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Abstract

Wetl ands are critical ecosystems in our en
surface but about 40% of all plants and animal species live in wetlands for some portion of their
life (United Nations 2024)The objective of thisesearch study was to explore the relationship
between machine learning complexity and the duration of data variations on the accuracy of
wetland identification for six wetland classes in the Hawaiian Islaftsresearch aimed to
compare t he model s’ sthodedigtisct durations of imagery dalaip s acr o s
exploration used remote sensing imagery and machine learning to athgsifge typesf
wetlandacr oss t hr ee r egi on sNebconvdutioe neura hebvorklwas f O’ a
used as the architecture for the model to conduct three experiments: one year of data, two years
of data, and three years of data. The only variable to change in theisntdgeinput imagery
data. Each experiment used Python programming language.

This study advanced the understanding of h
models wused in environment al studi es. By dete
enhances model accuracy, this stady wedntmidlsu ti
HawakEnhancing conservation strategies would al
management of wetland ecosystems. Further more
dynamic changes occurring twimé.i nTlwied | mensle sercmls
previous studies which have not systematicall\

machine | earning models’ ability to accuratel)

The results of the study showed that the overall accuracy improved as more data was
added. Experiment one had an overall accuracy of 56.57%. The overall accuracy increased to

60.46% in experiment two. Experiment three had the highest overall accuracy 0¥6These
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results indicate that adding more years of imagery provides more context icteelearning

modeling to learn more details about the characteristics of wetlands and their change over time.
Using the F1 score to measure each class find
hi ghest i mprovement from one yThainsighasfgainednager y
from this study may provide a foundation for further research to focus on refining the model to

better distinguish difficult classeFut ur e research shoaVdr &lblcus on

accuracy of the wetland classes for the Hawai
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CHAPTERTRODUWGTI ON

Wetl|l ands are vital e c 0s yWettel nasn disn sttlhoa eE arntdh |
protect ssthoorree anadrebparno,vi de hapli d mtas | &fR@Rd slcdtunt | e
2000; Bri dghlaard e20 0a8 . h 2e0@ebttl an@613d8re critical
endeamd endamigealedapdcipésanin the state of Hawa
coot , Hawaiian stilt, Ha waoiri aann i nmoad r hsepne, c i aensd  Ha
guil |l worstpi k'einheib’sishpighd hi wa (Eri ckdsaovaiand sPutt
unique Iin its divemgsilwuydi o webi fatr deywpase orfy
I ted evati oneShnadl |celnibnedd gma n 1a8OC/t7i vi ti es, l'i ke agr
of invasive species, and ur ban hdaebvietl aotpsme nrt e shual
an estimated |l oss of 42% of native 2Wd®0l,ands )t
For the pernodteentitci oann dodemcd & s gnannved smust t tdheaxi st er

wetl andi rmatbhe aftsscfeln oomman haetaitvi ty . an aenluismat e i

enhanadibdbuty to inventory and monitor our wet
Traditional met hodsaref iwetalluarad | fei dlod 4 Wrev e
observat i osnuwr;v ehyosw eivnevro-t kger oeuxntde nfsiievled woonr k , requ

preparati, o mmabnsde ntti nceh ahd ey ecaomldiiotiitaersls access
remotesessowmded by denset hve gaenientfidornod A ddeiatni o r

be gadbhered a s ubryvetyhei st ilmemiaoefdt el @dmlivy ngqgdior e

smal | , S @ ebcei fciocv eaereetlai sme . 0

The i nt ergernaottieo nsaonfsi hgciaald dann edd mpleemmesn t( Al
traditional met hods of wetl anatlfasdidf ysiumgredisf f
wetl and types using satellite i1Imagery and mac
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mo d e |
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one t

wi t hi

mac hi

moni t

s can be trai nedt elaolaigteesobngi teapaitnhgr hsom

di fferent weStalteend i d ldasrsgeesn diraesgsel afk et.he Eé

ambi n M nodaerlasi nagh mb ge® dlol ynake sense of t he
n the i magery scenesilienRweimoitges tsheen sn enegd afnod
ne | earning allows for better allocation

or specificrespasnsesfterichgngeRekmet wet |l a

senirroya desnt r usi ve approach to monitor wetl an

state.

Th

sat el

remot

wetl a

1.Tr

ho

y e
2.As

co

Th

cl ass

i's study addresses the | imitations of tr
|l ite imagery and machi ne ilnecarredaespignhgmod el s
e senbanodns itnmaeg earcycur acy of machine | earni

nds in thBhiHawsatiudy Had amhisee objectives:

ain a deep | earsreipmmg amedpeud t ¢ snadgge ptylorrdeset a  t
w using imagery data from one year, two
ars influences ptrheedincotdienng swetrleacn i @lna 9 :i f
sess the prediction accuracy for each ex
nduct an accuracy assessmepnrte denvostdiudatt s oh ,
ch experiment.

nthesize findings to understand the 1 mpl
tland prediction, focusing on how the co

nsing data influences wetland prediction:

rough a structured experimental desi gn,

i fiaeatoens mMapeefkdi smagerayndadtaack for one
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i magebraynd 9st ack for twobgeadarstackimagerreande

This approach all ows f omf a omlimngta@rsoautsk icenxgatnm asa t |
machine | earassgssmbdegl shand perf orTain estind ywe
advanbe under stianncdrienags i nfg htohwe bands of i magery

affects thef pmalddoarmm mncge mem\eil so siteediinghBa.nci ng

conservation strategies would allow for more
management of wBtéantdwkicaostylsawersemati cally col
dat amaege baindf ldeepathesne moead sing@abil ity to del i
wetl ands in the Hawaiian | sl ands

The following chapter (2) presents a |iter:

met hodol ogy. Chapter 4 presadantss utsieha@npetseul t6és .

presents the conclusion.
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CHAPTER TZERATRERH EW

2.1 Wetl and

Wetl ands are comprised of three basic el em

essenti al to the creation and maintemaece of
soi |, it remains on site |l ong enough to estab
composition, structur e, and nutrient content,

and ani mal ecosystesmse tihr e@dtBl.2dIsan(tBandnmnd amt h ¢
vegetdaetpieoond on wetl|l apegecioalllsyspydbophy tbeyé , of t e
wetl and ecologists as quantifying indicators

and Puttodk 2006

Wetl ands are complex ecosystems with varyi.

definitions. I'n this study wetl@an@dys aefei mietfii or

states,
Wetl ands are |l ands transitional bet ween te
table iIis wusually at or near the surface or
purposes of this classification we®tlands m
attributes: (1) at least periodiéal(l2y), tthhee
substrate is predominaandy( 3)ndtrraéd newb shtyrdati e
saturated with water or covered by shallow
of ea¢lCowaadin et al 1979, 3)

This definition established the cl|l astshdicati or

Uni t edFiSsthateersd Wi(FWE) fTeheS@gmwilcef defining the

1“Hydrophyte: Any plant growing in water or on substrat
of excessive water content” (Cowardin et al. 1979, 40).
2« Hydric soil: Soil that is wet | ong enough to periodic
growth of plants” (Cowardin et al. 1979, 40).

3“Wetl and ecology is the study of causal factors (cli ma:
wetl and properties and processes (area, distribution, p

16



system at the national | evel was to adopt con
|l ocal( Cewaddi n a,nd]lBIbel ectl als9s9i 5f iucskeyi d me sFs 58 Bman

Wil dlif &odanyds ibtabse s Nfaoi onfaé¢ Wetl and I nventory

Wetl and I nventory is a database of classified
guantifying national wetlands in the 1950s.
Wetl ands in the Hawaiian | slands are subst

continentaldulénittoed h®t dtsdsand’ s st elerp etxoapnopglreap h
candba&wypompahdwmgmany | akeasl eanlda d WEatgpei enee nsty sit e m
stdeopoygvaphus f | altakteopdger apHyand of Ostadep for
topograpmyelwexdati on range from sea | evel to 4.
than 600 .sqUlaeresmaviesnsolnakyels nag t o tthhee Natiitoerrala
Wetl and Oheabkbotergteep terrain | imits the possi
I nstead, water travels from the mountainous t
that are abl e to faldoaw ta rnt (bl avachalaunngee s Coas wvalt eNonp
Control Progr am: Managememt c ®m@arpid¥o Hashanid 19
staterotungantl’ys the same size as O’ ahu but has an
above sea level a@rmodriasgovertthhéa@ cloanlaes Weat F a o
| nvenltheer wyw el atively flat | andscape |l ets the wa
of developalde llaageThreisee | sgatemeas are very dil

geography, and climate whithatnplew sThhsetsset he@ ®ra

as the measures of consequences arising from these prop
substrate, methane)” (Keddy 2010, 426).

‘Lacustrine systems refer wia hwent |laa ntdo paongorr admkhei pawed eeprii ehsashiio
channhealt | ack trees, shrubs, or emer gent( Coewgaertda tni cert, adn

h
1979, 16).
17



di fferences impact the biodi weasiheogw swheb i d t h
approach their conservation and restoration e

specific wetland mapping.

2.2 Wetolsand

I n the United States, early inventories of
suitabaft dranatinséhi onlag@a&r iagg | c ul taunrde ud ebvaenl .odpenveenito p
For much of the eawétyl dawesntwetd vieawedyas obsi

for ag.didOUlteur@ni ted States Department of Agri

east offmerhiedilalns (i . e. east obfuilldda haon, iNnevveandtao,r yC
l ands could easilylbadsr édolraiamed™cudsuseit dathlee
Ssubsequent inventory in the 1920s by the Bure
USDA documented over 91 million acres of wvari

assessedfas subpabléeé subjected tolard9Od&®ge heS
Soi l Conservation Service, now knowhNRBES) he N
conducted a wetland survey which estimated th
swampy and overflow |l and outside orgBansedd dr
on USDA surveys between the 1920s and 1950s,

contiguous United States were altered by a co

on | and (Shaw and Fredine 1965, 6) .

It i s Iimpossible to determine an accurate
States due to alterations of wetlands based o
comparabl e. Crops, pasture, andcotlserofdmwhalamw

once primi swamprtparseiaessonal ly flooded | Bmels t hr

18



trend of significant wetland alteration and |

Similar patterns of environment al I mpact are

An inventory of wetland |l oss in Hawai i S
socdlhta and found the mdposity dévébepmewctcuasnd
from filling or alterations of the | ocal hydr
2014,DB4i0nN g Aatndet1d98t uri es in Hawai'i, the boom
cultivation altered thBhinatius a¢viodtenutr riemclkawd’
wetland on the west coast was | ost(Swedber gvat
196378 Shall enbpMBgtelranld 7170ss i s al so apparent [
most of the wetland agricultureta hhdusiandg gr ow
devel opment and the expansi on, o}2Wedtulgaanrdc alnces sf i

across Hawai i i's not wuniform and correlates
(Van Rees and Theednoz3Q1lHp,oplid3a)s. i sleaxnpde riine nHaewda ic
significant |l oss of wetlands since human sett

s atewide |l osses (,Vap3RleresKauwma’ iReedle 2dllalp ment

along the southwest and east coasts have cont

By comparison, | ess populated islands such as
|l ower |lewellespmdntd and Alguman | s et B&ll e gamtwt h and |
have changed Hawai’'i's wetland | andscape, hig

i nventeff €sctatpded rye ¢ h aoncgcewsr rtendato vhearvet i me and p

that may conéinsevinhaltt hteofutcuafting successf ul

S Hydric soils are soil types that show physical and ch
which can persist in the environment after alteration o
indicator sndoesf” I(dMotorvheetalda 1991 cited by Van Rees and Reec

19



As a result of loss of wetlands experience.
concerted efforts by the state and | ocal gove
pl ans. Trhees tmeeteéda ntdos f or t he purposes of habit a
focus begim-BDbgnt mr y.hewWith an increasing awar e
cul tur al I mportance of wetland ecosystems, re
Accurate mapping and ¢IlnaHaiwfaiicat iaore @af ctrhe i wa

ensuring these restoration efforts is targete:

