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Abstract

Automated monitoring of vegetation health in a landscape is often attributed to calculating
values of various vegetation indexes over a period of time. However, such approaches suf-
fer from an inaccurate estimation of vegetational change due to the over-reliance of index
values on vegetation's colour attributes and the availability of multi-spectral bands. One
common observation is the sensitivity of colour attributes to seasonal variations and imaging
devices, thus leading to false and inaccurate change detection and monitoring. In addition,
these are very strong assumptions in a citizen science project. In this article, we build upon
our previous work on developing a Semantic Vegetation Index (SVI) and expand it to intro-
duce a semantic vegetation health monitoring platform to monitor vegetation health in a
large landscape. However, unlike our previous work, we use RGB images of the Australian
landscape for a quarterly series of images over six years (2015+2020). This Semantic Vege-
tation Index (SVI) is based on deep semantic segmentation to integrate it with a citizen
science project (Fluker Post) for automated environmental monitoring. It has collected thou-
sands of vegetation images shared by various visitors from around 168 different points
located in Australian regions over six years. This paper first uses a deep learning-based
semantic segmentation model to classify vegetation in repeated photographs. A semantic
vegetation index is then calculated and plotted in a time series to reflect seasonal variations
and environmental impacts. The results show variational trends of vegetation cover for each
year, and the semantic segmentation model performed well in calculating vegetation cover
based on semantic pixels (overall accuracy = 97.7%). This work has solved a number of
problems related to changes in viewpoint, scale, zoom, and seasonal changes in order to
normalise RGB image data collected from different image devices.

1 Introduction

Theincreasingpopulationof theworld andthe changen land useby them havesignificantly
affectedvegetatiorandlandscapeomposition[1, 2]. It hasbeendiscoveredhat changesn
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thekind of land cover(suchasbuilding developmentshavea substantiatelationshipwith
changedn vegetationCalculationf variousvegetatiorindexesarefrequentlyusedto auto-
matethe identification of vegetatiorcoverandimportant variationsin the environment|[3].
Thereforeall of thesenaturalresourcesequireenvironmentalmonitoring to beprotected
andconservedandthisis especiallyrue for opengreenareasand publiclands.Becausgege-
tation playsavital role in theimprovementof an ecosystenit enableshe climateto havethe
positivechangerequiredfor betterliving. Thisis beingdonewith the helpof land-careagen-
cies.environmentalgroups,andlocalgovernmentaisingdrones,UAVs, satellitesand remote
sensing.

Vegetationlandscapedyy their verynature,aredynamicand constantlychangingin
response&o humanuse Unfortunately,not all changego the landscaparepositiveones.n
turn, this hasnegativeconsequencdsr farmlandandgrazingresourcedandscapeliversity,
culturalvaluesandbiologicalvariety[4, 5]. Vegetativdandscapenonitoring is agoodwayto
makesurethat changesn thelandscapearegoingin theright direction.

It isrecommendedo monitor anythingthroughouttime, whichmeansobservinganddoc-
umentinganychangeshat occur.Monitoring is all aboutperformingperiodicassessments
surveyscollectingoutcomesandthencomparingthemto determinethe efficacyof activities
or thedevelopmenbf projects Managemenactionsmight beevaluatedasedn the feedback
theyreceiveviathe monitoring team,andit alsohelpsto determinewhethematuralresources
areimproving, stabilising or decreasingJnderstandinghow andwhythe land andits vegeta-
tion behaveovertime is essentialor land managerso do their jobseffectively.

Researcheisavedevelopednumberof differentalgorithmsfor calculatingthe vegetation
indexfrom photographsAccordingto reports,researchersaveplacedastrongemphasi®n
remotesensind6] imagedecausef their numerousadvantagesncluding largeareaexpo-
sure reliability,andmanyothers.Thegreenareaseerin remotesensingohotosis usedto
extractthe vegetatiorregionavailablen certainplaceq7]. Remotesensinglatais collected
from aboveby sensorgaircraft, space}hat misseghe glimpseof vegetationAccordingly,
ground-levebrofile viewsareinadequatdor assessingrbangreeneryevenif greenindices
generatedrom remotelysensedmagedatacould assisin quantifyinggreeneryThere'sabig
differencebetweenwhatthe averag@ersonsee®n the groundandwhatremotesensingech-
nologiesseg8].

A simplebut extremelyimportant wayof monitoring vegetationwhetherit isremnantveg-
etationor revegetateditesjs to takeaserieof imageswhich is referredto as?photopoint
monitoring® or érepeatphotographyq9]. Repeaphotographyis amethodwhereground-level
photographsaretakenfrom exactlythe samdocationat differentpointsin time. In the caseof
landscapeghetime stampshetweertheimagesareusuallyseverayearsor decadessome-
timesevenup to awholecentury.However with thetechnologicahdvance# aerialandsatel-
lite remotesensingground-baseghotographsavelostmostof their relevancen modern
landscapenonitoring. A repeatphotographis aphotographthat hasbeenpurposefullycreated
to reproducecertaincharacteristicef another previouslytakenphotograph The newimage
oftenduplicateghelocationcoordinatesf the original, presentinghe userwith theidentical
scenaridor the secondime andencouraginghemto comparethetwo imaged10]. In thelit-
erature manyresearcherbBaveusedrepeatphotographyfor manypurposeslike estimating
changesn treelines[11], for analysingplant phenologyyegetatiorcoverestimation[12+15]
andmanyothers.

