chemical defense against herbivory and protection from UV light damage as leaves mature
(Gong et al., 2020Queenborough et al., 2013). Red flushingtohwberry guavéeaves is
significant tothis researchecause no other canopy trees experience this fiasheluring ths

peiiod excepta fewfern speciegFigure 3)Ot her t r e e sMerasidgtosas O @Jhi 6 a
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polymorphd and African tulip treesSpathodea campanulgtenay also appear red during this
period due to their flowering. n addi ti on to its unique monotyp
forests, this red flushing could be another key feature for identifying where strawberry guava
treesareusingremotely sensed data.

As mentioned in the introduction, remote sensingamamplement field surveys
monitorlarge populations of invasive spegiéke strawberry guavaAnd incorporating machine
learning to reduce the effort mfentifying strawberry guava iremotely sensed datdeteding
areas of presence and absdneeomes quickein this study] trained arobject detection CNN
to detect strawberry guava frdmgh resolution RGR e r i a | i magery when it s
state and when it 6 sflushingdecealsgcompargiftlzereza seadmtds of r e
better for detection. This determthehether strawberry guava trees could be identifiethby
canopy oolor, texture and shapkalsoextracted forest structure metritem the lidar datsuch
as a canopy height model (CHM), plant area index \HA#8liage height diversity (FHD), and
point density az-values equal to four to six metacsbe compiled into a raster to rumaandom
forestclassificationrmodel to find features that indicate strawberry guava presence. This
determinechow point density, tree structure, and stand arrangecoaiibutecto identifying

strawberry guava.
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Figure3. Strawberry guavaRsidium cattleyanuirA) An image taken with a SUAS of a
strawberry guava dominated canopy (Source: SDAV lab, 2023). B) An image taken via
helicopter of a strawberry guava dominated canopy during a red flush period (Source: SDAV
lab, 2024). C) A stand or cluster of severahwstoerry guavareestems All photos taken at

O&l aba Forest Reserve.

2.2 Methods

2.2.1 Study site

0 | Rodest Reserve is a tract of approximately 5,000 acres of forest managed by the

State of Hawai 6i Department of Land and Natur
side of Hawai 6i , | shandeomoMapunar Ldastrict of
traditional | a mhis forkst reserva ivannaibniontanéitesiwitia3,000 to

6,000 millimeters of rainfall per year and ranges in elevation #56@m to 1,200m. The forest
canopy is domi nat entinbagive stawbery guava @d€keré are dthere e s

nonnative plantation trees in the candpgt arenotas dominantincluding ropicalash

13



(Fraxinus uhdéi, svampmahoganyEucalyptus robusbared cedarToona ciliatg and

eucalyptus tree€ucalyptus globulysThe under st or y Cibotivinesppsard wi t h
uluhe Qicranopterislineari3y f erns. A smaller portion of 0&e&l ¢
this project due to its accessibiliggresencef different densitiesf strawberry guavaand

location of the United States Forest Service and SDAV lab biocontrol project discussed in

Chapter 3 (Figurd). Because strawberry guava typically grows betweenni@dd 1,000n

elevation, this study sit@ 700m to 750m is in an intermediate zone where strawberry gusiva

notas dense as lower elevations atattsto transition into native dominant fore$tis study

sitehas a rangef stand densitiewith high density areas some portions and scattered
strawberryguava ndi vi dual s in other areas with 6@hi d6a
density of strawberry guava at the sitggoses a challenger mapping this invasive species.

However, this variability can also reveal patterns about detection acrosadiengofnative

and nonrnative tree abundandleat is investigated in this projeétt this study site, we used

helicopter and sUAS to capture RGB aerial imagery and lidartalétain machine learning

models to detect strawberry guava trees iratie@.
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Study site

‘Ola‘a Forest

100 Kilometers Reserve

0.5 Kilometers 0.2 Kilometers

Figure4. Amapofthestudys i t e. A) A map that shows the 6el:
relative to Hawai 6i | s(lbalnude.) Bwi tAh imma pé aelfa 6tah eF osr
(purple).C) A zoomed in map of the study site.

2.22 Imagery collection

RGB aerial imagery was collected walAS and helicopter for this projedUAS
i magery for this section of the o0&l abda Forest
Mavic 3 with itsbuilt-in cameraDJI, Shenzen, ChinaThesUASflew at 93.5m above ground
level and flew at five meters per second (m/s). A flight plan was createdighthlines going
back and forth over th@rea. Themagesakenoverlapgdby 80%to stitch together into an
image orthomosaiclThesUASiIimages were 0.34 centimeters (cm) per pixel ground sampling
distance (GSD). Tkiimagery survey was completed with NTRIP, Networked Transport of
RTCM, Radio Technical Commission for Maritime Services, via Internet Protocol. This is a real
time kinematic (RTK) GNSS, Global Navigation Satellite Systems, positioning correction
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transmission protocol used for streaming corrections over the internet from a base station to a
SUAS to achieve centimeter level accuracy. The helicopter imagery of this section of the forest
was taken in May 2024. Images were collected with Nikon D850RD&imeras that were

mounted to a camera rig on the belly of the helicofNéwn Corp, Tokyo, Japamierroy et al.,

2021). The helicopter flew approximately 152.4 m above ground and the helicopter images were
1.89 cm per pixel GSD. In addition to the caase the camera rig also consisted of a GPS

enabled inertial measurement unit (GNIB8J) to provide the accurate position of the helicopter

to the cameras when taking photos (Perroy et al., 202ig resulted in 302 images from the

sUAS flight and 343 images from the helicopter flight of the study site.

2.23 Imagery processing

The workflow for imagery processing and analysis is shown below (Fijureicked
37 of the original images from the sUAS flight and 37 of the original images from the helicopter
flight for annotation. Due to the images overlapping, | annotated every fourth image, so the same
tree wanot annotated twice in different imagdsach image was cropped into 1,d§01,000
pixel segments for annotation.dfrawberry guavavasin an image, the tree canopas labeled
by drawing a bounding box around it usingannotation tool called Labellmg (Figuse
Strawberry guava trees commonly cluster together, so a bounding bowtuasiallyan
individual tree and the boxes ranged in siznnotated 747 images and made 5,385 annotations
for strawberry guavetee crowns with green leaves and 501 images and made 5,145 annotations
for strawberry guava tree crowns undergoing the red {lisble1). For each box annotation in
an image, a .xml filevas generated to be used as training da¢fore training began, | created
10folds, which arerandomly sampled equal subsets of images from the whole dataset, to
conduct cross validation. This means that 10 models on each dataset were amdagadh
model took out a different fold of the dataset to be used as lidati@n data, whiclwereused
to evaluate the model &erthe greerd phenologystage inthger i ng tr
dataset, 673 images and their bounding box annotatiersused for training and 74nages
and their annotationsere used duringalidation For the red phenology stage image dataset
451 images and their annotatiomere used for training and 50 images and their annotations

were used for validatiofirablel).
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‘ Prepare training data

L 4

‘ Train models

¥

‘ Test and evaluate models

Identify images within the study site boundaries

: .

Crop images into 1,000 by 1,000 pixels

3

Draw boxes around strawberry guava tree canopy

. 4

Divide the images and annotations into 10 subsets
to cross validate

L

Train 10 object detection convolutional neural
network models with cross validation

1) sUAS umagery 2) Helicopter imagery
(<1 em/pixel) (<2 em/pixel)
green SG canopy red SG canopy

-

Evaluate and average precision, recall, F1 score,
and mAP across the 10 models

2

Test models on images of 20x20m ground truth
plots to detect SG

Figure5. Workflow showing howimage data wagrepard to train an object detection
convolutional neural network model with DeepForest to detect strawberry guava.
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Tablel. The total number of images and annotations for the SUAS and helicopter datasets and

the portion of images in training and validation for each of the 10 cross validation folds.