2 V8etl and Classification
Traditionailnvmeettdoodyscnlgdissi fying wetlands |1 n\
surveys and manual observations, but these me
comprehensive and kffwasenbtdabhtai cothectlPdOs
sensing allowed for a hybrid approach of manu
surveys foTheeNaficmaal o WANtWIgnd plrrowdairctear oy t he
WildlifesesBerekample of a hywbricd aappdmaadti ed h e
by manual photo interpretation to map wetl and
l nventory database contains an inventory of w
however, the majority of tcdceptdikoarmadfs &nodo mOt Al
anane smal l s etchteisoen co ma sMa udii,cati ons have not b
The National Oceanic and Atmospheric Administi
produces wetland classification mapsCAtPhr.ough

Similarly to the tempor al@CAR T rdeatna yawdai Itahbel eN WIa

5The most recent National Wetland Inventory data for Kail
"The most recent National Wetland | Keahit@arRBowadt Matino Ma lu
Refuge

20



Hawaiian I slands is has not been upda€CA® sinc
datasets are insufficient of wetland monitori:
outdated. Regul ar updat edhidre tmadeds amyl t anett rh
i nventory and cl assifhhisec@gthiten phevidéi mhvat uab:

for i nnovasive amproawmtchg the overall tempor al

2. Rlemote SenismnyetalnandAlI Monitoring
Artificial I ntelligence (Al) has revoluti o
conduwogreadvi ding new tools decemahkaipncge c el as @as aaalt
wetl andt ostiundcileusde t he integration of.Reemmbee se
sensing itshpedetenmnsedotscapturing, measuring, an
contactRemetemsensing provides a means for col
without disturbing the ngatemnmadmpeansvsiersonanenrta a dR
processes and technology. The el ectromagnetic
pl acement within the el ectremargqytdgammsg ercad iuan

end, -¢wmedg@w radim avtavteh e adtilaen oen,d )30Tdthle awdtJ

commonly wutilized wavelengths in remote sensi
and ther mal infrared wavelengths.
Sinckatheh of satellite sheanvseogwawms @dinl itthee ilmarc

for wetland mapping pur,pdadseSsat(eMdh diea rsparsioret i
of the vi si-ibdfer aarnedd t(hNl R)e Aathpe ANtIrRub almadnds capa
plants and vegetation better than the visible
|l ocating water and plants, facilitating the i

changes (oWaehrd atviimaet hbAHde NIOR8band i s the most u
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detecting wetlands bewawsd aitti onagdtSwcrhans dd i fafnedr
Adam, Mut anga, and Rugege 2010; THenlgards at . a2
begiammagi ng tl1h9e7 2E a rotfhf eirn ng a depth of data unp
sensing sources. The robustne$® O6Drtmanikandse
In wetl| aNdt samuldy edoes Landsat have a historic
availbahl entasalhsgh sprectoé&f er eswilsuinbalgee,r yNIWR tan d
wave infraredn(849mBR}j gbasdo®f wetland classific
researchers found that Landsat sensors are th
202016 Several articles have |l everaged Landsat
some researchers hsaewe euwss edda tLaa ntdos amhd rsi ttoirmec h a n g
ti me, providing valuable insrghkt shmantgeeangt he ef
Sun, and XB6B20@7 AHh15i 2® 18t68ahok20R&Ni, and Ja
20210t her aut$e®dsmhlatviespectr al bands in combir

identify and classify diverse types &rfenmeetrl an

et al .;226®1vg et 2&809aR®dA@Bue ) B8t al . 2020
Whil e Landsat has its merits, it also has
meters (m). This resolution is sufficient for

wetl and managers who need mapshat sahargeivyi di
wetl ands in Hawai ' i. Furthermore, Landsat i ma
bet ween wetland classes due toconfsbeibawesepati a
cl asskRone s,ttiaey | foliwnsepsactlivat i on of Landsat’s The
Il magery confused marsh wi,t h3 &3Thisg i(sOszuees mwa sa nt

by Canadi an wewhloanrde croensneeanrdcehde risncor porati ng mo
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aperture radar datasets to eph@gaoe ehe)@Band2di2

The insufficient spati al resolution of Landsa
wetl ands systems, emphasizing the need to eva
Commerci al remote sensing companies began

beginning fiinl Itihneg 119Mghsnre edp d toir a | resolution mu
2015, Planet Labs | aunched Dove sensors as a
i maging much of Earth’s |l andmass daily. Wi th :
Il magernigheqguency, high spatial resolution da
applications, an | mprsopatmeanlt | roevsead| dultiinooins.at 6 s h B«
frequency iIimaging-bBhdnettovemageg &ahe Twoesi bl e a
hi gher spatial resolution enables more detail

for tracking rapidly changing environment al C

However, there are drawbacks to Planet Lab
atmospheric conditions | imit clear viewing an
data. Another consideration is tihei cloensdred | Mt |
area of the spectrum, as compared to other sa

spectral banédvaviendlnddiamgds hort

I n addition to satellite sensors, aeri al S
because they are much closer to the area of i
United States Department ofAglqrciyc UIFtSUAr)e 'fsac(i U $
partially funds the collection of airborne im
Program (NAIP) via the Aeri al Photography Fie

resampled to a ground-lsnammlde odit doaecei { GED) be
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di str
publ i
resol
fores

Nagel

i buted by the United States Geological S
C . NAI P provides the only freely, publ i cl
ution of 1 m or | ess f oMAItRei laagveariyi afno rl sr
t characteristics, i mper yHogés asdr eacast,

and 68udaxv@l16, etBdGakam@bsé i engt hs and wea

of NAI P data forel &@axdr awaree nmrhedssekmnstagdt i n one ¢

i ncluding a terrain variable strengthened the
(Maxwel |l et al. 2017, 445).

FIight time and cost are |limiting characte
process of compiling the data can be compl ex.
toget her. These mosaics oftemakmalgu dNAI Pl idah tal i
challenging to use effectively for time serie.
tradeoff of wusing a higher spatial resolution
scale for analysis.

The ideal selection of an appropriate remo
bal ance bestpwpweenmapatieapbual on rletquiisr einmepnotrst an't
consider for machine |l earning the number of p
wel | asofttheberween spati al resolution and spe:
|l earning model s. Ardeds a |li wtniad A yi, s tdirei ttieanplorawh e n
anal ysi s, and having more i mages odn aprgdwiehe we
more comprehensive understandi nlgarods ath aing eftsi @l
temporalalandespletiron, but | ow in spatial res .
valuable informati dmntmsaaphe sindaclalle rf owe trleagnidosn.a |
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tismeries investigaNAloR smaywhbiel emoRlea naeptp raonpdr i at e
a higher |INA/leR ionfagdeertyaiils. | ow i n spectral reso
Al though the higher spatial resolution is ide
cost of not having a NIR band, sé&vamelty dlaitmi t |
of fers a balance between Landsat and NAI P i ma
NAI' P and hasomhat é capatodad e moensst rate how vari at
resolution can affect applliildatsitoms eselaatvad utaod
of the | evel of detail t hat mayNAbleP damatgwerre/d wa
used to simulate the spatial resolution of ea

consistency.

Figureh visual comparison of spatial resolution when observin
simulate other spatial resolutions for color consitséeeéncy: a)
2.4.1 I mage Classification

One ar ed nofweftd aiinsd isntaugdei ecsl assi fication tasl
| mage cl| assiaf ipcraotcieosns by which pixels from the
cl ass. |l mage classification is a common metho
|l and cover change;3@Manhadhiianepta raid 1eltn@aple c210a2s0s i f i

key component in wetland mappi ncg absesddu setiitona
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diverse types of wetland cases based on their

ar

i n

e used as inputs to identify wetTlhed distri|
|l iterature on image classification techniques
cl udibmmg epli xadnlds et j et assi fication algorithms.

. 4. 1.1 Machine Learning

Machine | earning, a subfield of artificial
at woul dcbasmmreagtimeconducted by humans. T
neficial in fields that handdleculaartgieo nvso | uarse
pidly analyze and process information with

ocessing. The increasingly wubiquitous avail
ospati al data i s pl atyh en ga dav asncgenmefn tc amft maocl hei
rticularly in the field of image <classificat
assi&di matdebnjos rtercaoignneidze patterns in visual

t of iIimages that have been | abeled with the
ampl es, identifying patterns and features t
arning phase, the model <can process a new,

the patterns it |l earned during training. M
ild spatial model s based on the training da

currence of wetlands, wthn adiftidaohs a.tavteeyrs be ev

There are t woasperd ncalrays spiifxieclati on al gorithms
pervised and unsupervised. I n supervised cl
termine the signature refl ecdlagwacreigdhimsebe c |

er to have knowledge of the region in quest

26



i X e

vV e

|l s representative of khownsbpedvceuverisypg
rrusing a class named “forest?”, they woul

are covVvliereed elfy efcdaraemscte. val ues of these pi

I mage wooludsds idbfecedate a signature for the fores

ge

y

us

have similar refl ectbayncaen wad $gwEarteduaiul dThh:
ess usesaspitxalajngnpwrel s, to recognize d
“train”atperictpmedaBle@agglobassi fication al
racy is assessed by holding back some dat
algorithm s performance i s evaluated base
e val iTdhaet isounp eprivxieslesd. cl assi fication approa
ses indicated by the maryalnydt adurginn gwvittthe nta
ses in the data. Moreover, the accuracy o
training dat a, which can vary depending o

abl e *“dgrtcaund truth”

n unsupervised classification, the classi;
rally detected spectral groupings among t
basis for classificatiod, ki sSupmetrivodedr @
similar spectral values by clustering, a
ance, an unsupervised classifier mi ght gr
tation, bas@é dumman ha&rneasi milar spectral vV a
prior input or training data. Comenams unsu

tering anOr ghei 4iterg abDava Ardlfysis Techni gl
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means clustering requires the number of clust:

algorithm allows for a varying number of <c¢cl us

Obj-based classification is a method wused t
shapes based on their sizes) lanJd Il godacsneedtirxieels ( G
classification, where eachbpsxelcl as <il faiscsa tfii @n
mul tiple pixels as a single object. This appr

relationship of-bamegesctdbijcadt o.n Obsj ecatrt i cul ar |

where the spatial di sarebumpont and. cboteprkamp
Dang et al. (2020) , di stinguishing between “f
chall engi ngbatsherdo uoglha spsiixfallcaeas 9 odi. s t\w ansg esal eshhi,aebvi el di 1
throughbaebpdectdt assification, which considered
ponds in comparison to the smaller, uni formly

2.4.1.2 Deep Learning

Deep learning is a subfield of machine | ea
cl assirfeasceaBeeom. |l eannadgmantti onal field mapping

providing an effective wayv ulon emoanbrltegrAobabssdt aelv a

deep |l earning algorithms are neur al net wor ks,
organized in | ayers. Deep |l earning neur al net

Convolutional neur al net wor ksui(tCeNdN) f dira viemac
analysis due to their abil i t(yNotgou eprroac eests adpatz2
Rezaee et al. 2018, 3038; Ma hdi a)n.pabgac hetl aayle.r
the convolutional network transforms the inpu

before passing thé&édogesulrta ethidhe ddET inayemrl (
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network -l eaehsf éatwur es, such as edges and || in

subsequent | ayers, the network begins to iden
textures. I n the final | agyreirzsel] elwibgeh ceuncaebpt set
specific objects or entities with a high | eve

Mul tiple researchers have successfully app

wetl antdszdedesgp al ear,bniome mo diebly iwleqntablye intertid
Vi et.nalnheir research indicated the deep | earni
areas and coutdmdemasietdorfiong(r®aén gvedtl a@MNNschGBI(,
provided bettesrcerngasrgloise cial varioug he field of
study found.-hnReedarmnh@Nxd stto ncl assi fy remote se
suggesting optimizing existing models could b

sensi ndJodueilrda (et638). 2017

Deep |l earning techni gues -Neatc hc cansv d Inucteipotn aoln
have shown gr eatear nperhfi mremialmecagampipn g gmocdenips e x |
i ncluding wetlands, musi ng drautla i (sMelcdirard p asreimoe

2, Dang efykmal a 8280ad0y which compared the result

| earning wetland classification found deep | e
complex scenes in remot e (Maehndsiianngp a rpla)retti caull .ard G

The use of deep | earning applications in w
Canada. There have been a number of studies t

i nventoryi(mMgnaweZzZleZila®Rbcqu2zd2®he afli nding of one
compared the results of the deep | earning mod

framework for mapping wetlands has potenti al
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(DeLancey etompar8d9t hésSeffectiveness of deep
|l earni nggcfadre Ilwertdeand classification in Albert
potenti al of CNNs for classiflyni mg swetdlyamdgs Lon
(2021) the &ppdpl foat iwen lamdUmapping proved eff
on the South Carolina coast .aclTchuer asceys pahssanfgi e
alternative methodsaril neta adt.udy2 0hly8 )Ma htchieanpot e
technigues to accurately classify complex wet
il magery was explored. i mpe ¢ e@dswd pngloidleimayo bt nat e
l earning in mapping wetlands wusing multispect |
et al. (2022) investigated the use of advance
and CNNs for coastal -1clnatsednieflianat iLa DARS@Aag aSen
showed promising results in accur dthelsye ol adsi
explamrde address ctohmpepetéemifobdtdedaruahbl eélagaod o
| arsgeaal e wet | amayt gz p ibryg.adapti vely synthesizin

based on each class’sneatral anaeit wobkhictyasdi @éasel

overal/l accuracy of over 97 percent.