A numberof ecologicaktudiesuseda combinationof repeatphotographsaswell asfield
measurementt obtainquantitativeresults[16]. Clark etal.,[17] performedpoint sampling
alonghorizontaltransectghat wererandomlyplacedthroughtheimageto createtheir results.
Theymanuallycategorise@achimageinto coverclassesandtheydevelopedhe conceptof
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imagecoverasaquantitativemetric. Roushetal.,[18] calculatedhe vegetatiorcoverpercent-
ageby applyingarectangulagrid on top of eachphoto.Fortin etal.,[19] usedrepeatphoto-
graphscollectedaspart of the Mountain LegacyProjectto deriveclass-specifiand cover
estimatesnd comparedhemto LandsatlassificationsThereis onething that all of these
studieshavein common:the classificatiorstepis completedmanually,usuallyby drawing
polygonsaroundspecifiedandscap@bjectsandthenperformingavisualinterpretationof the
results Despitethe factthat thereis alargerangeof automaticsegmentatiorand classification
algorithmsfor aerialand satelliteimagesthereis no singlebestsolution,but the factthat
ground-basedmagesavesuchanangularviewpointmeanghattheseapproacheslo not
operatein the samemanner[20]. Rohdeetal.,[21] findingsarebasedn acomparisonof 100
re-photographear 2matchedhistoricallandscapénagesChangesn woodycoveratevery
photositewereanalysedndusedasaproxy for climatic changen theareaTodaetal.,[22],
usedthe BartlettExperimentaForestdatato comparethe phenologicametricsof leafarea
index,plantareaindex,andtheir associatetransition datesTheygatheredligital repeatpho-
tographyimageausingtwo separatenethods2canopycovercand®phenocameZier etal.,[23]
presentedisfindingsfrom aninvestigationof vegetatiorchangen the SanJuanMountains
conductedwith repeatphotographyandHendrick etal.,[24] in the AppalachiarMountains.
In Australia,the practiseof repeatphotographyhasbeenquite rarein recentyearsWith the
helpof repetitivephotos,JohnPickard[9], demonstratechow the landscap®f Australiahas
changedhroughouttime. But mostof the methodsthat weretalkedaboutinvolvealot of
manualwork thattakesalot of time anddoesnot useautomation.

Digital imageclassificatiorhasbecomencreasinglyautomatedvith the helpof machine
learningand deeplearning,which hasquickly becomeoneof the mostpopularmethodologies
[25,26].In particular,deeplearningeliminateshe requirementfor the time-consumingand
complexfeatureextraction(suchasfractaldimension,localbinary patternstexturefeatures,
shapdeaturescolourfeaturesetc.)methodthat waspreviouslyrequired.Instead throughout
the CNN training processthe modellearnsandextractghe necessarinformation on its own,
without the needfor humanintervention.Deeplearning'smostmajor drawbacks that it
necessitatethe useof massivamountsof labelledtraining data[27]. Convolutionalneural
networks(CNN) areoneof the deeplearningarchitectureshat areparticularlywell suitedfor
imageanalysidecausef their capacityto extractspatialcharacteristicom imagesin con-
volutionalneuralnetworks theimageis fedinto the networkin its rawform (pixels).The net-
work transformstheimagemanytimes.First, theimagegoeshroughmanyconvolutional
layersln thoseconvolutionallayersthe networklearnsnewandincreasinglycomplexfeatures
in its layers Thenthe transformedimageinformation goeghroughthefully connectedayers
andturnsinto aclassificatioror prediction. CNNshavebeenshownto bequite effectivein a
widerangeof applicationsjncluding objectdetection[28], plant segmentatio10], classifica-
tion [29+33],plantdiseasédentificationandclassificatiorf34, 35] and semanticsegmentation
[36£38].

Researchetsaveproposedvariousalgorithmsfor the calculationof the vegetatiorindex
usingimagesHowever it appearshat researcherbaveplacedahigh priority on remotesens-
ing imagegdueto benefitssuchaslargeareaexposurerepeatabilityand manyothers[6].
Remotesensedmagesareusedto extractthe greenareapresentin them,whichrepresentshe
vegetatiorregionavailableén someparticularregion[7]. Imagesrom remotesensingare
takenfrom aboveor from the air, whichis higherthan groundlevelandcapturesalargerarea.
Thismakesdt hardto estimatehow muchvegetatiorthereis in acertainplace Picturestaken
from the ground canhelpalot with figuring out how the vegetatioris changingwhich canbe
usedto helptheenvironment.
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Theprofile viewof the sitecanprovidein-depth analysisasdemonstratedy Yangetal.,
[8]. Theycompareprofile viewsof two differentforestsanddemonstratdhow depthinforma-
tion canbeextractedusingthis technique However the advancemenin computervisionhas
enabledesearchert work on the profile viewimagesand carry out comparisondetween
two imagedakenat differenttimesfrom differentangleswhichis basicallyaphenomenorof
repeatphotography.