Image Dataset Typ| Phenology| # of all # of all # of images | # of images
images annotations | in training in validation
fold fold
SUAS Green 747 5,385 673 74
Helicopter Red 501 5,145 451 50

2.2.4 Convolutional neural network

The goal of training an object detection CMidsto see how well the model recogesz
strawberry guava canopy o distinctphenological stages and use a subsealdation and
test images to compare with my own annotatexms ground truth datd he package used to
create this CNN is called DeepFord3eepForest is an opeource python library that has a
pretrained object detection model based on the torchvision paekaljeses RetinaNet as a
base mode|Weinstein et al., 2019; Weinstein et al., 2020)e object detection model available
in the DeepForest library was ptrained on the ImageNet dataset and uses a R&8net
classification backbone (Weinsteinadt, 2019) Weinstein et al(2019)used a sersupervised
approach to identify tree crowns and generate annotations for training data with a combination of
a lidar unsupervised tree detection algorithm and hand drawn, box annotations of RGB aerial
imagery from a variety of sites for DeepEst. Using the prgrained DeepForest neural network
allows users to train models on a specific tree species with a model that has a background and
understanding of what a tree crown looks like (Weinstein et al., 2088)images and their box
annotations are the input of eanlodel,and the output is the model predicted boxdisthe
models were trained f&0 epochs in batches of 6 data examples at a time because the results
stayedconsistent beyond these many passes through the dataset. All models also had a learning
rate of 0.001, a nemaximum suppression (nms) threshold of 0.05, and image augmentation,
which generates random images based on the training data by rotating @3 degrieontal
flipping, and randomly adjusting the scale of the im&gecision and recall were used to
evaluate the models and calculated using the evaluate function from the DeepForest library after
the final model was saved (Weinstein et al., 2028 F1-score was calculated manually based
on these precision and recall valuglean average precision (mAP) was calculdgtboping

through 1,000 confidence thresholds between 0 and 1, calculating precision and recall at each of
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these thresholds, and computing mAP at each threshold by approximating the area under the
precisionrecall curveThe precisiorrecall curvesverecreated by plotting the precision and

recall values stored at every confidence threstiddthe CNN models, | repedithe average of
these evaluation metrics and their standard deviations (SD) from all 10 models with a prediction
threshold of 0.5 or greater and an loU threshold of 0.4 or greater to evaluate performance for

both image datasets. Themaluationmetrics are further defined in 2.2.9.

2.25 Lidar data collection

An airborndidar scan of the study site was collected during October 2023 with a DJI
Matrice 600sUAS ((DJI, Shenzen, Chinahat carried the Voyager by YellowScan sensor
(SaintClémentde-Riviere, Franck Thelidar unit attached to the sUAS flet®0 m above
ground level afive m/swith a maximum okightreturns per laser pulsa return is the number
of reflected laser pulses detected and recorded by the sétesdhe initial laser pulsemitted
by the unit Other units were also flowat this heightabove ground and speed settmith only a
maximumof threeto five returngncluding the Mapper by YellowScdBaintClémentde-
Riviére, Francgand the DJI Zenmuse L2 with the DJI Matrice 350 sUB3I(Shenzen, Chaj.
Theseadditionaldatasets were not used for this project but mayseéulto compare detection
among the different units in the future. The Voyager had the best penetration through the canopy
and used to analyze forest structure for this projé¢wselidar scans were completed using

NTRIP, so this point cloud dais accurately aligned witthe location of the study site.

2.26 Lidar data processing

Theworkflow for lidar data processing can be found below (FigQrelheresultinglidar
point cloud was a large .las filapproximately 12 Gigabytes (GB)first started by taking a 450
m by 100m section of the study sithat overlapped with the image orthomosaid croped
this portion of the point cloud into five segments in QGIS (version 3.36.2) to make data
processing possible without crashing. | used R (version 4.4.1) and the lidR paackagmn
4.1.2)to filter out duplicateandoutlier points, sug asfloating points above the canoffyigure
8) (Roussel et al., 2020). | also used the lidR package to normalize the height of thodopdint
andcreate a digital terrain model (DTM) and a digital surface model (O&Mure8) (Roussel
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et al., 2020). From the processed paioud,| extracedadditional metrics such as canopy

height model (CHM), point density atvertical slicewith z-valuesfrom four to six metersplant

area index (PAI), and foliage height diversity (FHD). A CHM subtracts the DTM, or the ground,
from the DSM, or the tops of the trees and objects above ground, to get the vertical height of the
canopy shown below in equation.Achose to focus on point density frorvalues between

four to six meters because thatyipitally where tree trunks atecated,and | hypothesizthat

high point density in this region will indicate a high number of strawberry guava tree tAiks.
and FHDare usedn other studies as forest structural metrics extracted from lidar data to get a
sense of structural complexityertical distribution, canopy density, foresversity, and to

monitor forest structure post disastatkins et al., 2023; de Conto et al., 2024; Ross et al.,

2024). Because these metrics are used to get a general sense of forest stand charactaristics, the
may be able to ehtify patterns specific to strawberry guava staRdd is a measurement of

plant area per unit of groundlso shown below in equation BHD is a measure of variations in
canopy height per areshown below in equation. Eorexamplejf there are multiple layers of
vegetation in the subcanopiat isa high FHD, versus a single standing tree, which is a low
FHD. The latter two metrics were calculated with PyForestScan (version G\R.these metrics
resulted in a raster or .tif filwith oneby onemeter cellsl made a raster stack of the point

density of zvalues from four to six meters, CHM, FHD, and PAI rasterd masked out any

raster cell values of zer@his raster stack required each raster had a matching extent and
projected coordinate system, WGS 84, UTM Zonkextracted the cell values from the raster
stack that overlapped with tlaggitized strawberry guava and other trgedygons After
processing,iterewere 10,597 one by one meter cells for strawberry guava@6d7 one by one
meter cells for other treeghe cell values associated with these polygons were assigned a class
label andused to train the random forest model.

0 0 We £€QAWDO ¢ QBIOL 0O°YD 0O"YD

Where DSM stands for Digital Surface Modahd DTM stands for Digital Terrain Model.

6 0 a0 QA®d 0 B 060"
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Where 0 6 ‘@ the Plant Area Density (the amount of plant material in a vertical slice of the
forest), Q ph'Qs between adjacentayers, ¢ is the total number of vertical layers in a

column

8 "Of & QOB QL Qi I0QO G f & &

Where D is the proportion of total plant material in a voxel,Bs relative to the entire

vertical column, T is the number of vertical layers in the canopy.

s N [ Crop .las file into 5 segments from the outlined area ]
Prepare training data l
\ Y,
[ Filter out duplicate, noise, outlier, and negative Z value points ]
e ™
Train models i
~ S [ Normalize height of the point cloud ]
r A
Test and evaluate l
models
- ~ [ Create a Digital Elevation Model (DEM) and Digital Surface Model (DSM) ]

!

Calculate and extract metrics into rasters with 1x1m cells
[ Canopy Height Model (CHM) ] [ Foliage Height Diversity (FHD) ] [ Plant Area Index (PAT) ] [ Point Density at Z=4-6m ]

}

[ Create a raster stack ]

!

Digitize strawberry guava canopy in an orthomosaic Extract the data from the digitized areas Train_Randpm Forest
classification model

P S
(o s G e Evaluate precision, recall, F1
20x20m ground truth plots seore, and and compare
er P to DeepForest results

Figure7. Workflow showing how prepare thelidar data to train aandomforest classification
model to detect strawberry guava.
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Figure8. Processing the raw lidar point cloud with lidR included A) removing outlier, floating
points above the tree canopighlighted by the red boxeB) subtracting the tree height

elevation (DSM) and from the ground elevation (DTM) C) to normalize the point cloud and get a
CHM.