The integration of deep |l earning has advan
wet lcanags segemonstrating its capabil i Mghdisamp airsie
et al . BuWwi20di n2g6)on t-Mats darecdhfntadwotgsyr,®)den used I

numbesrt uadfi es si nbcyRonnebemgem,t i ®Binshero,riagndaBr ox
paper, the aulNédbras daevteodolpedot cel | segment at.
Since;Nethdad been wutilized for a multitude of

salt macesast@asd ohlgi )etl exlr.oaziks2 {Zhang, Lip49and
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detecandglides

cell detection and cel
Mi ao ,20M22e devel opment
to task specif i-Ne ta rhcahsi

compl ex datasets.

(MeB2@Uett exlti ng0d2forest)ydt i on

| )6, eeaxmindr rabtaudi til irdg nn g(sF a(l Vka negt
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2.5 Gap I n Literature
The introduction of Al in environment al st

cl assidngthatwisonpr o mi sree s enacaadmnednsdaipt gacmdiot o r

wet lsawdr. tTimes i s a c¢r

have been significant

for several

wetlcanads siifn ckhaGvuarin' e nt |

refl ect the characteri
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characteristics and Huaewadi s i0fs Heaswdiaiteerd westllaanrdd

terrain, and geography, and microclimates <cr e.
those found on the continental United States,
Addr essing ttuhdiys ignatpr,o dtuhciess sa novel approach to
| everaging deep |l earning techniqgues.
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CHAPTER 3. METHODOLOGY

I n this study, three experiments were desi |
|l earning model’s ability to cl|l asxsitddjfosbkbeeh cl
cl assex Earcihment contains a diss$i acfit sRllaatnaeste tL a bx

l mageryt al@knao fi mage omer yyeaar, ftovro yEacl,danas &th

also contains a dhgttwdiyl | elpewatiideen imsdeaglht s i nt
perfor mance, including its |l earning progressi
dafTdai s approach allows for a rigorous examina
machine | earning models and assessing their p

3.1 Study Area

The study area for thlisl amdssi SFiigurset3)i.n L«

approximately 2,300 miles from any neighborin

Eart h, fostering a unique ecosystem that suppc
of interest (AOls) selected fOmrnitthh sl aogisecalr c 81
Hawaiian(Wo®ttlrgndd n Shallenberger’s survey, o0V
(Kaua’ i, O ahu, Mol oka’ i, Maui , and Hawai ' i)

species across these sites; 2) asstadasomhe con
wetland bird popul ations; 4) and consolidate

12) . Three wetlands from Shallenberger survey

Kawai nurie, 4)F.i gu
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=== Hawaiian Islands

0 25 50 mi

$Mauil

Fig3ireMap of the Hawaiian I slands.

FigaareMap of the O ahu and three areas of interest:
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This study focuses on coastal wetlandsing a geographic information system (GIS),

specifically the QGIS software, polygons were drawn to create three AOls: Haleiwa, Kahuku,

and Kawainui Marsh (Figurs).

Fighre) Haleiwa AOlI boundary; b) Kahuku AOl boundary; c¢) Kaw

Hal ei wa | owl ands, | ocated in the Wahel ua di
| ocal ecosystem. This area features a mix of
net work of streams and rivers. This region is

the third | argest on O ahuw,o ifncell di,ngwhhicsht dhraiv

overtaken by invasive vegetation since the 19

Numerous wetl ands on O’pbheli National WilifelRéfuge g t h e
(NWR), have been granted various forms of protective statuses. Located in the Kahuku
ahupua’ a, on the north shore was once a vast
runoff, and groundwater (Shallenberger 19223. This site is surrounded by land formerly
cultivated with sugarcane. The Kahuku Plantation Company initially relied on pumped spring
water, stream water, and rain to irrigate the sugarcane, ustits insufficient, then it relied on
artesian wells (Sinoto and Nakamura 1981 The plantation was in operation from around 1889
to 1971 (Sinoto and Nakamura 1980). In 1977 the Capbell National Wildlife Refuge was

established to provide a habitat for endangered Hawaiian waterbirds (Sinoto and Nakamura
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198,10 . The area has undergone significant alte
predominantly aquaculture ponds.

The Kawainui Marsh Wildlife Sanctuary, located in Kailua on the windward side of
O ahu, is the | ar gest( WaenmaR ene sn ga nwle TiRkestedd 2i0nl 4H a
covers over 330 hectares and is sustained by stream runoff (Henry 2006). Historically, this site
included a large fishpond, however, the construction of a flood control levee has disrupted its

natural hydrology (Henry 2006). This has led to asieamount of vegetation cover.

3.2 Wetl ands

Six types of wet |“antdisé rnsd wmmep raidsde tti loe ad | a s
established Ffignurt@hthiéyy «triedy 1) pond; 2) emergen
shrub wetland; 5) forestoellemwetPamds &r) e ophlear aw
water within wetl-bndlst opehudabhgr ppoposesuch
ponBmer gent wetl ands a€rle veHh arvaecgteetraitzieodn btiyh agr om
appearance .pqaatattbedyeare -cbhaebhcvegertadi by
floating mats that may take over open water w
by sdianrhdebi ght vegetation (less than 6m) that m
wdtandForested wetl ands ar e chheairgahctt ewv e getda thiyo na
than 6m). Open water is characterized by wate
open water areas 8Quchhe sasc hlaarkaecst ean & ealc ehagnt.any t
explicitly described asiomé uadf nghe ofaidr, stdewviex o

forest, agriculture, et c.

Theswetlixlnadssaefwadd v albd/permanual phodfo inte

Pl anet L afbosr ienaacghe ryear of data in the study. T
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faicoe or infrariendt eaipted@matwmagui sh col or and t
Several ref er andehdemadteevreil aol psmeanlt s ool fn ctl huedsi en gs itxh ec
Nati onal Wetdaatnads eltn v ednitgoirtfyDIEMg¢ldégatiadbncmadels h
( CHM) hriegsho INuattiioommal Agr iPc wlgf AR P gfeargggm y2 @hd

Google Earth Satellite imagery.

Pond [ Emergent Wetland - Aquatic Bed [l Shrub Wetland - Forested Wetland [l Open Water - Other

Figéetre) | mage dat a: USDA NAI P for h2@23)yeshh) uKawai compdarsab
| abel dataset.

3.3 Data Collection

3.3.1 I magery Datasets

This study uses atmospherically corrected
mat c htelde t eoxetaecmt| Addfiggeas! i pped to each AOI’'s shap
foerach year; idegdrdisirgdygn the cloud cover dete
downl oaded The emape API wasb6talldwed eddotrm |i eag etsl

are composites of two Tablyleed afiiilnsegiehtielreocnt etdh ef osr
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each AOlI . All images are-i hbvaredndshaveda or &

3meter s, and were downFiogure®lsadme Jaholeyi &g e 21
. Clear
Area of Interest Image Date Image Composite Metadata
Percent

20180112 202936 1005 metadat

Halewa 2018 | 201801-12 | 51160112 202935 1005 _metadat 98
. 20190111 204225 _0f28_metadat

Halewa2019 | 20190111 | 55190111 204224 028 metadat| ~ -°°

lea2000 | 20200101 | 20200121 193157 1053 metadatl

20200121 193156 _1053_metadat
Kahuku 2018 | 20180219 | 20180219 203101 1008 metadat 99
Kahuku2019 20190315 | 20190315 213928 17 1062_metad 99
Kahuku2020 20200122 | 20200122 192857 1_0f3c_metads 100
20180126_211742_0f49_metadat

Kawainui Marsh

2018 201801-26 20180126 211743 0f49 metadat 94
20180126 202912 1011 metadat
Kawainui Marsh 20190125 203942 1029 metadat
2019 201901-25 20190125 203943 1029 metadat 98
Kawainui Marsh 20200124 204501 _100a_metadat
2020 202001-24 20200124 204500 100a_metadat 9
Tabll e Pl anet i magery specification for each year
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Hal ei wa 2018;

Figare) Kawainui Marsh 2018; b) Kawainui Marsh 20

Kahuku 2018;
Kahuku 2020.




In addition to themagery,elevation datavas gathered o r  Orheadlyital elevation

model (DEM), a product of the United States Geological Survey, 3D Elevation Program (3DEP),
was incorporated as an additional band to the imagery dataset. The DEM haeted0

resolution and was obtained using Google Earth Enbinelippingto the extent of a polygon

f or (Oheaelevation data adds a spatial dimension to the imagery data. Incorporating an
elevation model into the training data helps in understanding the terrain of the AOI which can

influence the distributionfonvetlands.

3.3.2 Label Dat aset
Six wetland cohawvealusdads @aintpehiiogt o | ntodr pr et a
Pl anet L aabnsd iamadgeedr iymygy wetl and cl asses suppliec

Il nventodupt@BAtphot o i nterpr etiama gens ufsoah genagchhe A

with “Classification of Wetlands and Deepwat e

characteristics was conducted ( FeZidetadi | Ge otghrea

number of polygons per <cl ass.
Label Hal eiv Kahukt Kawain Tot al p €
Ponds 4 3 247 6 4 354
Emer gent 92 70 11 173
Agquatic 2 0 20 22
Shrub wet 9 20 10 39
Forested 4 4 4 12
Open wat 19 22 8 49
Tot al pe 169 363 117
Tab2 e Number of polygons per class and per area
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Manually defining the | abel dat asteudyi.s a ¢

Sever al f a
deep | earn
were given
conducted
wetl and cl
when devel
unbal anced
are more p
combined a

the | abel

3.4 Dat a

ctors were considered when deter min|
isug hmadelt he reported aCocrusriadceyr aatnido nts
to the NWAHadagadladatmndarihe t N@GAAI C¢g
wi t hd atthdeoaste;vy gii natt heNWdat aset was deve
asses were either missed or under c
oping mMmMaetuidd 51 ablet B e sTeh ewd talbaersd dcalt aass:
, ememoi @egoft heme @drmactshdearhkan Aheteheugh:
onds than any other <c¢l ass, the area
rea of t heorposrd dcdwadstal .al nddasnty er sl s e

dat aset. This reflects the reality

Processing

3.4.1 Data Tiling

To prepanget hedat as eftora nma clha bheelr Hd deaatir tinsi entge
processed into small, standardizpRr ograemi nGi v
|l angwageupedcéeé®vs the data i nto gA irdadsetdert iflielse ¢

containing

the wmageéiomtdBRdoriogaam. APBbr each yea

the imagery for each AOI is combinedusedota Vv

handl e dis
all ows for
2018, 2019
raster fil

containing

par atrneuldtaga@iebyocambi nghg composite
these three differentwasreastedof be
, and 2020, each containingAimagery
e containing an ¢lhev gptrAoaEreanmRoadcekl a gfeo r

the boundary extents of each AOI i
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vecftiolre format used Tthoe sGeoo Ra cgkeaogsed aftiel aerhiedsa tlao. a
extents a@afndeaxoclaAa@l a grid for tilAmat htehre | mag
GeoPackaget tonpgahthgmams pati al i nfotmat poongi aml e

a data tiamd leydlemdmnsh representing the | abel s an

Finalalsyt,era fri | eCacaxttali nChmgnger ELCPAgPl gisds Prog
| oaded into the pr o-GARMfS tMrdited tgplswr pppolsye goef o st phaet i Ga
i nformation to generate the seventhabetheg” c
every pixel diegprmneanae ngartyo fleerarn spathilselwrfieateunr
in the program to take two inputs, tAPmanual
| abel dat aset, and output one | abel dataset f
of the two input fielTehse a‘nodt htehre” ucnliafs $eediy®orugt pcuotn
all the other |l and covertbkasseésSswanthomadt heéeui

”

alalr mssi gned the “other class | abel to aid th

of the six wetland cl asses.