Kendaletal.,[39] usedcolourthresholdingfor the extractionof vegetatiorindex. Thetech-
nigue provedto bepromising.However,only usingcolourfeaturefor segmentations not an
efficientmethodasanyclutterinformation in theimagecanmatchthe vegetatiorcolour.Har-
bdsetal.,[40] usedafully convolutionalnetwork (FCN)to detectand segmentoadsidevege-
tation for the navigationof autonomousvehiclesHung etal.,[41] usedalearnedfeature
approacho classifyweedsand non-weedsTheimagesusedwereacquiredby anunmanned
vehicle Furthermore,n recentyearsBawderetal.,[42] proposedan algorithmthat classifies
forbsandgrassHowever researcherdid not focuson the changen vegetatiorindexusing
repeatphotographyThemajor focusremainedon the classificatiorof differentspeciesasit is
reallyimportant to getinformation aboutvegetatiorchangesothat stepgor theimprovement
of the environmentcanbetaken.

This paperfocuse®n the calculationof changesnd monitoring in vegetatiorindexfor
whichregistrationof imagess performedataninitial level.Registratioris carriedout because
focusof authorsis on repeatphotographywhich carriesangleandscalevariation. Therefore,
transformationis neededo bedonefor this problem.This hasalreadybeendoneby the
authorsin their previouslypublishedwork [43]. A noveldeepaffineinvariantnetworkwas
proposedor non-rigid imageregistrationof multi-temporalrepeateghotography Strong
point matchingandaffineinvarianceareincludedin the suggestefameworkfor reliable
multi-temporalimageregistration.Furthermore anovelapproacho semanticsegmentation
is adoptedto efficientlyextractthe vegetatiorregionfrom theimage Thevegetatiorregion
canthenbeusedfor the calculationof the vegetatiorindexin aneffectivemanner.Theoverall
work flow of this proposedstudyis presentedn Fig 1.

Therestof the paperis organisedasfollows:Section2 is aboutthe datasetakeninto
accountsection3is detailedinformation regardingthe proposedalgorithmand methodology;
sectiond discussetheresultsachievedy the proposedmethodologyandsections is the con-
clusionsectionof this paper.

Fig 1. The generaldataflow diagram showshow the proposedsystemfor checkingthe health of plants would work.

https:/Hoi.org/10.137/ournal.pon®270625.g001
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2 Materials and methods

2.1Taking repeatphotographs

It hasbecomancreasinglyvital to beableto work with largenumbersof imagesandannotate
themfor specifiqpurposesTheimagesnaycomefrom avarietyof sourcesincluding different
usersthe media,artists,or evenvideosurveillanceTheimageaisedandhowtheyareassem-
bledcandistinguishthe contentandaudienceelevancef awork [44]. Repeaphotographyis
morethansimplytakingasecondicture atthe samemomentin time whenconductingscien-
tific research.

In orderto avoidperspectivehifts,thesemageanustbetakenfrom the sameplaceevery
time. Thisis moreimportant thanthe physicalkcharacteristicg44] shownin Fig 2.1t needs
carefulplanningand preparation aswell ascloseattentionto the physicalenvironment
aroundit.

Lighting, weatherandseasonathangeshouldbeassimilar aspossiblan orderto produce
visuallyidenticalimagepairs.Howeverweatherandlighting circumstancearedifficult to rec-
reatein practisedueto thefactthatfield activitiesmustbeplannedin advancefinancesare
limited, anddeadlinesarefrequentlyconstrainedn nature[45].

2.2 Studyarea/ Fluker post project dataset

For the proposedechniqueweusedthe Flukerpostdatasef46]. The FlukerPostdatasets an
initiative takenby the Victorian Governmentand Victoria Universityto maintainarecordof

the environmentalconditionsof differentsitesthroughoutAustralia. Thedatasehasbeenput
togetherandis readyfor peopleto contribute. Therearearoundonehundredandsixty-eight
(168)Flukerpostpoint sites At a FlukerPostpoint, thereis no cameranstalled.Instead,

o

AL g
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55H BT ACCURACY
95197 93777 DATUM WGY

Fig 2. An exampleof repeatphotography, showingimagestaken of asite at different times.

https://cbi.org/10.137/journal.pon®270625.g002
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Quarter-1

Quarter-2

Quarter-3

Quarter-4

Fig 3. Sampleimagesof the Warrnambool region site, one of the Fluker post points of collection, takenquarterly overseveralyearshetween2015and

2020.

https://cbi.org/10.137ournal.pon@270625.9g003

visitorspassingoy from fixed photo-pointsusethe FlukerPostappon their own phonesto
shapa photo of the sightin front of them. This simplemethodof taking picturesoverandover
againis agoodwayto managenaturalresourcesverthelongterm.