2.27 Random Forest

| createdandom forest modsusingthe randomForest package (version#.2) in Rto
predict where strawberry guava is located based on the forest structural metrics derived from
lidar data This package has functions to generate classifications using random inmvisrai s
decision trees based on Breiman (2Au & Scornet, 2016Cutler et al., 201 The dataset
was split intdd0%training data and0%test data with the relative ratios of each of the classes
preserved! instructed the code to meastine importance of the predictors to be assessed,
meaning the modeheasuredhow much each predictor, or forest structural metoatributedto

making accurate predictions and which predictsesmost importantto he model 6 s deci

Thiswasevaluatedbynean decrease accuracy ( MDA), whi
accuracy would decrease by removing a metnid helps understanding of which predictors
drive t he mo.dleelmodepradictedao ctassesostmasvberry guava and other
trees, because a minimum of two classes was req@iaed.ground was not countesl @ class

because CHM values of zero were masked out for classification to focus on veg€atierthe
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model was finished training, | was able to use it to make predictiotieequortion otest data

and the ground truth plots &valuate its performancBrecision, recall, and F1 score were
calculated using the confusion matrix function from the caret package in R. These evaluation
metrics are further defined in 2.2.9.

2.2.8 Ground truth data collection

To validate my observations of strawberry guava trees in the imagery and lidar data, |
collected global positioning system (GPS) points of strawberry guava trees in the area as ground
truth data. The GPS locations of these trees were recorded using TRbtbtkfferential GPS
equipment including a base station, a mobile rover receiver, and repeater antenna to broadcast
the signal of the base station (Trimble I'&unnyvale, CA With a base statioh,observed that
the rovereceived an errasf two centmeters to twanetersirom the true locatiomwhen
recording points of tree locations in the dense forest. | collected 263 GPS locations of strawberry
guava clusters and individual treens (Figure9). In addition to taking photos @fach

observation to look back at when exploring the image and lidarldats note ofthe following:

Whetherthe tree was standing alone or part of a larger cluster of trees
Theapproximate number of trunks in a cluster of trees
Whetherthe tree crownvas visiblein the canopy or covered by another tree

Whetherthere were uluhe ferns climbing up the base of theoireet.

= =4 4 A4 -

Other notable features about the tseieh asf a tree trunk split in two or if a tree

was leaning

As well as these ground truth points, | also exhaustively recorded the GPS location of
every treegreater than two meters tail three 20m by 20m plots (Figure9). Each plot was
located along the roadside arashged in density of strawberry guava tr&dsawberry guava
tree stems were categorized as individuals, single tree stems at least two meters apart from
another tree and clusters, groups of tree stems less than two meters apart from eddteother.
first plot had a few scattered strawberry guava individuals; the second plot had a mix of
strawberry guava clusters and individuals; and the third plot was completely dominated with

dense strawberry guava stamdsd individuals The goal of surveying these plots was to capture
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the variability ofstrawberry guavabundancedat hi s si te and further i nve
performance detecting strawberry guava treeg./Pwas domi nat ed by O0@hi 6a
with a few individual strawberry guava trs&ns (nine individual trestens, one cluster of four
treestens) (Table 2) PotBwas a mi x of o6@hi o6a (13 trees), st
treestens and 15 tree clusters of four or more stns), and other nenative trees, including

tropical ash and red ceddour trees)Table 2) Plot Cwas completely dominated by strawberry

guava(13 individual treestens and 27 trestemclustersia n d o ne (Gable2)bdidndtr e e
record GPS points in plot @ue to thedensecover of strawberry guava throughout the plot

Instead] created points in ArcGIS Pro (version 3abd used cross sections of the point cloud in
GlobalMapperPro (version 25.00o identify the individuaktens and clusters of strawberry

guava treestensin plot C. Images taken at the site that overlap with the ground truth plots

(Figure1Q) were not used during training anére insteadised to test the model and evaluate its

performance.
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D 20x20m plot boundary

. strawberry guava trees (outside of plots)

. strawberry guava clusters of trees
strawberry guava individual trees

O
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O

other trees

Figure9. A map of theground truth points | surveyed using the Trimble GPS equipment

(Trimble Inc.,Sunnyvale, CA The brown points are clusters and individuals | surveyed to get a

sense ofvhat strawberry guava looks like in the data. | also surveyed every tleeé20m by
20mplots.Pl ot A on the right is dominated by 6@hi ¢
mi xed in. Plot B in the middle has PlatCon x of s
the lefthand side is dominated by strawberry guava trees.

Table2. The number of strawberry guava individuals, strawberry guava clustets @des, 6 a
and other nomative recorded tree points in each plot.

Strawberry guava Strawberry guava 6 &h i ¢ Other nonnative
individual treestens | clusters (> 4 trestens) trees

Plot A 9 1 21 0

Plot B 25 15 13 4

Plot C 13 27 1 0
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Figurel0. Georeferenced images taken via SUAS (top row) and helicopter (bottom row) of the
ground truth plots used to test the CNN model after training to see if it identifies the strawberry
guava in these plots.

| created polygons around the strawberry guava and othestrasmberry guava treg¢o
extract the forest structural metrics from the lidar datsedE s r Arc&kS Pro (version 3.1) to
digitize an image orthomosaic generated by Pix4D Mapper (version 4.8.4) and derived from the
SUAS imagery for strawberry guava trees and other fogdhe random forest training data
(Figurell). | digitized a total of 501 strawberry guava polygons and 902 polygons of other trees
including 6@hi 0 aedargroupegtogetiet as asirawpernaguava treesd ¢
the study siteFor the ground truth plots, | used Global Mapper Pro to classify the point cloud for
strawberry guava trees and other 1strawberry guava trees and created polygons around these
classified areas to verify every tree in thetplererecordedPlot Ahad 216 @hi 6a pol ygon:
one other nomative tree polygorand one strawberry guava polyg@rable3). Plot Bhad 11
6hi 6a Betlawbgry gusiva polygons, and two other-native tree polygon€Table
3).PlotChado n e ¢ @ lgdn @ree otpeoromative tree polygorand17 strawberry guava
polygons(Table3). | also used these digitized polygon areas to compare how well | could
identify strawberry guava trees compared to the actual ground truth points and the model
predictions in these three plots (Figor& 11).
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[_] Area of LIDAR point cloud

Strawberry guava

[ Other trees
[ 20x20m plot boundary

360 Meters

Figurell A map of the study site showing the 45(by 100m area of interest for the point

cloud outlined in the red rectangle on top of the image orthomosaic. Strawberry guava trees were

digitized 1in

orange and

other tree

species

The map also shows tipelygons | created using the point cloud for titvee20 m by 20m

plots highlighted in purple

Table3. The number of polygons for strawberry guava trees and other trees in each plot.