Polygon Input Layers

l:l Pond

] Emergent Wetland
- Aquatic Bed

B shrub Wetland
- Forested Wetland

- Open Water
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C-CAP Input Layers

Impervious
Grassland
- Evergreen Forest
I scrub Shrub
B Estuarine Forested Wetlands
I Estuarine Emergent Wetlands

Il Open Water

Unified Oputput Labels
Pond

I Emergent Wetland
B Aquatic Bed

B shrub Wetland
B Forested Wetland
- Open Water

- Other

Figu®eExamples of utnhdiiendputabddt adlaamd a) veCAP rdaGeadskeac ktaog ef ifl
“other” pixels not classified as wetlands, c¢c) wunifie

A gusidng the boundary of each AOIlI in the st
spati al data (vector GeoPackages, (Risgerefll)ye
The Planeneteat s piasther eweecoefii nent he grid size
to ensure each tile is exactly 128 x128 pixel
detection without | osing arnMfywvewt dialtea. fi heR pr
for each tilaemdwistOwendr Misee grGa@o Tl FFs contain tF
(2018, 2019, 2020), one GeoTlFF contains the

el evation dataset.
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Figutelnitial grid of tiles for each AOl, totaling 803: a)

tiles. Google I magery.

A total of 803 tiles were generated from t
of each AOI. However, (RegexeedaRggopé¢ whe avel ¢
Therefore, awasl|l eottidumtagn oove sdsawr etsh e hsape cwiiflilc
for ntgr aidneig ar ni ngAmodsetal i nspection of the ti

substanti al proportion of ¢haEsmeg.ltyi Imomdeweresmpi
demonstrated confuswtepresentattitbns dleass ng aws

included ODher " 87#eewmh thassraining dataset. Fro

tiles (EmMgunedl3d)

Pond [ Emergent Wetland - Aquatic Bed [l Shrub Wetland - Forested Wetland [l Open Water - Other

Figu2eWetl and | abel dat aset for each AOI . a) Haleiwa; b) Kaht
2022023) .

A critical step in machine learning and deep learning is a training and testinglsplit
is the process of randomly assigning data a training dataset and a testing dataset to training

the model to predict features form the input d&aaddition to splitting the data a portion of the
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data is reserved to conduct an accuracy assessment. Of the 150 tiles, 10 percent, or 15 tiles were
separated and stored as a holdoutsgerform an accuracy assessmédie remaining 90

percent, or 135 tiles of the training dataset were randomly split using a 70/20 split, for training

and testingThe training dataset contains 105 tiles, and the testing dataset contains 30 tiles.
These 105 tiles wer e as sprograrenthg emvirdinmaimehsum st at e

the same 105/30 tiles are assigned training/testing for each experiment.

Figub3eSelected tiles for training the dee
Kawai nui Mar sh selected tiles (662

p learning model a
028magery dat a: Uus

3.4.2 I mage Stacking

Once the data was clipped into standard si
data is the ipmeageersys hodansHse dti aGgg dhlel FF  ffiilres.t For
experiment involves one year of data, which i
to credtaenda sftiavwcedk. For the second experiment,
along with one el evatbviaond Bamdtkkhe eshiitdngxpear ial
stacked three years of iIimagery data -mdamdcdg wit

st alcakb.l e 3 details the experimental set up for

45



Band 1 2 3 4 5 6 7 8 9 10 11 12
Spect |Re|Bl (Gre|[NI|Re|[BIl UGr e NI |Re|Bl (Gr e[NI I
Band 13
Type Digital el evation mode
Experifi One year o
One el evatio
Experi Two years of dat a
Two
Experl Three ears of dat a | us
Thr e¢ y P
Tab* el magery set up fionmgeaygh banpler iamalntonef @ellevation
i magery bands and one elevation band establish
experiment three.
3.5 Modeling

bands

Three experiments were designed fadeling. The only variable that changed between

the experiments was tlgput imagery data. Thdeep learningnodel is built in Python

programming language using Keras framework with a TenserFlow backend, allowing for easy

customization and scalabilityA

pixel of

a

n

i mage

nt o

st anMatr dwds

configured for

t

experi ment w

his

0 N e adaptabke tovakerinvarioust i nct

input channels to account for medfpectral image analysis. The encoder path takes in an image

in its clipped input size, 384 x 33#ith a variable number of channels, 5, 9, or 13, depending on

how many years of data is in the input image. This layer is followed by a series of convolutional

layers and batch normalization operations, which serve to refine the feature maps while

maintan i n g

activat.

dat a

on

and

] h e

integrity.

nor mal

Each

kernel

convol

uti o

nit.

overfitting. After each pair of convolutional layers, a dropout of 19%pplied to prevent

overfitting, followed by a maypooling operation with a 2x2 window to reduce the spatial

n

al

dimensions. The bottom of theNet conducts additional convolutions without reducing the
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spatial dimension, capturing the most highel features of the input data. In the decoding path,
transposed convolutions upsample the feature map. These maps are concatenated with the
corresponding feature maps from the encoding path (skip connecfibesg skip connections

supply the decoding path with context information to make accurate predictions. This is followed

by similar blocks using batch normalization and dropout as in previous layers, before finalizing

the segment ati on layers.alxT torvoluhandhatimaps thé makaankl
feature map to the set number of <classes usin
probability distribution over the classes for
optimizerand uses crossehtregyo aisc & lh e Eashsnsodefranhioc500 o n .

epochs of training.
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CHAPTER 4. RESULTS

Evaluation metrics are employed to compareréseltsof eachexperiment To compare
the experimentdairly, eachis evaluatecby the samenetricsusingoverall accuracyand F1
score Overall accuracy is theumberof samples in the dataset that were correctly classified
divided by the total number of sampl€sverall accuracy is a common metric in reporting the
measure of accuracy within machine learning, but it is not the only metric worth exploring. The
overall accuracy is a weighted average of the sensitivity (how well it is at identifying true
positive casg, such as correctly classifying wetland land cover types) and its specificity (how
well it is at confirming true negative cases, such as correctly identifying when a wetland land
cover type is not present). The weights of these two are based on how ceashometland
land cover type appears in the dataker the results of this study, some classes are not very

common

I n addition tlhme overadododreaciemmpaomettlriicn t his
sckreeeps the balance between precision and rec
class d,jswhibbtisnespecially wuseful i n this st
wi t hi“oit teéhreass and some wetl|l amdecFassesrares!| eb
mean of the precision and®rreecaslilonof st lae melt as s
positive results divided byRecalal gos iktniowaen m@lsu
sensiitd vatmetric of true positive results divi
By employing the F1 score we can effectively

consitdbei ngmbal ance in class distribution.
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41Mo d el Compari son

The experimentshowgradual improving results, with ttwverall accuracy of experiment
onebeing56.57% increasing td0.46%in experiment two, andeaching6l.72%in experiment
three. Each experiment trained over 500 epdohlsing the training processxperiment one
exhibited a steady increase in accuraayil around epoch 150, where the training leveled out
(Figure 14). Experiment twadisplayed a continuous increaseaiccuracythrough the training
appearing to continue to increase as it reached tHe &@ch(Figure15). In experiment three,
theaccuracyincreasecontinuego steadily as it reached the 308poch with a slight plateau the

400" epoch (Figurel 6).

Experiment One: Accuracy by Epoch

1.0-

Accuracy

04-
0 100 200 300 400 500
epoch

Figl4eExperi ment one accuracy as it trained acro
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Experiment Two: Accuracy by Epoch

1.0-

o
@

Accuracy

o
>

04-
0 100 200 300 400 500
epoch

FigubseExperi ment two accuracy as it trained acro

Experiment Three: Accuracy by Epoch

08-

Accuracy

o
>

04-
0 100 200 300 400 500
epoch

FiguBeExperi ment three accuracy as it trained ac

Figure 17 and tablet comparehe accuracy of each class across all three experinients.
the first experiment the accuracies for each class vary significantly. Class pond and emergent
wetland show relatively low accuracies of 23.63% and 32.99% respectively. Aquatghibeol
wetland and forest wetland show extremely low accuracies, indicating high miss classification.
Open water shows moderate accuracy of 34.57% and“oldss’ shows the highest accuracy at
87.22%.

The second experiment shows changes and improvements in the accuracy as compared to

the first experiment. Pond and emergent wetlands show improvements in accuracy, while open

50



water actually show decreasssapproximately 3%n accuracy Aquatic bed, shrub wetland,
and forest wetland still show low accuracies; however, slight improvements are observed. Class
“othef maintained a consistently high accuracy in experiment two.

The third experiment further improved some classes. Pond had the highest accuracy
across all three experimentsiproving by 17% in accuracfEmergent wetland saw a minor

decrease from the experiment tw@uatic bed clasdecreased in accuraoyhereas shrub

wetland and forested wetland saw improvementsguracy Open wat er’ s accur a

experiment two’sS accur ac‘thef manainellthe gighéest i mpr ov e

accuracy 089.81% amongll the classes and saw an improvement over experiment one and

two.T h e ot hecdmwilmed gsowp of all di f,f estecnht dsat

grassl and, i mperviouBhildagas | diabgd, waasr @aeeasslar

the model understand what does not fal-allinto
| abel cl ass
Class Accuracies Across Experiments
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Cl ass

Experi men

Experi men

Experi men

Pond 0. 2363 0. 3876 0.4094
Emergent 0.3299 0.4230 0. 3872
Aquatic 0.0039 0.0113 0.0023
Shrub We 0.0029 0.0047 0.0255
Forested 0.0071 0.0476 0.0620
Open Wat 0.3457 0.3099 0.3180

Ot her 0.8722 0. 8722 0.8981

Tabd eClass accuracy across three experiments

Besides evaluating overall accuracy of each experiment, it is important to consider the F1
score of each class for each experiment. The F1 score is an important metric for evaluating
imbalanced classes, such as this wetland datagetre18 shows the F1 score across all three
experiments, followed by figure®, 20, 21 which show the F1 score for each experiment
independently. &nd and forested wetland saw the most improvement after each experiment.
Open water saw a slight decrease after experiment @heaimtained similar F&coresfor
experiment twand experiment three. Emergent wetlaagv an increase in F1 score from
experiment one to two but saw a decline in F1 score in experiment @ass: othef saw
consistenimprovement inF1 scores across the three experimehtgiatic bed struggled to see
any improvement across all three experiments. Shrub wetland saw no improvement from

experiment one to two but saw a slight improvement in experimers. thre
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F1 Score

F1 Scores by Class Across Experiments
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F1 Score

Experiment One: F1 Score by Class
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Experiment Two: F1 Score by Class
1.0
0.9
0.8
07 class
Pond
» 0.6 . Emergent Wetland
;?_; 08 . Aguatic Bed
2" B shrus wetiand
IR
04 . Forested VWetland
. Open Water
0.3 . Other
0.2
0.1
g e
Class: 1 Class: 2 Class: 3 Class: 4 Class: & Class: 6 Class: 7
Fig2®eExperiment two F1 Score by <cl ass.
Experiment Three: F1 Score by Class
1.0
0.9
0.8
07 class
Pond
» 0.6 . Emergent Wetland
;?_; 08 . Aguatic Bed
2" B shrus wetiand
IR
04 . Forested VWetland
. Open Water
0.3 . Other
0.2
0-1 -
00 I
Class: 1 Class: 2 Class: 3 Class: 4 Class: & Class: 6 Class: 7

FigateExperiment d¢hase. F1 Score by
42Accuracy Assessment
A field site visit surveywas conducted on April 21, 202Roints of interest were selected

using QGIS to evaluate thabels experiment one, experimenttwoon d ex per i ment t hr
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results by visiting each point and taking photos of the environirasie 5 describes the site

locations, point locations and the results from each experiment along with a visual inspection

comment Of the fifteen tiles withheld from traininghree were chosen to conduct a field site

survey These three tiles wedeterminedbased on ease of access to the physical site and

variation in the wetland classé@e first site is Kaelepulu Wetland Bird Preserve, located at

1460

at 100

Ki

ukee PI ,

Kapa’' a

Quarry

Kail ua.