TheFlukerPosthasbeenrunning effectivelysofar, collectingusefulimagerydataabout
vegetationparks,watershedgjvers,streamsetc.An exampleof arepeatedmagecollected
from 2015to 2020quarterlyof onestudysiteis presentedn the Fig 3.

Thisvastamountof photographiadatais currentlybeingmanuallyanalysedn orderto
point out areasvherestateagencietike ParksVictoria might beableto help.Butbecausef
thelargevolumeof datathis traditional approachis lesssuccessfuhnd more automationis
neededo improveandspeedip dataprocessingManualimageanalysiss significantlymore
time-consumingandinefficientwhendealingwith repeatphotographydata.In total, more
than4000photographsavebeencollectedor this project,all of which havebeensortedinto
albumsaccordingto variousareaghroughoutAustralia.This project'swebsiteaddresss
https://www.flukerpost.com/andits interfaceis shownin Fig 4. Theissuehoweverjs thatthe
imagesverecapturedusingavarietyof camerasensorsandfrom variousvantagepoints.Pho-
tographsaretakenat randomtimesof the dayand seasonsAll of thesethingsmakeit hardto
do,andasaresult,comparingandextractingusefulinformation like vegetatiorchangedetec-
tion hasbecomeverychallenging.
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2.3Vegetationsegmentation

Theadvancemenof convolutionalneuralnetworks(CNNs) hasachievednanymilestonesn
thefield of computervision. Theyhavegivenstateof the art resultsfor manyresearchprob-
lemsasthe algorithmdoesn'trequireextractionof featureseparatehlandmachinelearning
processeseparatelyt performsbothtasksn the networkand providespromisingresults.
Networkstaketheimage'scomplexfeaturesand usethemto identify anyobjectin theimage.
Our major focusis to calculateandthen monitor the vegetatiorindex of alocationoverdif-
ferenttime seriesFor our procesgo becompletedweneedto classifythe vegetatiorregion
andnon-vegetatiomregionin theinput image We havedeveloped pixel-wiseclassification
algorithmsothat segmentatiornof vegetatiorcanbedonewith the greatesefficiency.

2.4U-Net

TheU-Net model[47], which hasanencoder-decodearchitectureasshownin Fig5.was
usedin thisresearchThefactthat U-Net is symmetricmeanghatit doesnot haveto dealwith
the connectiondbetweerthe up anddown-samplingpaths whichis advantageoushenused
asaconcatenatioroperator.After theyhavebeentrainedbasedn the colourvariablein the
datasetmodelsassigracolourto anobject.
Typically,in the U-Net approachtheinput imageisfirst processethy an encodetpath,
whichis composedf convolutionalandpooling layerghat degradehe spatialresolutionof
theinput image accordingto conventionapractice t is thenfollowedby adecodempaththat
restoreghe original spatialimageryresolutionby adoptingup-samplinglayersfollowedby
convolutionallayerswhichis atechniqueknown as?up-convolution®.Apart from that, the
networkmakesuseof so-calledskip connectionsyhich connectthe output of the relevantay-
ersin the encoderpathto theinputs of the decodepath by addingthemto theinputs of the

decoderpath.
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Fig 5. The architecture of U-Net showsnetwork processes

https:/Hoi.org/10.137/ournal.pon®270625.g005

2.5Vegetationindex calculationfrom RGBimages

Thereareavarietyof methodsfor calculatingand monitoring the vegetatiorindex.However,
the majority of thememployeceithercolour,threshold,or greenareasegmentationywhich
couldleadto someencouragingputcomesAsaresult,weproposea semantic-basedpproach
for calculatingandmonitoring arobustvegetatiorindexbasedn thedistinctivecolour of cer-
tain classessingacolor-basedpproachin the proposedvork, RGBcolourcodeq107,142,
35)wereassignedo treesandvegetatiorterrain. After the treesandvegetatiorterrain have
beenseparatedhe correctmasksareusedto calculate¢hevegetatiorindex.

2.6 The proposedSemanticVegetationindex (SVI)

Forrobustcalculationand monitoring of the vegetatiorindex of eachsampldocationover
differenttime stampswe usedthe approachof semantigixels( ) calculationbasedn
theuniquecolour pixelsassignedo aspecificclassandextractechasedn the deepfeatures
throughthe useof adeepneuralnetwork.

For vegetatiorindexcalculationand monitoring, we usedthe FlukerPostprojectimage
datasetasthe datais availablewith atime seriesWe observedhat oneimageof alocationis
not sufficientfor indexmonitoring. Thereforefor calculatinghe vegetatiorindexin this
investigationwe usedthe repeatphotographytechnique We selectedour imagesgquarterly,
peryearbetweer?015and2020for eachsite,out of 168total sites. Someof the sampleémages
of aspecificsite(WarrnamboolRegion VIC) areshownin Fig 3.In eachsamplephoto,the
numberof semantigixelswill becounted,andthe areawill beequalto the total numberof
semantiguixelsin oneof the threephotosof acertainplace.