Strawberry guava

Other trees

Plot A 1 22
Plot B 13 13
Plot C 17 2

2.29 Evaluation

TheCNN and random foreshodelswereevaluated byalculaing precisionrecall, and

F1 scoreln addition to these metrics, mAfascalculated for the CNN models and accuracy
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wascalculated for the random forest mode@decision evaluates how good the model is at
predicting whether the species is dete¢atilla et al., 201;9Siblini et al., 2020; Zhang et al.,
2021]). This is represented by the ratiolabeled treeghat are correctly identified, or true
positives, out of all the predicted detectiamsl classificationshownbelowin equationA
(Padilla et al., 2019; Siblini et al., 2020; Zhang et al., 20R#&call evaluates the percentage of
predicted detectiorsnd classificationg got correct based on the ground trlaheled trees
(Padilla et al., 2019; Siblini et al., 2020; Zhang et al., 20Phis is represented by the ratio of
correctly identified true positives, out alf ground truthabeled treeshownbelowin equation
B (Padilla et al., 2019; Siblini et al., 2020; Zhang et al., 2021
Intersection over union (loU) is a metric ussdthe CNN model$so measure the overlap
between the model predicted boxes and ground truth boxes to determine whether a predicted box
is correct Everingham et al., 20)0The loU thresholdhatmetrics are based dar the CNN
modekis the ratio of the area of overlap and area of union of the ground truth and model
predicted boxeshownbelowin equation GEveringham et al., 201@Yeinstein et al., 2019
Zhang et al., 20211oU thresholds can range from 0, no overlap, tolereboth the ground
truth and model predicted box are the same and completely overlap (Weinstein et al.,[2019). T
typical loU thresholdfor object detection problems is Qriglicating at least half of the model
predicted box and ground truth box overlapseaabnsidered a correct predictipfieinstein et
al., 2019) However,Weinstein et al(2019)found that the standard loU threshold of 0.5 does
not capture all the true positive predicted boxes, so their standard loU thréshoé crown
detectionis set to 0.4This meangredictedooxes thabverlap with ground truth boxes by 40%
or moreareatrue positive andhose that overlafessthan40%are consideredegative
predictions(Everingham et al., 2010)The CNN models also usgdediction thresholdf 0.5 or
greaterto assess thgrobability of a model predicted box. In this case, if a model predicted box
is positive with 50% or greater probability, it is a positive prediction. However, if a model
predicted box is positive with less than 50% probability, it is considered a negative prediction
Average precision (AR¥ a metric used to evaluate the overall performance and accuracy
of object detection modelsy calculating the area under the precision and recall curve. The mean
average precision (MAP) is an evaluation metric that calculates the AP for each cldatsea
ata fixedprediction threshold anidU. The fixed thresholds mAP was calculated viithhese
modelsareprediction threshold of 0.5 arath loU of 0.4 (Rezatofighi et al., 2019\ score
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brings togetheprecisionand recall metrics and @alculated aghe harmonic mean of precision
and recalshownbelowin equatiorD (Padilla et al., 2019; Siblini et al., 2020; Zhang et al.,
202). Flscoreimsnot her form of assessing the model 6s
positive predictions, calculated by precision, and how well the model identified the ground truth
labeled trees, calculated by recall. F1 score and mAP are also good for balancing and averaging
the results of muliclass dataset results, but in thisject,| only focused on detecting and
classifying one class, strawberrygualdh e r andom f orest model al so
accuracy when making predictions on the test data. This is calculated by the proportion of correct
classifications out of the total number of classifications made shelewin equation E.
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2.2.10Statistical Analysis

In addition to the evaluation metrics discussed in the previous seatimmdliced
statistical analyses in R to examine patténrtfie ground truth plot$ conducteda Wilcoxon
signedrank test to compare visible strawberry guava tree crowrbateseen detected and
undetected tree crownkalso measured this pattern with the lidar data by conducting a
Spearmanés rank correlation test strawbarge i f t
guavatree crown area and the probability of strawberry guava presence. For the lidar derived
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forest structural metrics, | also used Wilcoxon sigraatk tess to compare differences in each
metric between strawberry guava trees and othesstrawberry guava trees in the training data
along with calculating Cohends d to measure
truth plots, | conducted a Krkial-Wallis test comparing the probability of strawberry guava
presence across the three plots emiparingthe forest structural metric values across the three

pl ots al ong wiotdéantify whieh pDts maad sgseificanedgdferences. | conducted
another Wilcoxon signethnk test to compare the probability of strawberry guava presence
values between strawberry guava trees and othestnanwberry guava treedong with

calculating Cohentés d to measure the effect

2.2.11Computer resources

The computer used for processing data, training models, and evaluation had the following
CPU and GPU specifications: CPU {12900KF @ 3.19GHz) and GPU (NVIDIA GeForce
RTX 3090 w/ 24GB RAM).

2.3 Results

2.3.1 Ground truth points versus digitized areas in plots

| compared the recorded ground truth points within the three2®n plots and
digitized areas of strawberry guava to investigate differences between what thagyoound
versus what | sawemotelyin the imagenand lidar datgFigure 12). In plot A, the single
strawberry guava polygon overlapped with sireglestrawberry guava cluster point and one out
of the nine (11%pf theindividual strawberry guava tree points (Table 4). My digitized area
missed five individual strawberry guava poirtiswever, that werkidden under a eucalyptus
treeand three individual strawberry guava points next @ h In plat B, 13 out of the 15 (87%)
ground truth strawberry gua cluster points overlapped with my digitized strawberry guava
polygon areas (Table 4). The two cluster points that were missed were very close to the digitized
boundaryand did not overlague to large GPS error in this plof dut of the 25 76%) ground
truth strawberry guava individuals overlapped with the digitized strawberry guava polygons
(Table 4). kve of the individual points were close to the digitized boundarydichehotcount

due to GPS error in this plahd oneof the individual strawberry guava points that were missed
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were hidden under a narative treeBecausd created the points for plot C points in ArcGIS Pro
dueto highstrawberry guavdensitythroughout the plot, all the polygons overlapped with the
strawberry guava cluster points and individual points seen in Global Mapper Pro from the point
cloudwere noteasily seen in the aerial imagery (Table 4). | was able to idetitibyt of43

(95%) strawberry guava clusters from my digitized polygonsobiyt 33 out47 (70%) individual

strawberry guava trees (Table 4).

Figure 12 Comparing the ground truth points to my digitized polygons of the canopy from an
image orthomosaic across the the@an by 20m plots Orange points and polygons represent
strawberry guava and blue points and polygons represent trees that are not strawberry guava.

Table 4 Thecounts angercentage of ground truth strawberry guava individual tree points and
cluster points overlapping with my digitized polygons of strawberry guava.

Plot A Plot B Plot C Total
Strawberry guava trees points loutof9 | 19out of 25 | 13out of 13 | 33 outof 47
indicating individuals within the | (11%) (76%) (100%) (70%)

digitized polygons

Strawberry guava trees points loutofl | 13 outof 15 | 27out 0of27 | 41 out of43
indicating clusters within the (100%) (87%) (100%) (95%)
digitized polygons

2.32 Object Detection CNNUSsing Aerial Imagery

The moded created with SUAS imagery of the greamenology stageesults versuse
modek created with helicopter imagery of the i@tenology stageesults can be found ifable
5. Themodels created with the helicopter imagery of thepteghology stagperformed better
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than the models created with the SUAS imagery of the greenology stagérable 5, Figure
13).

Table5. The average precision, recall, mAP, and F1 score results and their standard deviations
for the SUAS and helicopter image®NN cross validatioomodek and the sUAS lidar random
forest model detecting strawberry guava

Data Collection Phenology Precision | Recall mAP F1 score
Method
sUAS-imagery Green 0.37(0.02) | 0.77 (0.08) 0.79 (0.02) | 0.50(0.02)
(0.34 cm resolution)
Helicopterimagery Red 044 (0.03) | 0.84 (0.01) 0.85(0.02) | 0.58 (0.03)
(1.89 cmresolution)
sUAS lidar Green 0.78 0.67 - 0.72
Precision-Recall Curves for 10-Fold Cross Validation Precision-Recall Curves for 10-Fold Cross Validation
Models: Helicopter Imagery, Red Phenology Models: sUAS Imagery, Green Phenology
1.0 4 e — 1.0 1 i = —_ .
= P
50'6 — Fold1 50'6_— Fold 1 \
2 Fold 2 2 Fold 2 T\
Eanll el Eoadl— Fola :
—— Fold5 —— Fold5
— Fold6 — Fold6
0.2 4 Fold 7 0.2 4 Fold 7
— Folds — Folds
Fold 9 Fold 9
0.0 Fold10 004 Fold 10
0.‘0 OTZ 0.’4 0.'6 0.‘8 1?0 0.’0 0.‘2 0.’4 0.‘6 0:8 170
Recall Recall

Figurel3. Precision and recall curves for the-ftld cross validation models for the helicopter
imagery and red phenology on the left and sU&gery and green phenology on the right. The
red phenology modehad a higher average mAP of 0.85 than the green phenologysnodel
average mARf 0.79.