Rd,

The

Kai |

second site i

ua. The thir

S

d

in Kailua. Table5 details the site location, the point location, the class assigned to the point, the

results from each experiment, as well as visual inspection notes fofralthsurvey.

Site Loc

Kael ep
Wetl ar
Bird
Preser

NO P@hz¢
Hauwah

Near U
Hei au
Hi stori

Poin Latitu Labe Experi
Locat Longi't Data Numbe
1
21.3747 Open 2
a 157.73 wate
1
b 21.3746 Emerg
-157. 730 wetl e 2
3
21.37514 1
c 157.73¢ Pond 2
3
1
21.39114 2
d 157.76 Fond
3
1
21.3877 2
© 157.75; rond
3
1
f 21.3879 Emerg 2
-157.75 wetl g
3

Tabd e Site

|l ocation
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Three points located #&taelepulu Wetland Bird Preserve were evaluated.|dibel data
at the first point (a) i s open water. Experim
identify this as open water. Experiments two and three identified this pdiotres” The next
point (b) is emergent wetland. This location was correctly identified in experiment one and
experiment two’s results. Experiment three st
labeled this point asother” The final point from this site location is pond (c). This point
location was correctly identified in experiment one and two. However, similarly to the previous
point location, experiment three was not able to correctly identify this point, and insteksdi lab
it as“other”

What is interesting abotihe Kaelepulu Wetland Bird Preserve field sitéhe images
used to train the mod#br this locationshowquite a bit of changes. The 2018 natural image and
false color infrared image show clear boundaries from where the open water surrounding the
emergent wetland exists. The pond located within the emergent wetland is a bit difficult to
distinguish to the ey, These three classes were all correctly identified in the first experiment.
Only two of the three points were correctly identified in the second experiment. In the third
experiment, none of these points were correctly identified. The natural imagelsndolar
infrared image from 2019 added to conduct experiment two also maintains clear boundaries of
open water surrounding emergent wetland and provides a bit more context to the model in color
variation within the emergent wetland. The pond is als¢ mbie distinguishable in the 2019
natural and false color infrared image, supplying more context to correctly predict the pond class.
In the third experiment the 2020 image added shows even greater color variations and the
boundary between open water ardergent wetland. In the false color infrared image, some

areas are brighter red than others. This shows variations in the vegetation. The 2020 natural
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image contains darker pixels within the scene, showing more open water class within the
emergent wetland; however, this was not depicted in the classification maps from experiment

three. In fact, open water was not identified at all in the results froeriengnt three.

Figa2ea) Kaelepulu Wetl and 1Bi3r7dl7®i3 65T ¥e2) open
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Figa3eb) Kaelepulu Wetland Bird Prlebs7er7v3e8:7 8a0nmer.gent wet

Fig24ec) Kaelepulu Wetland Bili5d . F3&226r3%wg:. pond (21.
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Figase(Left) 2018 Planet natur al color image. (Right) Fal se
Preserve.

Pond [ Emergent Wetland ]l Shrub Wetland I Forested Wetland P Open Water - Other

Figaee(Left) Ground truth | abels for site |ocation Kaelepulu
pond. (Right) Classification map from Experiment One f ol
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FigarTe(Left) 2019 Pl anetFanlasteurcadl ocroliomrf riawaegde .i nfaRgieg hftor si t e
Preserve.

Pond [ Emergent Wetland - Aquatic Bed [l Shrub Wetland - Forested Wetland [l Open Water - Other

Figa8e(Left) Ground truth | abels for site |l ocation Kaelepulu
pon(dRi ght) Classification map from Experi ment Two for si
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Figa9e(Left) 2020 Planet natural color image. (RiBgihtd Fal se
Preserve.

Pond [ Emergent Wetland [l Shrub Wetland I Forested Wetland [l Open Water [l Other

Figd®de(Left) Ground truth |l abels for site |location Kaelepulu
pond. (Right) Classification nkage Ifepoud utE xWeetrliammedn t Bi Trhdr ePRer ef

It is important to note the classes that are identified at this site location from experiment
three’'s results. The model struggled to find

of this area asother; emergent wetland, and some sections as forested wetland and shrub
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wetland. There are several areas identified as forested wetland, even though this was not depicted
in the ground truth data. A closer inspection shows how this may be correct as there were several
palm trees at the perimeter of the Kaelepulu Wetland Biedd?Pve (Figur&3). While the results

of experiment three showed the most variability in the imagery, its final result was less accurate
than the results of the first experiment with just one year of imagery Ebgtariment three

predicting these points incorrectlyonsistently areoppositeof theexpected results. The final

prediction map of experiment threkowsa much worse depiction of these classes than the

prediction map from experiment one.

Figlddte(Left) 2020 Planet natural color image. (Right) Fal se

Preserve highlighting the point classified
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' Emergent Wetland [l Shrub Wetland [} Forested Wetland Il oOther

Figa2e(Left) Ground truth | abels for site |l ocation Kaelepulu
pond. (Right) Classification map showing the point | oca

I
I

Ui

Fig33eKaelepulu Wetland Bird Preserve: forest-2887wéB8B8688) den

One point (d) was evaluated for the accuracy assessment from site Id¢@ionP 6 ha k u o
Hauwahine Multiple points were selected for evaluation, but visibility was impacted by the

terrain surrounding this site, therefore only one point was included in the accuracy assessment.
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This point has a ground truth class of pond, and all three experiments were able to predict this
class correctly. In the 2018 imagery it is slightly difficult to distinguish pond class from the
surrounding classes of forested wetland and emergent well@awling the false color infrared
image in addition to viewing the natural color composite helps our eyes distinguish the changes
in land cover. The diversity of pixels in each imagery dataset is more apparent in the false color
infrared image. In the in 12019 imagery is slightly more apparent, however the most diversity
in the pixels is represented in the 2020 imagery. In the 2020 imagery the pond class is easily
distinguishable from the forested wetland class to the right and the emergent wetlataltblass
left. Having the NIR band helps the model during training by vegetation. The NIR band reflects
healthy vegetation in various shades of red as opposed to green, enabling our eyes to see the
details of different land cover classes.

The results from experiment one was able
emergent wetland class to the left; however, it did not perform well in identifying the forested
wetland class to the right. Instead, it labeled a few of these remgastgub wetland. In
experiment two the pond was also correctly identified, however the prediction labeled one
section agother for a portion within the pond class. This could be due to the pixel values of the
imagery and instead of learning the pond class values appearing as it is in the 2019 imagery, it
learned more of theothet' class and determined these pixel values ttobleer” Finally, in the
third experiment the imagery shows a clear distinction between the pond and surrounding
classes. The predicted pond class from experiment three matches the general shape of the pond
class from the ground truth, although it is more expa@ndtor instance, a portion of the ground
truth is labeled as aquatic bed but the results of experiment three labeled the exterior areas of this

class as pond. This section shows pond surrounding emergent wetland as opposed to the ground
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truth where aquatic bed is the majority class. In experiment three aquatic bed was over classified

in the area that should have been classified as forested wetland.

Fig34eWide view of site | ocation Na Pohaku o Hauwahir

Figsfed) Na Pohaku o Hauwh®h7ne61®dé)d. (21.39145517
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Figasde(Left) 2018 Planet natur al color image. (Right) Fal se

Pond [ Emergent Wetland - Aquatic Bed [l Shrub Wetland - Forested Wetland - Other

Fig37e(Left) Ground truth | abels for site | ocation Na Podhak
Experi ment One for site |l ocation Na Pohaku o H



Figa8e(Left) 2019 Planet natur al color image. (Right) Fal se

it
.i i
=

Pond [ Emergent Wetland - Aquatic Bed [l Shrub Wetland - Forested Wetland [l Open Water - Other

Fig39%9e(Left) Ground truth | abels. fd) pdrndce. |(0Riaghto)r ®llaa PDihfaik
Experi ment Two for site |l ocation Na Pohaku o H
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Figade(Left) 2020 Planet natur al color image. (Right) Fal se

“ E
od Od
[ .

Pond [ Emergent Wetland [Jll Aquatic Bed [l Shrub Wetland [JJl] Forested Wetland [JJli] Other

Figate(Left) Ground truth | abels for site | ocation Na Podhak
Experi ment Three for site |l ocation Na Pohaku o

Two points were evaluated for the accuracy assessment from site lagatiom U | u p O
Heiau State Historic S#t Thelabel datdor point (e) is pond. Experiment one labeled this point

as open water. Experiment one’s classificati ol
Experiment two and three correctly labeled this point as pond. When evaluating the natural
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image and false color infrared image for this point location we can see this point is dark in both
images. This is true for all three years of image data. Point (e) reflects no vegetation in the color
infrared image, informing us that there is no vegetapieesent and does accurately reflect a
water body. I n the case of point (e), it’s no
this was open water as opposed to pond. This could be due to the points proximity to the
neighboring emergent wetland s$a In the classification map for experiment one this point is
labeled open water surrounded by labeled pond next to labeled emergent wetland. Looking at the
classification maps for experiment two and three, point (e) is labeled as pond. The neighboring
classes in the classification map from experiment two show the pond class isolated, surrounded
by “othef class and only a portion to the north that is labeled as emergent wetland. When
looking at the classification map for experiment three, this point is labeled pond; however, in
comparison to experiment two’s cleamosei fi cati on
emergent wetland class surrounding the pond class. Comparing the classification map of
experiment three to the ground truth map shows that the majority of the emergent wetland class
is correctly labeled but the pond class has a smaller footpantttie ground truth.

The final point (f) evaluated in the accuracy assessment is labeled as emergent wetland in
thelabel datanap, and each experiment was able to correctly classify this point. Experiment

two’s classification map shows emer g'ethed wet | a
class in areas that should have been classified as emergent wetland. Experiment three does a
better job than both experiment one and two in correctly classifying the majority of the emergent
wetland class in its classification map.

Experiment one under classified the forested wetland at this site location. This

classification map does not show any area of forested wetland whdabé¢lmata shows a large
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portion is forested wetland. Experiment two captured forested wetland in comparison to
experiment one; however, forested wetland is still largely under classified. Experiment three did
the best job in capturing areas where forested wetlands exist inageryimOverall, forested
wetlands are difficult to identify in the models resulting in several under classified areas in this
accuracy assessmefirested wetlands were challenging because their values re@dsent

similar values found in shrub wetl and or “ot h

Fig#a2ee): Near Ulupdo Heiau StalB7HYVYS2882C) Site: pond
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Fig4a3ef): Near Ulupo Heiau State Hi-$58rv528%788). emer gen
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Fig#uadge(left) 2018 Planet natur al color image. (Right) Fal se
Hi storic Site.

|

Pond [ Emergent Wetland ] Shrub Wetland [l Open Water ] Other

Figabe(Left) Ground truth | abels for site | ocation near Ulup
Classification map from Experi ment One for site | ocat]
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Figade(Left) 2019 Planet natur al color image. (Right) Fal se
Hi storic Site.

Pond [ Emergent Wetland [l Shrub Wetland I Forested Wetland [l Open Water [l Other

FigaTe(Left) Ground truth | abels for site |location near Ulup
Classification map from Experiment Two for site |l ocati
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Figa8e(Left) 2020 Planet natur al color image. (Right) Fal se
Hi storic Site.