Consequentlyfor the purposeof this study,a singleimagewasusedto preciselycompute
thevegetatiorindexbasedn the semantigixelsin orderto coverthewholevegetatiorarea
seenn theimage andthevegetatiorindexwascalculatedusingthe semantigixelsapproach.
Thenumberof semantigixelsin eachsampldmagewill becomputedas  with respecto
thetotal pixels( ) of animage Thesemantiovegetatiorindex (SVI) is calculatedwith the
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following equation:

P
P 100% LAt
"1
WhereSVIstandsor Semantic/egetatiorindex,  presentsemantigixelsareain an
imageand _ representshe sumof pixelsin animageof aspecifidocation/site.

3 Experiments and results
3.1Data preprocessing& preparation

Thedatasetconsistof around3500imagedakenat differenttimesoverseverayears There-
fore, it is essentialo preprocessndpreparethe datafor modeltraining in orderto achieve
betteroutcomesWe registeredhe imagesperformeddataaugmentationlabellecthe data,
andthenseparatedhe datainto training, validation,andtestingdata(80%,15%and 5%
respectively)hroughoutthe preprocessingnddatapreparationprocesses.

3.1.1lmageregistration. Imageregistrationis oneof the mostcritical processem this
processlmageregistrationallowsthe systento comparetwo imageghat haveundergonea
similar alterationto oneanother.Theimagethatis beingtransformedis referredto asthe
sensedmage andtheimagethatis beingalteredin relationto it is referredto asthereference
image Imageregistrationtriesto eliminatethe geometrigpositioninconsistencyetweertwo
photographsresultingin the samemagecoordinategeflectingthe sameobjectson both
datesTo properlyhandleand analysenultiple imagesit is necessarto performimageregis-
tration first. Thevegetatiorimageanustbere-registeredn the samedimensionsastheimages
in the datasebecaus¢heimagesn the datasetveretakenatvarioustimes,seasonsndloca-
tions,sotheir dimensionsaredifferent. To properlyhandleandanalysemultiple photosiit is
necessaro performimageregistrationfirst [48]. It's atechniquefor combiningphotos(two
or more) obtainedat varioustimes,from variousvantagepoints,andwith varioussensorso
createacompositeémage.Theimageregistrationtechniqueis adaptedrom the authors'(our)
[43] previouslypublishedwork. In that paper the authorsproposedanewdeepaffineinvari-
antnetworkfor non-rigid imageregistrationof multi-temporalrepeatphotographyRobust
point matchingandaffineinvariancearealsopart of the proposedrameworkfor robust
multi-temporalimageregistration. An exampleof imageregistrationin theform of achecker-
boardis presentedn the Fig 6.

In this study,theimagedakenquarterlyoverayearof varioussitelocationswereusedand
resizedo 256x 256pixelsaftertheimageregistrationprocessBecauséheimagesaretaken
from differentanglesand sensorsit wasnecessario useanimageregistrationprocesgo nor-
malisethe datafor the neuralnetworktraining and getbetterresults.

3.1.2Dataaugmentation. A largenumberofimagesareusedto train adeepneuralnet-
work modelto achievehighly precisepredictionandaccuracyln our casesomeof the Fluker
postsiteshadfewerimageghan others.Becausef this, the techniqueof dataaugmentation
wasusedon the siteswith fewerimagesThe proces®f dataaugmentatiorf49] providedus
with newimagedasedn our existingimagesDifferentaugmentatiortechniquedike blurri-
nessrotation, flipping (horizontalandvertical),zooming,translation,and the addition of
noisewereappliedaccordingly An illustration of differentaugmentatiortechniquess shown
in Fig 7. By usingthis method,the numberof imagesn our datasegrew,whichisimportant
for gettingmore accurataesultsafterthetraining stageof aCNN.

3.1.3Datalabelling. Thelight intensityof the datasetmagesvariessincetheimageswvere
takenatdifferenttimesandwith differentcamerasTherefore preprocessingf the dataset
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Fig 6. An exampleof imageregistration is appliedto aninput and sensedmage.

https://doi.0g/10.1371§urnal.pon®270625.9g006

Fig 7. Differentdataaugmentatiortechniqueappliedinclude:(a). Original Image (b). VerticalFlip, (c). Horizontal Flip, (d) Random
GaussiaNoise,(e).90degreeotation, (f). 180degreeotation, (g). Randomzoom,(h). Translation,and(i). Blur.

https://doi.0g/10.137 1§urnal.pon®270625.9g007
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Fig 8. Apeer,anannotation tool's interface,and a sampleannotatedimage.

https:/Hoi.org/10.137/ournal.pon®270625.g008

imagesds requiredbeforetheregistrationprocedureto ensurethat theimagesareusablefor
thetraining andtestingprocessThetraining datasetvasannotatedwith acloud-basegbro-
gramcalled®Apeer®[50], whichis availabldor freeaspart of aZEISSnitiative. Imageannota-
tion generatetabelghat serveasthe basigor machinelearningtraining. Theamountof
training dataaswell asthe correctnes®f annotationsareboth important factorsin determin-
ing machinelearningaccuracyFig 8. presents high-leveloverviewof the annotationprocess.
Theregionof interest(ROI) isthe labelledareaof animageslice whichis usuallyonly asmall
portion of theimage . The ROl maskis insertedinto the CNN with theimageasabinary map,
with pixelsbelongingto the ROI setto oneand pixelsbelongingto the backgroundsetto zero.