When evaluatindgpoth object detectioom o d epker®rinance on the ground truth survey
plots 7 out of 10 (70%) of the green phenology model predictions were correct and 13 out of 13
(100%) of the red phenologwodel predictions were corrgdiigure 14, Table 6)Themodel
trained on the gregohenology stage/as given a test image agdnerated threiacorrect
prediction boxeshat range in confidence from 53% to 7@8at overlapped witplot A (Figure
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14, Table6). Two of the boxes overlapped with the eucalyptus in the plot and the other box was
on apatch of vegetation that was not surveyed as a tree in thd péotnodel trained on the red
phenology stageas given a test image of the same area and one predictievithax
confidence of 76% that overlappeith the only clusteof strawberry guava plot fFigure 14,
Table 6).
The modelrained on the green phenology stage was given a test image of plot B and
generated four correct prediction boxes that range in confidence from 55 t¢-ighfe 14,
Table 6).Thesecorrect prediction boxesapturedive out of the B (38%) digitized strawberry
guava polygons, 13 out of the &2%)individual strawberry guava point, 13 out of the 15
87%)st rawberry guava cl ust e (Figpeold, Mable s)Whemtte one 0 ¢
model trained on the red phenology stage was given a test image of plot B, six correct prediction
boxes were generated ati@dtrange in confidence fro®2% to 93%(Figure 14, Table 6)hese
correct prediction boxesapturedive out of the B (38%) digitized strawberr guava polygons,
six out of the 2524%)individual strawberry guava point, 11 out of the(I8%)strawberry
guava cluster poi nt(BigureadnThbleobhe O QDhi 6a tree poi
Lastly, the models predicted on test images optbeC. The greemphenology stage
model generated three correct prediction balkasrange in confidence from 68% to 77%
(Figure 14, Table 6)These prediction boxespturedsix out of thel7 (35%) digitized
strawberry guava polygonsvo out of the 13 (15%) individual strawberry guava poiutsi17
out of the27 (63%) strawberry guava cluster poir(Sgure 14, Table 6)The phenology stage
model generated six correct prediction boxestéwage in coriience from 58% to 87%#-igure
14, Table 6)The predictiorcapturedsix out of thel7 (35%) digitized strawberry guava
polygons two out the 13 (15%) individual strawberry guava poiaitg]15 out of the27 (56%)
strawberry guava cluster poir(iSigure 14, Table 6).
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Figure M. The top ronshows thegreen strawberry guava canopy model predictions on images
of the ground truth plots, shown by the red boxes. The bottom row shows the red flush
strawberry guava canopy model predictions on images of the ground truth plots. The ground
truth points and digized polygons of the canopy are overlaid on the tBfem by 20m plots to
assess how well the model performed. Orange points and polygons repteseinérry guava

and blue points and polygons represent trees that are not strawberry guava.
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Table6. The number of correct model predictions, the box confidence range and the number of
digitized strawberry guava polygons and points the model prediction boxes overlapped with in

each plot and both phenology stages.

Plot Phenology| # of correct| Prediction | # of polygons | # of # of
predictions | confidence| detected out | strawberry | strawberry
out ofall range of all guava guava cluster
the polygons individual points
predictions points detected out
in the plot detected out | of all cluster

of all points
individual
points

Plot A | Green 0/3 53-70% 0/1 (0%) 1/9 (11%) 0/1 (0%)

Plot B | Green 4/4 55-75% 5/13 (38%) 13/25(52%) | 13/15(87%)

Plot C | Green 3/3 68-77% 6/17 (35%) 2/13 (15%) 17/127 (63%)

Plot A | Red 1/1 76% 1/1 (100%) 0/9 (0%) 1/1 (100%)

Plot B | Red 6/6 62-93% 5/13 (38%) 6/25(24%) | 11/15(73%)

Plot C | Red 6/6 58-87% 6/17 (35%) 2/13 (15%) 1527 (56%)

As densities oktrawberry guavarehigheracrosghe plos, the number of detected

strawberry guava treés alsohigher, shown in Figure 4 and Tableb. To further investigate the

significance of this relationship, the detected andietected digitized polygons of strawberry

guava and their tree crown area were compdreele is a statistically significant difference

between théreecrownareaof strawberry guava detected amtietectecamong all three plots

during the red phenological stagl' € 46, p-value < 0.05 with amediumeffect sizeCo hen 6 s

=-0.78). The mean crown size detected during the red phenological stzg&1sn2 with a

minimum size ofl.09 m2 and maximum size d26.86 m2. The mean crown size not detected

during the red phenological stageti81m2 with a minimum size df.60 m2 and maximum size

of 29.44m2. There isalsoa statistically significant difference between the crown size of

strawberry guava detected amatletectecamong all three plotduring the green phenological

stage W = 31, p-value< 0.05 with alargeeffect size C 0 h e n=6103. dhe mean crown size

detected during the green phenological stag@é.i$2m?2 with a minimum size af.72m?2 and
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maximum size 0126.86m2. The mean crown size not detected during the green phenological
stage is3.12m2 with a minimum size af.09m2 and maximum size df0.96mz2. Thebar plots
below showsmaller sized crowns undetected by the models and then at slightly larger size start

to be detected by the modé¢isgure b).

Tree Crown Area by Detected versus Undetected Strawberry Guava Trees

Helicopter Imagery, Red Phenology sUAS Imagery, Green Phenology

100

0
[ e e e e e ---IIII.IIIIII‘ 0 e e -----.I.IIIIII‘
0 0 30 20 30

0

Detected?

. No
. Yes

Tree Crown Area
Tree Crown Area

‘ Ranked Cluster by Size ‘ - Ranked Cluster by Size

Figurel5. Bar plotsdemonstrating the relationship betwestrawberry guavéree crown arely
detected versus undetected triegshered phenology modell¢ft) versus thgreenphenology
model ¢ight).

2.32 Random ForestClassification Using Lidar Data

After trainingthe random forest modelith the forest structural metrics derived from
lidar datawith 500 treesit achievedan accuracy 0®.63,a precision of @8, a recall of 0.8, and
F1 score of 0.Z (Table5). When assessing variable importafmedetecting strawberry guava
trees from lidar datd®Al receivedthe highest MDA 067.96 meaning it is the most significant
predictor of strawberry guava versus other treéd.was closely followed b HM with an
MDA of 53.58 FHD with an MDA 0f43.99 andpoint density fronez-values offour to six
meters with an MDA 0o#10.10(Figure16). When further investigating each of the individual
forest metricglerived from lidar datd found that there are statistically significant differences
between strawberry guava trees and otloerstrawberry guavéreesused in the training data
for CHM (W= 3120793 p-value< 0.01), FHD (W = 2839049 p-value< 0.0, andPAIl (W =
2621668 p-value< 0.000), thoughall had a small effect sizeG o h e <®.82). @here was not

a statistically significant difference between strawberry guava trees argirawerry guava
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treesused in the training data fpoint density at Zalues equal to four teix meters (V=
3022688 p-value= 0.34) with a small effect sizéC o0 h e r<®.9) (Fidure T7).

PAI i

CHM =

FHD °

Point density |o
Z=4-6m

| | | | | |
40 45 50 55 60 65

MeanDecreaseAccuracy

Figure 16 A plot showing the mean decrease accuracy (MDA) across all the forest structural
metrics derived from lidar data demonstrating the most important metrics to the least. PAIl and
CHM had thehighest MDA followed by FHD and point density from four to six meters.
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Figure 7. Box plots showing the distributions of canopy height (CHM), foliage height diversity
(FHD), plant area index (PAl), point density atalues equal to four to six meters for strawberry

guava compared to the other trees that are not strawberry guava at the sit&) like 6 a ,

ash, and red cedar.

When evaluat.

ng

t he

random

forest

tropi

model 6s

plots, a raster output was generated where each cell cedfitaénprobability of strawberry

guavaclassificationbetween zero and ofrased on the forest structural metrics derived from

lidar data(Figure B). The probability is the proportion of trees in the random forest that voted

strawberry guava as the predicted class of the raster cell based on the forest structural metrics

derived from lidar dataAreas within the plotsvhere CHM, PAI, FHD, and point density at z

values equal to four to six meters are equal to zero were excluded beéhemesealues indicate

ground, fernsor other vegetation less than four meters tall, not tiigg@s is why some areas

within the plot do not have cells with probability values.