Pond [ Emergent Wetland [l Shrub Wetland [JJl] Forested Wetland [l Open Water [Jl| Other

Figa9e(Left) Ground truth | abels for site | ocation near Ulup
Classification map from Experi ment Three for site | oca

Figurrg88598how each AOE i magkefsostueéeipash year |
di spadaypvyed with the ground truth | abels and th
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Figbhtde(Haf tt) wa 2 0(1Ni dd@uaeg)enrdy .t r ut h I(&Rb eglhst ) f &Ex palienemda. one classificatio

Fighte(Haf ) wa 20(1Mi dd@aeglenrdy t r ut h I(eRdeglhst )f Ex péalienemda. two classificatio
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Figh?2 e( Hafle) wa 2 0(2Mi d@aeglenrdy t r ut h [I( &R0 glhs )f &Ex pkealienewmda. t hree cl assificat]
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Figh3e( Kaht2kouL 8 | mager y. (Middle) Ground truth |l abels for Kahuku. (Rig
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Figbh4e( Kaht2koul9 | mager y. ( Mi ddIKea)h uGruo u ( Ritgrhut)h Elxgpbeelismefnar t wo cl assi fic

Fighbe(Kaht2k0Ok 0 | magery. (Middle) Ground truth | abel.s for Kahuku. (Rigl
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Fi gh6(eLef t) Kawai nui Marsh 2018 | magery. (Middle) Ground tp.uth | abels for

FigbhT(eLeft) Kawai nui (Mairdsdhl €20 1®&@r dumady etrryut h | abel s for Kawainui Mar s h. (Ri g
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Figh8(eLeft) Kawai nui Marsh 2020 | magery. (Middle) Ground mapth | abels for
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CHAPTER 5. DI SCUSSI ON

This study was conducted to investigate an experimental approach to wetland
identification based on imagery datasets with one year of data, two years of data, and three years
of data.This study set out to address how varying durations of remote sensing imagery impact
the accuracy of machine learning models in mapping different wetland types in the Hawaiian
Islands.Specifically, how does the classification map results of a training dataset with one year
of imagery compared to the classification map results of a training dataset with two years of
imagery, and further, how does the classification map of a trainingetatéth three years of
imagery compared to both one year and two y&aqgeriment one was established to see how

we l | a single year’'s data could classify mult
to double the temporal resolution to intigate whether more nuanced changes or trends in
wetland areas could be captured over a-ywar period. Experiment three was established by

combining three years of imagery data to offer the medejpth temporal analysis in our study.

Overall, xperiment one had the lowest accuracy, followed by an improvement of 3.89%
i n experiment two. Experiment three’s |improve
improvement in accuracy from experiment two to three is significantly less than the
improvementfrom experiment one to twdVhile statistically, the additional bands of imagery
information improved the classification accuracy of the seven classes, the maps tell a different
story.Further experiments could reveal if the decrease in accuracy between experiment two and
experiment three was anomalous or show a trend improvement ifdat@ésanalyzed.
Vi silanidi dy stinctions between classes varied a
NI'R band aided the model inldcsuidnggi shiendNI Re

recommended for future experiments because it
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because it enhances thdhmedels’ & raei Ifiotry atl d e
confirms earl neltudiesgawibthhv iNtishReb b @ b & pi@ss ttrhuem mo st
usef ul optical band in wetlawdrdateohi om bbhea
foregetation (Mahdavi et al . 2018b) .

The changes seen across these experiments
wetl and ecosystems themsatwiesit yp,0sfsli bd tyu atrii orres
or expansi o,n pds sviebgleyt aftri @m gr owt h L Ascsrunotnhger er
this is the case, the model shows variations
i nclude changes in theChandraisivdesn absy thhuemayne aarcst i
fluctuations in water lagwvells kedy dxxpamdilaur ncfe
composition of emergent wetlands, unddrtsdaorin:
possi bl e thataftfihesgghee calcacrugeass yarod experi ments i
over ti me, because the environment wil/l I nevi

This study was limited to evaluating three years of Planet imagery data as the basis for
the experiment. However, Planet imagery has been available from 2015 to today, suggesting a
potential for broader data analysis. It is possible the accpexcgntile would continue to rise if
the model was trained with four or five years of imagery data. What worked in this study is the

model’ s ability to pick up on details in accu
“other’ What didn’t work in the experi m&keyts was th
wetland features admergent wetlands and open water. Both classeslecreasedrl scorsas

more years of imagery data was included. This raises concern that these classes might not be

well represented in the datasets and should be further investigated to create a more robust

approach to wetland mapping.
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Further, it might be beneficial to investigate the reason behind the diminishing returns in

accuracy with additional years of imagery. Understanding this trend better could provide insights

into optimizing the amount of data used fortraining. ' s cr uci al to note tha
| earning models can analyze | arge amounts of
the data they are trained on. Therefore, the
role in ttbéeemmédrf agmance.

Conti ruuitrhge,r fresearch could be conducted to

For exampl e, extending research to compare th
machine | earning approaches such as mandom fo
avenue to explore. The comparison could provi
effective machine |l earning techniques for wet

course of actiowheneearindiereqpgrhcechdleriag ucempared

machine | earning anAntheeaest| fasstare ergvsatanth
bi nary acnoanbyisniisngbyal | t he twetcloanpd r @l-veeesgsddaanditt o g e
cl ass. T hmasy apprporvoiadcen hi gher overall accuracy r

t hceombipnxeé!| s that are wetland may supply a mor

mod el to train with.

This studydraws from research such as Van Rees and Reed (2014) which evaluated
wetland loss in the Hawaiian Islandsd called for further research to expand the inventory of
wetland data for the Hawaiian Isands. This study also drawsRrenz a e €2 0ellt 8 vah i. ¢ h
effectively applied deep Il earning for wetland
resefaowrhd deep | earning was more effective at

c | as s i This stady extemds the knowledge by applyingmearning techniques to a new

8 2



context: mapping different wetlands in the Hawaiian Islands. This is particularly relevant given

the unique geography and topography of the island and the challenges of traditional fieldwork.

It is important to address wetlands in the Hawaiian Islands because of their unique
environments i n c ot dirdctly somparable to wetlandsinthe nt i nent ad United
because of the steep topography, remote geogr
natur al envir®hmenisst,odtyt texei dbtess.t of the aut ho
analmuztgeimpor al iwma die ray cdiasttao m weotrl awedt |laanbde | da
cl assi fi caitiwxni nign dHeaewa ilf et a renni hnagn cteesc hanuirg wuensd e r s |
deéparni ngamodletlesct subtnhnei rdeenmadtss i fnr ove t hama
i magerigvalauati ng the mMadekcbseaacarampoandnt m e
understanding what the model det€bts wheapgaxmp:
i n the comparison of expepkemefotccuash lmygwiotnh tenep e
cl|l aFsosr. pheendF,1 tscore weni4ér olani 9 sp ernc & n tc atnd I m
suggesftosr tthhaet iprooadr pcol raastsi,n g mordt hyeeamosdedf sdat a

predictive accuracy

These findipngssabhaweas on wetland restoratio
highlighting the need for ongoing monitoring
c h a nngoets soungl gtelséd spot ent i al for its usefulness ac

ecosystheurts alpsroo ascutpipvoer tasnd responsiawe ngonhs emev a

resources when compared to traditional fieldw

Whesel ecting sites for the experiments | cft
experience some | evel of active managemarstedsu
water fl ow tamdr emdtvermenhabitat for birds. The ¢

8 3



arecaont rtiduttless changes i n thexiama ey e miTdrei tsh e

l magery selected for this thesis was chosen b

resolution and spatial resolution.
Traditional machine | earning approaches, I
approach than deep | earning fiosr btehdnasu ssepaice f i e

parameters t o evaluate.

51Vi sual prediction discussion
The inpeseddabatrain the Mmodet experiment w

i nstance mandeli mekh arTaheetl e mmst iicnsst ance of the rec

band, blue band, nearbaimdfsroacrieadt ebda nwdi,t ha ntdh ee | aesvs
everyEptkepixel from each band is | earned to
to pihxael r efud Whcata ncempviailcat ed the results from

experiment thodecwiasentlboé 1 mage bands from dif
in the handébepepdel frosn vimpuaki ngpresentati c
Thudsi,sproving the hypothesis for this thesis.

Introducing a second aitnwtasnde oonf aeach fleammat

modealbisl ity to gefdémarei zcea narbdke prad di catb.out i ntr ¢
of each band for experiment three. Training t
exampl e, means the model | earns tspexssmdi at e

reflectancldhesel ie®t gnad t halugdswfarver etnlgd hs avmd h i
el ectromagnetic spectrum, wer e cvaapltmeryge doeat tw
very different. Stacking the bands agesmuynes t h

dat arseett hae same as the pixels from the red ban

8 4



these bands to be hdimamest enactcioaud dwibteh dulee tloan
vegetation so water i s f reecd afnlceewivnag .u eTsh eo f motdhee
(two green bands, two bbaeddbanavs g dhainaltgdidve nn eva
| abel during training,ustéhde np rwehdeinc tt hvadat Ita nad sn etdr
need to meet the criteria of tthhee tolldaisisiensg. dat

refl ectance ®atyou ebse opfr etchiec tiemdlagon do not meet t

used to train the model ,endral it hiengnodel nelwedar
|l ess accurate visual representcatsieorf oof at he t hre
excemt evarn i on, because it remained the same f

Foaexpertimeeoe, there are three inB8yaamadéedsngf

another yeamedf elca matrgee dvitddfimersent from year to
complicating tbae t basgreackelal saatbhai tyt to predi
ma k e s trheef |peicxteakhicfef ewaelnuesmay be contributed to
The model trained in expaencmental ukseof| ¢dreed
bel onging to the provided | abel. Each red ban
i n part because these Fweat lignmsdsa n®rBel 8a mtniev ealrye am
emergent wetland, and i2s0 119a b etlheadd assa neeu cahr.e aT heex

vegetation by volunteewviorphbhiopemse.dars | abdl t da

-

emains the same, emergent wetl and, but the m
vegetation in the area f2r0olm® X ®I 8 eaancch tbhhaen da p elm
a specific signatureviegreta®d 8hhenagecygnd haedrle:
specific signature for the 2019 imagery that

signatures are | elhrned ¢wmebgemtssweti baed Iwalel
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to predict wetland classes on an image that r
domc’atptbwntdy t he signatures of vegetation and of¢
pi xel/ area as ceanegg eintt dwead amadt bmeet the crite

Due to time | imitations f cetacrhaienxtpaeirniende ntthe T
approach contri but eacrtoos stehitehmpeatxspu per f oe mhabel
specificall gachasd oany &zwtd'sst oan example of a 201

emer gentanwletilsandabel ed aTlhea ni retntea dyiemtti owe td fa ntdh

established for experiment two shows the pixe
wet llafnda di fferent | atboe | madt actha stehte w2a0sl 9g ei nmeargaetr eyc
|l abeled this pixel g3 ecpenthiwatt eevedhi mpraveed]l

experiment twosAtiBecamagetrlyerfe’osn 2018 edere th
emergent wetl anbdel iTehnas mnlthematchs nme tthee | abel dat a
not the correct dppfeaeht wattewn spgecnfi towetl an
Anot her queéesatpipeehnesmn st wdha2020 i magery introduce
pixel as open water? An additional example of
emergent wetland | abel. No w, 66% of this pixel
between opengwat ewetthaneémbor expgirxenlkentefthe etes
value20f20Othsmagaest|l yredsbofFesent e € ficeanu sneo rteh ec omopd
I's trainedhtreereeognidz é f eare nd mevragl elnet p enest sl icatnde d
points to why the visual results of experi men-
experiment one.
The classification map for experiment one shows better visual alignment with the classes

of the label dataset than experiment two and experiment three. Take the accuracy assessment

8 6



from Kaelepulu Wetland Bird Preserve for example; the map results from experiment one show
pond, emergent wetl and, open water and “ot her
label dataset. The results of experiment two show less pond, Essvaper and introduces

aquatic bed as a predicted class. Further, from experiment three, the results appear even worse,
where pond was not predicted, as well as very

predictions included an areaof foest wet | and where it wasn’t 1inc

5. Recommendati ons

I f || were to ghi Paekpamidmerst abknewi mng what
i ncreasing band depth does not provide better
ma k e . |l would 1) establish the input i magery
dat adewmdllt@p t each year of | nmaangder3y) tion cirnecarseea steh
of training dat a, either utssemdi dattao amtghmemtlan

wetl ands.