3.2Network modeltraining

Theentiredatasetvasdividedinto threeparts:training, validation,andtestingsetseachcom-
prising 80%,15% and5%of thetotal, respectivelyBeforestartingthe training, hyperpara-
metersweresetto avoidthe overfitting and underfitting issue®f the model. The hyper-
parametersresetas:batchsizekeptat 16,learningrateas0.0001|ossfunction ascategorical
cross-entropynumberof iterations/epochas200,NMS thresholdas0.45,andan optimizer
asStochastigradientdescen{SGD).Thelossfunction ensureshat the neuralnetwork opti-
misestselfby reducingthe amountof error it generateduring the training processThetrain-
ing lossindicateshow wellthe modeloptimiseghetraining data,while the validationloss
indicateshow well the modelfits newdata.Non-Maximum SuppressiofiNMS) is atechnique
usedin numerouscomputervisiontaskslt is aclasf algorithmsto selecbneentity (e.g.,
boundingboxes)ut of manyoverlappingentities.Most of the time, the criteriaaresomekind
of probabilitynumberandawayto measureverlap,suchas?intersectionoverunion®. The
training loss validationloss training accuracyandvalidationaccuracycurvegraphsarepre-
sentedn Fig9a.) Training andValidation Lossp.) Accuracyof U-Net Model Training and
Validation.
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Fig 9. Over90epochsthe learning procesdor loss(on the left) and model accuracy(on the right) are shown.If dropoutis
usedon thetraining datathe accuracyof thetraining dataandthe validationdatawill bedifferent.

https://doi.org/1A.371/journal pne.0270625009

TheTablel liststhe hardwareand softwareresourcesisedin the experimentandresults.

3.3Model performanceevaluation

Boththetraining andvalidationsetsvereusedto calculatehe accuracyandlossof the model.
The predictionaccuracyon individual imagesvascalculatedisingthe 175imagesrom thetest
set(= 5%),which hadbeenseparatedrom thetotal numberof samplebeforetraining. The
confusionmatrix is madeup of pixel numbersrepresentingrue positivey ), true negatives
(), falsepositivey ), andfalsenegativeg ). Asfor accuracymetrics,weuse (),

(), 1 , and () Theseametricsarecalculatedasfollows:
-1 .2t
ay 5 .3t

1 2 - 4t
ST JT .5t

Thelearningprocesstoppedafter90epochavhenthelearningcurveconvergedandloss
valuesstoppeddecreasing-ig 9. depictstheimprovementin lossandaccuracyduring the

Table 1. The detailsof the configuration of the experimental environment.

Item Name Parameer
Centralprocessig unit (CPU) Intel i7 9700k
Operathg system MSWindows10
Operathg volatilememory 32GBRAM
Graphicprocessig unit (GPU) Nvidia Titan RTX
Developrentenvironment Python3.8+ TensorFlow2.5+ CUDA 11.2+ cuDNN V8.1.0+ Visual
configurdion Studio2019

https://abi.org/10.1371djurnal.por.0270625.t00
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Table2. Comparative analysisof FCN and U-Net results.

Segmenation Model Precision Recall
FCN 94.2 85.3
U-Net 96 91.8

https://da.org/10.1371¢urnal.pon®270625.t002

Pixel Accuragy loU mloU
90.4 83.3 81
93.4 87.5 84

training processilt is afact,thatwhendropoutand dataaugmentatiorareappliedexclusively
to training data,the validationaccuracyftenexceedshetraining accuracyThe model
achievecamaximumaccuracyof 96.6%loss= 0.11) basedn the validationset.Additionally,
weexaminedhe model'sperformanceon asecondestdatasetonsistingof n = 175unique
imageghatwerenot utilisedin the modelselectiorprocedure Themodelachievedinaccu-
racyof 97.4%loss= 0.07)on thesendividual imagesAfter testingthe model,overallaccuracy
variedsignificantlyamongstimagesrangingfrom 74.1%to 96.6%.

A comparisonvasalsoperformedthroughtwo CNN architecturestully convolutionalnet-
work (FCN) and U-Net, while keepingthe sametechnicalenvironmentsasmentionedin
Tablel. After conductingexperimentsthe following resultsasmentionedin Table2, were
achievedA more comprehensiveomparisorhasalreadybeenperformedwith the currentlit-
eraturestudiedin the author's(our) previouspublishedwork [36].