There is an overall statistically significant difference betwtberprobability values

across althree plots Chi-squared= 104.58 p-value< 0.0001) (Figurél9). The mean

probability of strawberry guava presence in plow#s0.56, plot Bwas0.64, and plot Gvas

0.73. To further investigate thgtatisticallysignificantdifferences in probabilityl compare the

forest structural metric values between the plots (Fig8yeThe Kruskal Wallis test revealed

that herewerestatistically significant differences in CHNCKi-squared= 14.334 p-value<
0.001), FHD Chi-squared=9.4722 p-value< 0.01), PAI Chi-squared= 63.099 p-value<
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0.0001) and point density at z values of four to six met€fs-6quared= 34.911 p-value<
0.0001) among the plotéFigure20). The specificstatisticallysignificant differences between the
plots can be found in Figug®.

Figuue BThe random forest model s predictions on
truth plotsbased on the forest structural metrics derived from the lidar Tia¢aground truth

points and digitized polygons of the canopy are overlaid on the2Bmeeby 20m plots to

assess how well the model performed. Orange points and polsgmesent strawberry guava

and blue points and polygons represent trees that are not strawberry guava.
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Comparison of Probability Values by Plot
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Figure19. A box plot showing the distribution of probability of strawberry guava presience
one by one meter pixewith displayedralues(excluded raster cells values where CHM, PAI,
FHD, and point density atwalues equal to four to six meters were equal to zero from the test
data)across all three ground truth plots. There is a statistically signifiCansquared= 104.58
p-value< 0.0001)difference between all three plots and the probability of strawberry guava
classification
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Figure20. Box plots of comparisons for theur metrics derived from lidar between each ground
truth plot. There are statistically significant differences between CHM, FHD,aPélpoint
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When evaluating the differencesdlassificationprobabilities between strawberry guava

and other norstrawberry guava trees, | extracted the probability values from the polygons

(Figure2l). Therewasa statistically significant difference between frebability of

classificationof strawberry guava trees and other 1strawberry guava tre€sV = 61837 p-
value< 0.0001) with amediumeffect size C o h e n=®.87). The mean probability of

strawberry guavalassificationfrom strawberry guava polygons in all the platss0.73 and the

mean probabilityf strawberry guavalassificationin other trees polygons in all the plotas
0.57. This means thdiased on the forest structural metrieg% of the trees in the random forest

predicted strawberry guayar anon-strawberry guava trezell. Becausdhe probability of
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detecing treeswas hypothesized toe greater witla greaterstand size and crown area, a

correlation test was used to determine if there is a relationship between the two variables. There
is no correlatiorbetween crown size and probability of strawberry guava presenceplotas

=2962 R=0.27, p-value= 0.1556, even when the single outlier point is removéd 962,R

= 0.19, p-value= 0.33)

Histogram of Probability Values for Strawberry Guava Presence: Histogram of Probability Values for Strawberry Guava Presence:
Strawberry Guava Other Trees
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Figure21. Histograms othe probability of strawberry guava presencalues extracted fronmne
polygons {op row) for strawberry guava trees and othenstrawberry guavérees There is a
significant differencén the probability of strawberry guavalues extractettom the polygons
(W=61837 p-value< 0.0001)

2.4 Discussion

2.4.10bject Detection CNNUsing Aerial Imagery

Seasonal phenological changes in strawberry guava tressrguact detection in high

resolution RGB aerial imagery. The red phenology model performed better than the green
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phenology model across all evaluation metrics (Tapl&his indicates that the red leaf canopy
that occurs for a short period duriggringtimeis more identifiable by the model than the green
leaf canopyan example of this is shown igure22. This is important to note for future

mapping work for strawberry guava from aerial imagé&iynilar work has been done on tree
crown detection from high resolution aerial imagery with a CNN based on Deepbatést,

could not findany studies specifically detecting invasive tree spaexiegaminingdetection

during different phenological stagdsesides periods of flowerif{@gan et al., 2023]Jemaa et al.,
2022; Persson, 2024). Gan et(@D23)reporedsimilar results tdhis projectwith an Fiscore

of 0.52for trees in a temperate deciduous fgrestpared to my Fscore of 0.8 from the

modek trainedon images during theed phenologptageand 0.50 from the models trained in
images during the green phenology stad@wvever, the other two studies received higher F1
scores ranging from 0.73 to 0.8% trees in an orcharahd homogeneous coniferous forest
(Jemaa et al., 2022; Persson, 2024). Gan €G23)reporedtheirlower recall and-1-score
resultsweregenerally due to heterogeneous forest conditions where forests with different shapes,
sizes, and species of treedl@negative impact on tree crown detection, also reported in other
studies Berra, 2020; Hastings et al., 2020his also istrue because the forests in the studies
with higher Fiscoresnveredetecting tree crowns in homogenous forests and orchards with only
one tree species present (Jemaa et al., 2022; Persson,|2@2¢nsof the study site being a
heterogeneous forest, these resultamparable to other studidsingtree crown detection

with CNNs
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Figure22. An example of an image taken with an SUAS zoomed into a strawberry guava patch
during the green phenology stage (left) and an image taken via helicopter zoomed into the same
strawberry guava patch during the red phenology stage (right).

Anotherfacta that may have contributed to the performance of the CNN muoabeés
the other objects in the images that were incorrectly predicted as strawberrykxaamples of
false positives generated by both models incl
bases of trees before the leaves begin, patches of uluhe ferns, grass and groun@Fgatehes
23). Strawberry guava canopy has less foliage than other surroundingtttbisssite causing it
to look more branchy than fuller canopi8sme of these false positive predictions make sense
because they have similar structures although inco@#icer examples of false positives
specific to the model trained on r &alderidstr awber
spp) andcases where the rednopy lookedrownand blurred due to being at the edge of the
image andot annotatedOther studies with CNN models based on DeepForest trained on tree
crowns also experienced similzases of false positivesTheseancluded other trees that were not
the tree species of interest, other patches of vegetation such as bushes, and if the tree species of
interest was smaller or not as distinct, the model missed it altogether (Jemma et al., 2022;
Persson, 2024).
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— Model Prediction g

Figure23. Examples of false positive predictions made bytioelelat a confidence threshold of

0.5 or greatehighlighted by the yellow circle®\) patches ofjround and uluhéerns, B)
skeletons and dead trees, C) the trunks of tr
ferns.

While bounding boxes are simple and the standard methachotating objects for
object detection tasks, boxing irregularly shaped objects like clusters of strawberry guava trees,
can lead to challengeS.t r awberry guava trees dondét cluster
are allshapesnd sizegrom an aerial view. Due to these irregular crowns, they can be boxed in
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a variety of wayslf my boxeswerenottight around the canopy, theyould likely includeother
treesand irrelevant background vegetatiarthe annotation labeled as strawberry guava. Other
cause®f variation in the model results could be that the ingimmages for the SUAS aritle
helicopterwereslightly different resolutionsapproximately 5 cm GSD differenc€Figure22).
To create a more robust model, more images should be annotated and taken at a variety of
resolutions antbcations

Whenexamining the modsl performancen the ground trutplots, 34% of the
individual strawberry guava points and% of the cluster of strawberry guava points were
detected in the image with green phenology Brfd of the individual strawberry guava points
and63% of the cluster of strawberry guava points were detected in the image with red phenology
(Table6). There are morelusters of four or more strawberry guava trees being detected than
individuals across the plogd bothmodels showed a statistically significant difference in
visible tree crown area between detected and not detected strawberry guavariegesy on
tree species detection methods discusses horwotimel and conicadhaps of a tree crown is
helpful for species recognition deciduoudreesMi c hagows ka & Howaepear, ES ki , 2
the variability oftreecrown areashapeand number of tregbatcluster make it difficult to
prove this relationship within these three pldise points and detectiotisatdo overlapshow
that clusters of strawberry guava trees are detected more than individuals in these plots, despite
visible tree crown areaverall, high resolution RGB aerial imagasyuseful for identifying
where clusters of trees are located to get a general sense of where most of the population is
distributed. Becausee r adi cati on of this invasive species
identifying clusters of strawberry guava trees is also useful for future biocontrol releases to
increase the probability of successful landing in the carggpgading to more treesnd running
a detection model for strawberry guava in new areas to see if these efforts are effective at

reducing the spread

2.42 Random ForestClassification Using Lidar Data

Forest structural metrics including canopy height, foliage height diversity, and plant area
indexranked asmportant predictors for strawberry guadgtection Canopy height is often an
important metric for detecting tree species in other studies in forest se@ingsh(et al., 2022;