5. Zst ablishing training imagery differ

I nsteaamdcrefasi ng the band depth with differe

each year of imagery and train avhmddcelmadi mtan e
the intlubBeoal eExtpiean meéat avente woul d be the sa
because it is only one year of i magery data.

band i Bapgperyment three wouidb@dnhe i tmagiemegd dan atsle:
comparison could be drawn frlommayhebe eslull e st o f ¢
human I mpact, active manageirmamte,c uama dc li inmabcettiw
each of the i mage dastteast.ia<ltciweaadclyd whoyuplodt hneasiinst ati
same values at experiment one of this thesis
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train the model and the | abetli diaidaa i Byinmds cms
my second recommendati on: make custom | abels

Another method sobutdwaxlpltriee wortihiconsi der.
i mpacts such as fluctuations on water | evel,

(MayOctober) and dNoe efmdgmrtThhep . wnordtedr s(thoul d mai n

band I mage stack, but the i magereys woofultdh eb ew eetxl
color, texture, and reflectance values for th
seasons, you could acteurt tbatthgpchahbgsocno
periods. One could also conduct a study to de
cl asses, bet ween the summer months (less rain:
(more rainf.all/ more water)
5. Zuxstomized | abels for each year in t
The | abel daitmstehr easemod®! £rin this thesis
wemgenebygt ed ad aah i wgar of the iIimagery from Pl a

i n nohdeealb’isl i ty t o pmetdilctone tsidmogelse npoedar exactl
datasets should be used so that each is custo
Having a | abel dataset that accurately reflec:
critical to the mddeln'gs apd etbiet hiataed i acaubaty.of
of multiple years of imagery shouldrmaonilmg ap
because the amalgamated | abel dataset does no
activity and climate faciTomedehadatasethespldys

cre@owedusion in the results off axperitmemtk &t WwWe
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dataset contributed to the | ow accuracy resul

customized to ohl pyethev2018eci nvgemny l accuracy

I think the “other” | abel fbadetltéd kkplkesme
because the | abel data for “other” contained
The “other” cl asd andmstcmdgptersae aeé X p lpihgistilcyal part ¢
wetl and classes. As such, these physical l and

cropkamalch of these | andscapes havdédadidf f eafhemt

mo d e | I's trainedditbhteamahuebl aatl théesel them a
the predictability of this category is able t
values that alighetbother™othass rCcmpseved acc
to two, to three because it benefited from th
| andscapes it contained/covered. I n experi men:
forad poxel, l et’s say. ex aemppesi mMemt edwd, bian
road pixel. I n experiment three, the model wa
road pixel. This reinforces the models | earni |
The “other” c¢class had an advandt dage the mewut ma
dataset for a few reasons. First, many of the

especiallyeanmebpathtbkresis evaluated. The add!
209 and 2020 imagesefwmatl hbmrneéel sctance values,
i's consistent. Secondly, road pixels next to
i nherent pixel diversityliwibhah bhedsSoaher add

model |, it doesn’t | ead to clhref weitdrandi tcl lasasds
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more dwveéehsithy introduction of imagery bands,
class where it should have .predicted one of t
What hurt the wetland cl asses, aheclopnecd utsh eon
that change experienced in the wetland cl asse
the method used to to&ainetbgkeboonded. pTkhkel dvabuou
supportoeddelt'lse abi | ity to | earn and predict diyv
experiment, the introduction of i magery bands
shoul ceahamwea lande pafedtihcead edi xo nweit$ acdnclhassesn i
accuracy assessment skt es(er ivkiEJaT éeep upl rue dWecttliaonnd r
from expehdlsestshemhecl ass than the predhetion
i nbanmnd di gtddresti mgd e | predicting the pixels as

wetl,apdnd, or |opkeend avheetsehra ® @ |
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Pond [ Emergent Wetland [l Shrub Wetland - Forested Wetland [l Open Water - Other

Fi gb9Eex ampl e of how “other” class was over predicted -with the
color infrared Planet Labs i mage: a) 2018; b) 2019; c) 2020
experiwmenig)texperiment three.
5.2.3 Merge wetland | abels
| n adtda tawer al | i mprovements to the | abel C

wetland classes andbmérsge nt lm€ossonxl!l o ed dcrd saabl si edsa. t

and open water; emergent and aquatic bed; shr
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simplified in this manner because the charact
values that they may servé&otrtoinsaiamcéehepmodeh

have very si mil ama gceorlyo r@ haengd btoetxht tuahpep eianve dd a gk e &

blue, and NIR bands have similar spectral ref
would provide the model with a broadernexampl
For instance, atshpsomawre | iars sFiwg urhe n59 he emer gen

reclassified as open water to provide the mod
of water are andglperr halpas irfoiva atiinggn aaddur acy f

Emergent wetland and aquatic bed could be
spectral reflectance valweBothh vweseclmapEdsta udat e
bed are characterized by vegetation, |l ow to t
Il magery, whereas their vegetation compArmrsition
examphesotah Fhegugeavirre t he a@uateimavrelg@ datnids wii
and their color and texture coulHtl béeasasasttobbut

encompasisyiand JVegetation within a known wetl ar
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e 7

Pond [ Emergent Wetland - Aquatic Bed [l Shrub Wetland - Forested Wetland - Other

FigtiOEex ampl eewmér owt wegulaand &@ed have similar Fkodwer aindf rtaexead
Pl anet Labs i mage: a) 2018; b) 2019; c¢) 2020. d) tLvadelg)dat as
experiment three

Fi nadmlyi nicng shrub wetland and forested we
too have similarities i nrefelremtst aonfc ec oM alry e st.e x$i
“other” c¢class contains pixels of roads next t

to include a diver stihtep d eafb’ig ii X g1 st oc cawlcau riamperl oyv
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cl asses. I believe this would be the case bec

accuracy than the wetland classes broken out

5.ad2n&Lreasing the amount of training de

One common technique to increase training
the same data but in a different configurati ol
Datagment at i ond endaess en oetk pienrcilment s . I did not e
within this thesis because | assumed the orig
model . You could double or trilpbelthidhatamdast t .

would also need to be augmenttea ttroaimattcthe trhaed e
each experiment. Having mor eNetr amond enlg fdraat nae wfoor
provides different anld tnoo rlee aerxna nfprloens. f or t he

A secondi mpreadfne tbohe amoawlitd obfe ttocaodh @man d a i
known coastal wetland areas. This thesis focu
experiment, however, having more diversity of
increased number of exampl earn hfatrom,r emak ifrgriet

rovbw to new dat a.

5.C8hall enges

Classifying wetlands is an ongoing chall en:
study as more and mor e naritnafgiec isael g Tiernnts eals i iogley ntca
was not wi t h oWhilethede<slasses raprebeatragtil slata, there are several

areas wheréhese models fell short.

One chahtengéeered in this study was the de

National WetNWhd datvenetorysdd to @ROOSr atna t hes
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l i mited the ability to make def i mwihtiilwee uwéenlgan
Il magery #2020 .20UI8t i matel vy, the | abel dataset i

six wetland categories of wetl| anads afddurnd owi, t h

amount of | ableilmidtaetda tgheeneamawendt of data that ¢
there been more time to extend the | abel dat a
and i magery datatedutd tBraimcoheomodel

Another challenge is ensuring the model s

compl.exSitnyce the only variable to change was t

dat a, the model architectur e remained the sam

Despite the overathccuracy improvements froexperiment one,ottwo, to threethe
model consistently faced challenges in accurately identifying rare classes, such as aquatic bed.
One reason could be because it contains small geographic space, and the model was unable to
pick up on this class’s edges afihtsuggesdsthate!| at i o
challenges associated with these classes might require specific adjustments, such as inputting
more data that includ@ore examples adquatic bed to account for the imbalanced nature of the
training dataThe shrub wetland struggled toshew gni fi cant | mprovement g
e X p e r ilmeporatérg more training data for these classes or utilizing other machine
learning techniques designed to handle class imbalance are options to explore in future research
to address this challenge.

In the same vein, the model faced challenges ofoMera s si f yi ng ot her” ¢
bands of data were added to the input imaderg.s pi t e the intuition that
accuracy, we see that in some clas®si fmoaat idoan.a

over classification of the “other?” class obse
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mo d e | struggled with the increase in pixel vV a
values across different classes. The model ma
number of pixellsabanse chaneye ash ¢ hat x awestullatned c | a s
classiftilkationherf” cl ass because there are so
trained it, confusing the model and predictin
t hr ee nhoasd tphiexne | yveatr itahtiiso experi ment produced
accuracy assessHKeealte paul us i Weet |laonddh t Bsiorhdi gPhrl el sgehrtvse
challenge in environment al model ing: i ncrease.:

model
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CHAPTER 6. CONCLUSI ON

This study has evaluated wetland cl assifi c:
wetl and |addelv ed atga nggt remote sensing satellite
technlitguedstphneriempacts ofhvgbgohgtdomaPianedbf L a
on t he adedug aromodedl s’ malpielvdeinly f @dlroesng e s, six of t
wetl ands he HawaiTihamulgshl aandsst ructured experi men
compared the model s cl assi fi c asttiaodnknaaeprsy adcartoa

one year, two year s, and three years.

I't was fbued gthaadkemdpéry data returned the

accuracy. sTtwaod kyeedpe rsy odata returned | ower over e
and one year of imagery rdEsunfgétdbkebeel twemeas
each falpabsss f orested wetl and, and “other” retur
year of imagery tottiwaeefypeaadstbéati magegynear
the visible bands (red, green, bl ue) aided th

i dentifyingf twegogt atsheaskieet hi n wet | d md aedadd 4y 0tne |

el evationi altiembetdhewarsodel i ng to address the va
model’'s ability t&iptddisctewgibahd prasseded v
mo d e | predicted the wedll aasndi fciacl astsiesns Ther po wret
particularly in open Siaetienrg atnhde pcohnadn geen viinr ocnl naes

from pond to open wateencocbhhagsbBownthae whkel a
such as clearing to create more opeéelowwaeer Hfas

the model iI's established with stacks of i mage
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activity
wetl and

Thi s
to predi
addi tion
identi fy
assumptii
addi tion

accuracy

six wet|l
pi xel co

The r
not i mpr

red, bl u
resul ts.
band EkEkbk
mi sl eadi
accurate

because

Cl ass

met hods

weht d mgnaeld htehepi xel variations affected

cl asses.

study evolved from the assumption tha

ct wetl anhi gd @essusreasc yw oaunl dd preersfud rt mainnc e .

al year of imagery woul d purroavtiedey mor e
edges, l i nes, shapes, and areas of s
on was proven to be inaccurate and re
al Il magery braghedls. oTih ed a“toat huesre’d ctloa stsr ama

for Thacsh |explesr imeentoon $ el adastuimpg i 6het

er in the ot her class as one ¢l ass

ause there were multiple .thWdesasfthan

anred scelpaasrsaetse dwerut , therefore | imiting
mbinations in order to predict well

esults of this study indicate that ad
ove the model’'s ability to generalize
e, g rfereamm aa nddi fNFleR ebnatndy ear of i magery
These i mpacts are also present in th
eriment three. The overal/l accuracy w

ng becausoef tthha svinsoudaell "rse spuletdi cti ons s

|l y should be. The ovexpetiamenfi tawbi am
the introduction of more bands of | ma:
I fying wetlands is an ongoing chall en:

i ncluding Uxirng eienpa dee aca InAmigs fasltcgaodryi o rfh m
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i ncorporated a custom wetland classification

I magweirtye c enti mtertelnadnsd cl assi fication with deep

This study demonstrated the potenti al for
may be usedon®ernhtaimahre csht awedtuelwd Eer more direct
focused monitoring and mahleg egnenndy od o mtertil bauntde s
understandnocgogrpbraowng more bands a«afani mampercy
deéparning models useduitmrenveseameht aslhost ddif
the accuracy of the wetl amhelsfavessemehdatibes H

prow da amework for future research in this ar

1.Set up each model with just one year of i
a.To evaluate changes within the wetland
wi bhe sinfgliemygganry.o This approach is b
yeagear changes because only one band
el evation areodsédatooneaismnghe point
2.Createtaukotoped | abel data for each year c
a.Thetrategy to create the | abel dat aset
one single point ofestdkPlresbetbBbobabdel

model s training. The approach explore
year sntod @foireference and doesi nohgpmao
mo d e | in identifying wetland categorie

3.Consolidate wetland ctaker canegoexesr & aspe

enhance prediction accuracy.
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a .
4.1 nc

a
5.Con

a

The cuatbored | abel dataset should be
be determined based on the color and t
Catriges such as open water should be o
dark in color and flat in texture to a

Vegetation encompassing kenowhmolvee tclaagd redy

Whil e vegetation may appear spectrally
vegetation it is, only thercaolhem and t
determining a category to include as e

rease the a@amunt of training d

.More data is necessary to perform deep
deals with millions of parameters. The
resumo gpeair ma mev eirfsabl ehe model to | earn
modedupsét mits how many par.amenemreaadihreg
the amount of iIimagery and | abel dat a i
| earning model more robust teslearning

duct field surveys to evaluate the mod

A field survey should be conducted to

predictions. This would indicate how w
worl d data that can be validated with
I n additinome,ndietd itshartreco field survey gi
creating | abels for each year in the s

guide the | abels employed in this stud
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ability to fudgl daheagpoowvidama&yg edant ac o mp

whi c hl3wla%ears newer.