TheFig 10.showssomeof the segmentatiomesultsfrom therandomlyselectedestimages.

Theyarequite promisingresults.

4 Discussion

While evaluatinghetrained U-Net model'sperformancen classifyingregetatiorin repeated
landscap@hotographsanover-allaccuracy{OA) of 97.4%on individual imagesvasachieved.
In contrast,severastudiesfor similar problems suchasZhangetal.,[51] usedaspatialcon-
textualsuperpixemodelto achieveanaccuracyof 79.8%on the classtree®in realroadside
imagesFortreesin groundimagesByeonetal.,[52] usedanLSTMRe-currentNeuralNet-
work (RNN) to getaclassaccuracyof 64.2%In asimilar manner,Shuaietal.,[53] paireda
CNN with adirectedacyclicgraphicRNN (DAG-RNN) for scenddentificationandachieved

anaccuracyof 82.5%or thetree-class.

Thequality of theimagewasrecognisedsasignificantinfluencingelementlt is possible
thatthe widerangeof imagecontent,resolution,scaleandillumination usedin aspecifigob
hasanimpacton the classificatiorandidentificationaccuracyTheadvancementi digital
cameraechnologyhaveresultedn asignificantimprovementin imagequality overtime. Asa
result,older RGBimagesareoftenof poorerqualitythan current RGBimageswhich hasa
negativémpacton the efficacyof the classificatiorand detectionmethods Clark etal.,[17]
encounterthe samamagequalityissuesvhenattemptingto measurevegetatiorchanges
betweerrepeatimageaisingtransectpoint sampling.

When Skovseretal.,[54] attemptedo differentiatecloverfrom grasseandweedsusing
fuzzyimagestheyfound agreaterrate of misclassificatiomecausef the quality of theimages.

Segmentatiomnd computingthe indexvaluesveredonefor all the FlukerPostsites How-
everonly afewof them (YouyungPark,the Warrnamboolregion,Knox, and the Kororoit
Creeksite)areshownin the Fig 11.Fromtheresultsjt is observedhatthoseFlukerpostsites
wherethevisitorsfrequentlygo havealargenumberof imagedor eachmonth of the year,
while somesiteshavefewerimagesAlso,therewereonly acoupleof imagesor somesites.
Theabovefactsmayimpacttheresultsin termsof trends.To overcomehe abovessuean
averagéndexvaluewascomputedto showthe trend of a specificsite.For examplejn Fig 11,

PLOS ONE | https://doi.org/10.1371/journal.pone.0270625 July 27, 2022

13/21


https://doi.org/10.1371/journal.pone.0270625.t002
https://doi.org/10.1371/journal.pone.0270625

PLOS ONE A deep semantic vegetation health monitoring platform

Fig 10. Somesamplesegmentaibn resultsfor the randomly selectedestinput images.

https://abi.org/10.137/ournal.pon®270625.9g010

the semanticvegetatiorindexvaluescomputedarethe averagéndexvaluedor eachquarter
of ayear.

4.1 Seasonavariation affectingthe vegetationhealth

Accordingto the Bureauof Meteorology Australia thereareseveraénvironmentaffactorthat
seriouslyaffectthe vegetatiorhealth[55]. Theyare:

- Lowrainfalls
- Extremelydry season
- Consecutivgeriodsof dry or cold weather

- Earlyandlong-lastingdevastatindpushfires
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Fig 11. Figuredepictngthe averagsemantioegetatio indexcalculatedjuarterlyfrom 2015to 2020for a.) YouyungPark,b.) Warrnanbool region,c.)
City of Knox,andd.) Kororoit Creeksite.

https://cbi.org/10.137/ournal.pon®270625.g011

Lowrainfalls: Australiahadaverywetwinter andspringin 2016.In 2017 thingsdried up
alot. Most of theinterior of southeasterustraliadidn't getmuchrain in 20172018 .and
20191In someplaceslike westernVictoria andwesternQueenslandtherewasmoredry
weatheithan other partsof the country hadin theseyearsOnly aslightrecoveryfolloweda
verydry andcoolseasoiin OctoberandDecembeR017and2018 For severalearstherewas
record-lowrainfall. Thisyear'scool seasonvasverydry, andit did not enduntil theendof the
year.From January2017to Decembe019 the Murray+DarlingBasinand New SouthWales
havehadthe driestthreeyearson record,asshownin Fig 12.0Otherareaghathavenot been
gettingenoughrain for alongtime includeeasterrVictoria, easterrandnorthern Tasmania,
easterrSouthAustralia,excepffor the southeasand somepartsof the southwestandWestern
Australia.