Li et al. 2023. Many studies also ugeHMsto segment and delineate one species from another
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to create training dat&hen & Cao, 201 AVeinstein et al., 20)9Althoughsomeof the studies
thatuse CHMs in their process of detection, they do acknowledge many smaller trees are missed
due to taking the maximum height in a raster cell or vavel (¢ h a §& Rapika 2021
Shen & Cao, 2017 This may also link to why individughrgettrees next to other trees may
have been missed or show loetectionprobabilities While | wanted to investigate other forest
metrics to identify strawberry guava, canopy height still proved tinbeofthe mosimportant
predictorsto the model with theecondhighest MDA

At the beginning of this project, | hypothesized that point densityvatues between
four to six meters where the high density of tree truskscated would be a significant metric
when identifying strawberry guavBlowever jt was the least significant variailethe model
and plant area index was the most significant varigdiee model This may bedue to variable
uluhe also located at these vertical slices climbing up both strawberry guava and other trees at
this site. The presence of ulandothermeatricc ul at ed
including FHD and PAIThis resulted in an accurateepresentation dhe density of tree
trunks that were there (Figurd)2 Thiswould notbe an issue if uluhe occurretlaaconsistent
height in the understory, butitaspresentat various heightén the understorat this site.
Despite the uluhe, plant area index being ranked the highest predictor for the model can also be
linked to large stands and cluster of strawberry guava, having a lot more plahbareaingle
6 @ htieélalid attempt to mitigate the uluhe presence by using treesepeasource
software used to extract individual trees from dense lidar point clouds, but the diameter at breast
height (dbh) was too small to extract strawberry guava trees from within the Bluthet al.,
20138.
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Figure 2. An example of uluhéerns in the understory, climbing up strawberry guava trees in
the field (left) and in the point cloud (right).

Theclassificationrmodel receivedhe highest values @irecisionandF1 score compared
to the CNN models (Tablg). Other studies also extracting metrics from lidar for tree species
detection received F&cores ranging from 0.74 to 0.98, comparechyd-1-score of 0.2
(Airlangga, 2024KrishnaMoorthy et al., 202PD My results fallapproximately two standard
deviations away from the other F1 scooésimilar work using random forest for tree species
detection. However, their accuracy values wer® @rfil above compared to my accuracy 080.6
(Airlangga, 2024KrishnaMoorthy et al., 202 Some of the models receiving higher accuracies
and Flscores could be due to more metrics being extracted from the lidar including other height
distribution metrics, vertical structure metrics, and shape and orientation feAliveasgga,
2024;KrishnaMoorthy et al., 202D It could also be due to tvariable densities afluhe
mentionedabove.

When examining thperformance on the ground truth pldtse model was able to
capture th@reater abundande strawberry guava across the plots resultmgreater
probabiliiesof strawberry guava presen@ggure B). While tree crown area did not have a
strong relationship with high probabilities of strawberry guava presence, likely due to the

variability in tree crown area and structural metrics in clusters versus individuals, other structural
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metrics did show a relationship to strawberry guava pres@viten breaking down each metric
per plot, canopy height mallest in plot A and plot B is slightly larger than plot C,
demonstrated in Figui20 and25. FHD is the lowest in plot A because there are a lot of
individual strawberry guava trees without a lot of uluhe in the understory whereas FHD is similar
between plot B and C due to the large stands and variable uluhe climbing up théetdimigsto
more foliar diversityFigure20 & 25). Like the box plot showing increasing strawberry guava
probability across the plots, PAI shows a similar pattern. Again, thea lot of plant area
among individual trees in plot fFigure 20 & 25)There is a mix of high plant area with large
clusters, but also low plant area with individual trees in pl@EiBure 20 & 25)The largest
plant area is recorded in plot C where strawberry guava dominagi®thieutalso has the most
uluhe contributing to this PAI calculation (Figuzé & 25). And there is an increase in point
density at zvalues from four to six across the plots as strawberry galawadancés greater
(Figure20 & 25).
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Figure25. Cross sections of the point cloud for plot A, B, and C demonstratiny tlgeessively
greaterstrawberry guavabundancacross each plot. Purple points indicate strawberry guava,
dark purple points are clusters and light purple are individual strawberry guava trees. The
yellow-green colored points are other trees, inthiséagh i 6 a tr ees.

2.4.3Comparing aerial imagery andlidar for detecting strawberry guava

Overall, both remote sensing methods and models can detect strawberryegpacally
clustersof strawberry guava treeghe random forestlassificationmodel trainedvith forest
structural metricslerived from lidaperformed bettein terms of precisiothan theobject
detectionCNN modelwhile the CNN modelfrainedwith high resolution RGEerial images of
the forest anopyperformed better in terms of recall than the random forest nfddble5).
However, the performance of the CNN model can be equalized to match the random forest by
adjusting the confidence thresholthe model based on forest structural metrmssisted of
four different metrics, whereas the model trained on aerial images cwffEB spectral
information. Having more information about this tree may have helped its ability to identify this
invasive speciem the lidar databut both models an@motelysensed data contain valuable
information about strawberry guava.

A different amount of effort went into processing and annotating the data to train the

machine learning models. The data collection process was very similar for both datasets
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attaching the sensor unit® an aircraftand flying over the sitéVith the RGB aerial imagery,

raw images were cropped and ready for annotating, whereas with the lidar information there
were a lot more processing steps to prepare the data for training. In terms of annotation,
digitizing the image orthomosaic to clasdifie lidar point cloud took approximately 10 hours
and drawing boxes around strawberry guava tree crowns took about 20 hours for each image
dataset including time to review ankdeck theannotationslf given a new image dataset to

detect strawberry guavag preprocessing would need todmmpletel, and this already trained
model can be used to predict where strawberry guava is located in raw images. Although,
cropping and annotating a few of the new images may improve model perforimamegratea
different resolution or time of day. If given a new lidar dataset to identify areas of strawberry
guava presenc#iis already trained model could classify a raster dataset, but images and ground
truth data from this new arémneeded to confirm if the modptedicted correctly.

There were several examples of false positives that led to low precision in the models
trained withaerialimagery that could be eliminated wiibar information. enarios where
patches of groundr uluhewerefalsely predicted by thebject detection CNMhodel are areas
wherelidar can detecstrawberry guavaorrectly becauseanopy height is a metric considered
in therandom foresimodel.Scenarios wheré @ handsieletonsf treeswerefalsely predicted
by theobject detection CNMhodelare areas whel@ar can detecstrawberrycorrectlybecause
foliage height diversity and distribution of point density is considdilesdiever, when the
random foresmodel trained otidar metrics identifies a tree thatmot strawberry guava, the
RGB aerialimagery can likely capture the differences in spectral information, like during periods
of red flushing Severaktudiescombine spectral and point cloud data wiraming a CNN o
these data and théyve shown to have successful models when using both types d¢tdeta
al., 2022; You et al., 2023Future work could implement both RGB imagery and lidar together
to better target and map strawberry gupresenceBYy identifying true positive predictions
made by both models, there is higher confidence that strawberry guava is present and false

positive predictions made by both models can be eliminated to confirm absence.
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CHAPTER 3. BRAZILIAN SCALE DETECTION
3.1 Introduction

The Brazilian scal€eTjectococcus ovatliss a scale insect thaonly known to target a
single host, strawberry guavdofinson, 20165tate of Hawaii, 2011)he goal of bringing this
insect to Hawai 0i and using it as a biocontro
guava tree growth, reproduction, fruit and seed production, and the need for chemical or
mechanical control (Johnson, 2016)ce established on a leaf in a strawberry guava tree, the
Brazilian scale continues to target new leaf growttihnértree and surrounding trees by crawling
onto new leaves and forming pale, swollen growths that cause strgvgoiava trees to use
more energywhich reduces energy allocation to gredudion of seeds and fruitJohnson,
2014 State of Hawaii, 2011). Populations of this insect are expectedth effective numbers
on a target strawberry guava treghin a few years after release and spread beyond the initial

deployment site via wind (State of Hawaii, 2011).