This study did not examine different deep
hi ne all gamrnitmgns. Exploring the impacts of s

hine $§earnhmg such as random forest could

Il d be achieved, thus concluding that stack
e years of imagery.
The knowl edge, dmed,f raonmd caccrcdiu atciyngg atir adi t i

veys cannot be replaced byTheéiwsniogue niyn siygh

ined from field surveys provide a critical

gained through modeRatnhge ra,ndt hper eadd vca n megmewnetts

el sBhgehdebe used as a supplemental -tool f o

i nting changes in wetkandsddthesmbhe abauwnga

ect Tekeksouktiemate goabnmenfalrudadnediegsensg to
hnol ogi cal advances to augment existing me

ironments.
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from google.colab import drive

drive. mount (' /content/drive')

pip instald/l rasterio

from keras. models import Model

from keras.impers | nput, Conv2D, MaxPool ing2D, UpSampl i
concatenate, Conv2DTranspose, BatchNormalizati on, Dropo
from keras.utils import normalize

i mport os

i mport gl ob

i mport cv2

i mport numpy as np

from matplotlib import pyplot as plt

i mport rasterio

from sklearn. model _selection import train_test_split

i mport shuti/l

from tensorflow. keras.utils import Sequence, to_categor
from tensorflow. keras import | osses

from tensorfl ow. keras import metrics

from tensorfl ow. keras import optimizers

from tensorfl ow. keras. |l ayers import BatchNormalizati on
from tensorfl ow. keras.optimizers import Adam

from tensorfl ow. keras.callbacks import Call back

i mport tensorflow as tf

from tensorfl ow. keras. models import | oad_model

# Assign image and | abel wvariables

X _training_01 =

sorted(glob.glob(f"/ content/drive/ MyDrive/ datal/i mages/ Xx
o/ *.tif"))

X _training_02 =

sorted(gl obf."g/lmdbnt ent/ drive/ MyDrive/ data/images/ x_train
o/ *.tif"))

X _training_03 =
sorted(glob.glob(f"/ content/drive/ MyDrive/data/images/ X
o/ *.tif"))

y _training =
sorted(glob.glob(f"/ content/drive/ MyDrivel/datal/labels/y
# Split into training and t#®®t{ nagi2d®attaessett)s (

X _train_01, x_test_ 01, y _ train, y_ test = train_test _spl
y training, test_size=0.22, random_state=9)

X _train_02, x_test_02, y_ _train, y_ test = train_test_spl
y training, test_size=0.22, random_state=9)

Xx _train_03, x_test_ 03, y_train, y_ _test = train_test_spl
y training, test_size=0.22, random_state=9)

# Downl oad the training and testing dataset to | ocal | o
# Load the training | abels

destination = "/content/y _ train'

os. makedirs(destination, exist_ok=True)

for file in y_train:

dest _file = os.path.join(destination, os.path. basename(
shut il copy (file, dest _fil e)
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band _five = src.read(5)
band_five = band_five.astype(float) /[/band_five. max/(
band_five = np.expand_di msé¢b)dand_fi ve, axis=
combined_i mage = np.concatenate([i mdge, band_five],
return combined_i mage
# Define data | oader for two years of i mages
def read_nine_band_image(file_path):
with rasterio.open(file_path) as src:
bands = [src.read(i) for i in range (1, 9)]
i mage = np.stack(b-dnpds magxi s=i mage. astype(float)
max_value = image.max(axis=(0, 1), keepdi ms=True)
min_value = image.min(axis=(0, 1), keepdi ms=Tr ue)
i mage = (Fmagevalue) [/ ( mami_wvaVvtaleue)
band_five = src.read(9)
band_five = band_five.astype(float) /[/band_five. max/(
band_five = np.expand_di ms¢bland_five, axi s=
combined_i mage = np.concatenate([i mdge, band_five],
return combined_i mage
# Define data | oader for three years of i mages
def read_thirteen_band_image(file_path):
with rasterio.open(file_path) as src:
bands = [src.read(i) for i in range(1, 13)]
i mage = np.stack(bdnds, axis=
i mage = image.astype(float)
max_value = image.max(axis=(0, 1), keepdi ms= e)
min_value = image.min(axis=(0, 1), keepdi ms= e)
i mage = (Fmagevalue) [/ ( mami_wvaVvtaleue)
band_five = src.read(13)
band_five = band_five.astype(float) /[/band_five. max/(
band_five = np. expandd fdivms €13 xi s =
combined_i mage = np.concatenate([i mdge, band_five],
return combined_i mage
# Assign training data and test data variables
y train_data = [read_image_|l abels(file_path) for file_p
y test _data = [read_image_| abels(file_path) for file_pa
X _train_01 data = [read_multi _image_withfive(file_path)
X _train_01]
X _test 01 data = [read_multi _ _image_withfive(file_path)
X _test 01]
X _train_02 data = [read_nine_band_image(file_path) for
X _train_02]
X _test 02 _data = [read_nine_band_image(file_path) for f
X _train_03_data = [read_thirteen_band_image(file_path)
X _train_03]
X _test 03 _data = [read_thirteen_band_image(file_path) f
X _test 03]
# Convert the training data and test data for each expe
a NumPy array
y_train = np.array(y_train_data)
y test = np.array(y_test _data)



x

<< n

rain_01 = np.array(x_train_01_data)

st _01 = . aesay 0l dat a)

rain_02 = np.array(x_train_02_data)

est _02 = np.array(x_test_02_dat a)

rain_03 = np.array(x_train_03_data)

est _03 = np.array(x_test_03_dat a)

ubtract 1 from the | abel training data and | abel t es
rts at 0.

rain_shifted =l y_train

st _shifted -4 y_test

onvert the shifted traininhgotl aebneclosd eidn tfoo romaet .
_categorical

rain_encoded = to_categorical (y_train_shifted, num_c
est _encoded = to_categorical (y_test _shifted, num_cl a
unet _model (input _size=(384, 384, 13), num_cl asses=7
inputs = Ilnput (input_size)

# Downsampling (Contracting Path)

cl = Conv2D(64, (3, 3), activation="relu',

nel _initializer's, hppaddoirmgad' same' ) (i nput s)

cl = BatchNormalization() (cl)

cl = Dropout (0.1)(c1l)

cl = Conv2D(64, (3, 3), activation="relu',

nel _initializer="he_nor mal , padding="'"same' ) (cl)
cl = BatchNormalization() (c1l)

pl = MaxPooling2D((2, 2))(cl)

c2 = Conv2D(128, (3, 3), activation="relu',

nel _initializer="he_normal', padding='"same') (p1l)
c2 = BatchNormalization() (c2)

c2 = Dropout (0.1) (c2)

c2 = Conv2D(128, (3, 3), activation="relu',

nel initializer="he_normal ", padding="same') (c2)
c2 = BatchNormalization() (c2)

p2 = MaxPooling2D((2, 2))(c2)

# Bottl eneck

c3 = Conv2D(256, (3, 3), activation="relu',

nel _initializer="he_normal "', padding="'"same' ) (p2)
c3 = BatchNormalization() (c3)

c3 = Dropout (0.2)(c3)

c3 = Conv2D(256, (3, 3), activation="relu',

nel _initializer="he_normal', padding='same') (c3)
c3 = BatchNormalization() (c3)

# Upsampling (Expanding Path)

ud = UpSampling2D((2, 2)) (c3)

u4d = concatenate([u4d, c2])



c4 = Conv2D(128, (3, 3), activation="relu',
kernel _initializer's hpeaohobwmgad same' ) (u4d)
c4 = BatchNormalization() (c4)
c4 = Dropout (0.1)(c4)
c4 = Conv2D(128, (3, 3), activation="relu',
kernel _initializer="he_normal', padding="'"same') (c4)
c4 = BatchNormalization() (c4d)
u5 = UpSampling2D( (2, 2))(c4)
u5 = concatenate([ub, cl], axi s=3)
c5 = Conv2D(64, (3, 3), activation="relu',
kernel _initializer="he_normal ', padding="same') (ub)
c5 = BatchNormalization() (cb5)
c5 = Dropout (0.1)(cb)
c5 = Conv2D(64, (3, 3), activation="relu',
kernel initializer="he_normal "', padding="'"same') (cb5)
c5 = BatchNormalization() (cb5)
# Output | ayer
out puts = Conv2D(num_cl asses, (1, 1), activation="s
model = Model (inputs=[inputs], out puts=[outputs])
model .compile(optimizer="adam', |l oss="categorical _c
metrics=["accuracy'])
return model
# Create -Neé¢ biodel
model = unet_model ()
print(model . summary())
# Build callback to save predictions during training.
class SavePredictionCallback(Callback):
def _ _init__(self, x_holdout _dmaodelouitrppput foil de,r ,
epoch_frequency=5):
self.x_holdout_dir = glob.glob(x_holdout _dir)
self.output _folder = output folder
self. model _input _size = model _input _size
self.epoch_frequency = epoch_frequency
def on_epoch_end(self, epoch, |l ogs=None) :
if epoch % self.epoch_frequency == 0:
for image_path in self.x_holdout _dir
with rasterio.open(image_path) as src:
bands = [src.read(i) for i in range(1, 1
i mage = np.stack(b-dnds, axis=
i mage = image.astype(float)
max _value = image. max(axis=(0, 1), keepdi ms=Tr
min_value = image. min(axis=(0, 1), keepdi ms=Tr
i mage = (Fmdgevalue) [/ ( mami_wvaVvaleue)
band_five = src.read(13)
band_five = band_five.astype(float) [/ band_fiwv
band_five = np.expand_di ms¢bland_five, axis-=
combined_i mage = np.concatenatle([ammdg=, band_f
combined_i mage_batch = np.expand_di ms(combined

112



# Predict using the model
prediction = self.model.predict(combined_i mage
prediction_image = np.ar gmax{1p)r[edd,i c:t,i o:n], axi s-=
# Prepare the output path
output _path = os.path.join(self.output _folder,
f"epoch_{epoch+1} {os.path.basename(i mage_path)}")
# Save the prediction
meta = src.meta.copy()
meta.update(dtype=rasterio.uint8, count=1, con
nodata= None)
with rasterio.open(output _path, "w', **meta) a
dst . write(prediction_image. astype(rasterio.
# Initialization of the call back
i mg_height, i mg_width = 384, 384
out put _folder =
"/ content/drive/ MyDrivel/ldata/ model _prediction/threeyear
os. makedirs(output _folder, exi st _ok=True)
X _holdout _dir = "/ content/drivel/ MyDrivel/ldata/images/ x _t
# Change this based on which experiment is running.
savepred_call back = SavePredictionCallback(
X_holdout _dir=x_holdout _dir,
out put _folder=output _ folder,
model _input _size = (img_height, i mg_width),
epoch_frequency=5)
# I nitialize tolpeg iAMdamr with a specific | earning rate
adam_optimizer = tf.keras.optimizers. Adam(l earning_rate
# Compile the model with the optimizer, | oss function
model .compile(optimizer = adam_optimizer, l oss = '"categ
metrics = ['accuracy', 'categorical _accuracy'])
call backs = [keras.callbacks. Model Checkpoint (filepath =
"/ content/drive/ MyDrive/ldata/ model _prediction/threeyear
240418 _1448_3. h5", monitor = 'val _loss', save_best _only
savepred_call back]
# Run the mo I
model . fit(three_x_train, y_ train_encoded, batch_size=8,
validation_datatdgsthr ee txest encoded), calllbacks=[call ba
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