Extremelydry seasonExtremelydry conditions,especiallyn the northern half of New
SouthWales havehadtheworstdroughtsoverlong periodsof time.Thisis in starkcontrast
to whatoccurredduring the Millennium drought,whenthe southernbasinhadthe worst
droughtsandthe north hadthe best.Two otherplacesvith along-termlackof rain, namely
Gippslandin easterrVictoria and easternrasmaniayweretwo others.In Gippslandthe most
severaleficitswerefound. 2019wasmarkedasthethird yearin arow thatthe areadid not
receiveenoughrain. While it wasn'tasdry asin 2017and 2018 thelackof rain keptbuilding
up overtime. Thisledto multi-yeardeficits.The eastcoastof Tasmaniaalsosawalot lessrain
thanusualduring thistime.

Consecutivedry, cool seasonsTheseghreeyearg2017-2019¥lidn't getenoughrain, but
theywereterriblein thefall andwinter. From 2017to 2019t wasverydry in alot of New
SouthWalesfrom April to Septembeeachyear.lt wasthesamean Queenslandsouthof the
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Fig 12. Australian rainfall decilesfor the combinedthree-yearApril+September periodsof 2017,2018,and 2019.(Basedn all yearssince1900).
https://abi.org/10.137ournal.pon®270625.g012

Tropic of Capricorn,wherethe weathemwasthe samePeoplan New SouthWalesandthe
Murray+DarlingBasindidn't getmuchrain in April and September.

Early and long-lasting devastatingbushfires:As measuredy the ForestFire Danger
Index (FFDI), whichis acommonwayto measurdire weatherconditions,spring2019saw
the highestevelof fire weatherdangeracrosshe wholecountry.Recordhigh FFDI values
werefoundin all statesandterritories. The hot weathemadethingsevenmore dangerougor
firesin DecembeR019andearlyJanuary2020.

Ascanbeseerfrom theabovetrendsin Fig 13,during theyears2017+201%he environ-
mentalfactorsmentionedabovesignificantlyaffectedhe vegetatiorin mostof the Australian
regionsandterritories. Thereforejt canbeseenthatthe averagesemantiovegetatiorindex
calculatechaslow valuesdueto environmentafactors However beginningin 2020those
areaswveregivenextracarewith the helpof citizensandthe governmento helpthe plants
growbackandsavethe biodiversity.

5 Conclusion

Thisresearctarticleproposesautomaticvegetatiorhealthmonitoring usingrepetitivephotog-
raphy.This studytried to addresshallengeselatedto citizensciencelataprocessingkor this
purposewenormalisedatacollectedrom variousvisitorswho visitedFlukerpostpoint sites
in Australiaanduseit to estimatethe vegetatiorcoverchangedrom imagegakenquarterly
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Fig 13. Trendsof vegetatio with respectto environmental factorsfrom 2015-2020yuarterly for a.) Panboola(NSW), b.) Derrimut (VIC), c.)
Queengand andd.) Donn2 (Tasmania).

https:/Hoi.org/10.137/ournal.pon®270625.g013

oversixyeardsn variousspecifidocationsthroughoutAustralia.In generalusingrepeatpho-
tographyin vegetatiomrmonitoring bringssignificantvalueto otherquantitativedataretrieved
from remotesensingandfield measurements-urthermore visitor-acquiredphotographsan
raiseawarenesaboutlandscap@andvegetatiorchangeamongpolicymakersandthe general
publicand provideclearfeedbaclon the effectsof land managementt is observedhatafew
significantfactorscanimpactthe performanceof the automaticapproachjncludingimage
quality,shadowcastandvaryingscaleDeepcharacteristictearnedfrom adeepneuralnet-
work areusedto makesurethatthe vegetatiorindexfor eachsampldocationis accurateThe
proposedmethodfor segmentingegetativareashasproducedencouragingesults Basedn
theresultsachievedrom the semanticsegmentatioimodel,thetrendsareplotted. Thoseplot-
tedtrendsrevealedhat someof the Flukerpostsitevegetatiorincreasedjraduallyat some
locations the vegetatiortreadsremainedalmostthe same showingno significantincreaseor
decreaseayhile someof the studysitesshowedadramaticdeclinein vegetatiordueto floods
andharshweatherThus,thoseresultspresentheincreaser decreasef vegetatiorat specific
sitelocations which canbebeneficiainformation for agriculturemanagemenofficialsand
theresearclttommunity on awide rangeof researclissueslt providesarobustplatformto
handlecitizensciencalatafor automatedcommunity serviceprojects. Theimagesn the Flu-
ker PostProjectarethe collectionof imagesacquiredby visitorsandcitizensoverdifferent
timesof theyearwith their handheldcamerasnd mobiledevicesin otherwords,throughvar-
ioussensorsHowever thereareafewchallenge$o bekeptin mind. If the samepictureswere
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takenwith the UAV, it would beimportant to makesurethat only authorisedpeoplewith
licencesandbasicknowledgeof taking picturesweredoingit. SecondlylJAV equipmentis
expensivesocostwould beallocatedor that. The sameadeacould beusedto look atchanges
in vegetatiorin acity usingGoogleStreetvView (GSV)imageryaslongasthereareenough
imagedor thatcity.
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