In April 2023, the Wited StatesForest Service, Big Island Invasive Species Committee,
and SDAV lab began a project to explore different methods of deployment for the Brazilian scale
from the ground and from the afia multiple sUASand a helicopteiStrawberry guava leaves
inoculated with the scale insect were tied to string, white tissue, and blue field tape and deployed
at the canopy level via these various methods (FiggireThese trees have since been monitored
three, six, and 12 months after deploymiemt a p or t i dorestReserv@figere §) &l a 6 a
SDAV lab geospatial analysts have manually scanned the images to take note of any signs of
biocontrol spread. This is a tediotisye-consumingask to go through hundreds of photos to
look for galls. Using computer vision methods with high resolution RGB aerial imagebgéas
used for monitoring the effects of biocontrol and galling (Betl., 2018; Bdua et al., 2020),
but not specificallyyetfor the Brazilian scale. The goal of this chapter is to implement an object
detection CNN model to automate the process of identifying and monitoring the biocontrol

spread, or leaf galling, with the high resolution RGB aerial imagery collected by sUAS.
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Figure26. Examples of strawberry guava canopy from an aerial view showing the initial location
of the biocontrol deployment indicated by the blue field tape and white tissue and how it has
spread six months later indicated with the red circle. Signs of clustpatgg,circular, external
growths on reddish leaves or new growth are showing here indicating the biocontrol is spreading
from the initial deployment. (Source: SDAV lab, 2023).

3.2 Methods

3.2.1 Study site

LkeChapt er 2 of Forbst Resepvaiptieersite whieee tha ldoaontrol
deployment and monitoring occurred (Figure 4). At this location, biocontrol was deployedl to 12
strawberry guava trees in April 2022 by the pole method and 67 by the sUAS method
Leaves with galls were deployed on the north side of the road by SUAS and on the south side of
the road by pole. The RTK location of each tree was recorded to revisit and monitor every few

months.

3.2.2 Imagery collection

A subset of 80 trees were revisited for monitoring at this site, 39 pole trees and 41 sUAS
trees.Images of each of tketrees were taken on the day of deployment (April 2023), two
months (June 2023), six months (October 2023), and a year (April 2024) after deployment.
These images were taken with a DJI Mavic 3 sUAS with its-budmera and DJI Matrice 300
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SUAS with a DJI Zenmuse P1 camelall, Shenzen, ChinaThe sUAS took most of these

images approximately three meters above the canopy with a 0.05 cm per pixel GSD to see the
biocontrol spreadmages thathad strawberry guava leaves with gallsreannotated and used

for training. If an image did not show any galling, the image was left out of training the model.
Additional photos were taken to use as training data down the road at the intersection of
Stainback Highway and North Kulani Radthe mokuo di stri ct of Puna,
(Figure27). This is an area where bioconthalsbeen established ineesfor approximately four

to five years.
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Figure27.A map of the study site at o6&l ada Forest
strawberry guava trees wheéFectooccous ovatusvas deployed along the road and images were
taken to be annotated for this projecthe inset map in the upper kfand cornerThe inset

map in themiddlerepresents another site down the road on North Kulani and Stainback
Highwaywhere | took additional photos of trees with the Brazilian scale established in the trees

for additionaltraining data.

3.2.3 Machinelearning

This section uses the same object detection CNN model based on the python library
DeepForest workflow and evaluation metrics introduced in Chapter 2 (8uhile this
problem could also be addressed with an image classifier, theseristing CNN architecture
used in Chapter 2 to see how well galling could be identified in the aerial inkagpEsimage
was also cropped into 1,000 x 1,000 pixel segments for annotation. If a leaf with galls is in an
image, that leaf is labeled by drawing a bounding &@und it whichis recorded in an .xml file

using Labellmg (Figur@9). The annotationsicludethe context of the leaf instead of only
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annotating galls because they are tiny and sometimes crowded tobaetimatated 1,038

images and made 4,656 annotatiffable 7) Before training began, | created 10 folds,

randomly sampled equal subsets of images from the whole dataset, to conduct cross validation.
This means that 10 models on each dataset were created, and each model took out a different fold
of the datasettobesue d as the validation data, which 1is
performance during training. For this image dataset, 930 images and their bounding box
annotations are used for training and 103 images andatieotations are used during validation

(Table 7) All models were trained for 50 epochs in batches of 6 data examples at a time because
the results stay consistent beyond these many passes through the dataset. All models also had a
learning rate of 0.001, a nenaximum suppression (nms) threshold of 0dt image

augmentation, which generates random images based on the training data by rotating 90 degrees,
horizontal flipping, and randomly adjusting the scale of the imBlge evaluation metrics were

cdculated based on a prediction confidence threshold of 0.5 and loU threshold of 0.4.
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Figure28. Workflow showing how to prepare the image data to train an object detection CNN
model based on DeepForest to detect Brazilian scale galls.
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Figure29. Examples of 1,000 by 1,000 pixRIGB aerial images with boxes drawn around
strawberry guava leavestiigalls in Labellmg. These are the annotations exported as .xml files

that are used to train the object detection CNNs.

Table 7 The total number of images and annotations in this dataset and the portion of images in
training and validation for each of the 10 cross validation folds.

# of all images | # of all # of images in training # of images in validation
annotations fold fold
1,033 4,656 930 103

3.3Results
3.3.1 Object Detection CNN with DeepForest

The moded trained with SUAS imagery to detect strawberry guava leaves with galling
results can be found in TalBeand visualized in Figuréd3Because there are hundreds of leaves
to predict on in one fulsized image, the model wgsrenasingle, full sizedest imageThis
image ofa strawberry guava canopsas locatedt a different site where the Brazilian scale has
been established for seveyalars,andthe model deteetialmost every leaf with galls with very

few false positives ranging in confideritem 12% to 98%Figure31).
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Table8. Theaverageprecision, recall, mAP, and F1 score resaitd their standard deviations
for the drone imagery detecting Brazilian scale galls on strawberry guava leaves.

Precision Recall mAP F1 score

0.27 (0.02) 0.80(0.02) 057(0.02) 0.40(0.02)

Precision-Recall Curves for 10-Fold Cross Validation
Models: Brazilian Scale galls

1.0 1 Fold 1
Fold 2
Fold 3
0.8 Fold 4
Fold 5
Fold 6
0.6 4 Fold 7
'5 Fold 8
.§ Fold 9
Fold 10
& 0.4
0.2
0.0 -
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure30. Precision and recall curve for the-fiddd cross validation models detecting strawberry
guava leaves with Brazilian scales. These models had an average mAP of 0.57.
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Figure31. A full-sizedtest imag€8,192 pixels by 60 pixels)of a strawberry guava tree
canopy where the Brazilian scale has been established for several ymao$ .tk trained
models was used to make prediction baxed)on leaves that have galling

3.4 Discussion

The CNN model created witDeepForestvas able to identiffhe annotations of leaf
galling in the validation data shown by the recall value in T&lkowever,the modes received
an overallow precision,ndicating many false positive predictignmit the precision and recall
curvesindicate that the model is capable of high precision predictions, meaning the most
confident predictions will likely have gal{¥able8). Aft er scanning through
predictions to determine why it was receiving low precision vathesnodemade consistent
incorrect predictions on a few features. First, the images takenaftshowed strawberry
guava leaves with raindropisatleft clear circular marks on the leaves that the model predicted
to be leaf gall§Figure32A). Images trained and hMdated on during the month &fpril showed
strawberry guava trees beginning to bud wileecbuds appear to look like galls at the base of

the leaf where it connects to the steffigure32C). Leaves with patches of discoloratig@tfigure
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