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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 andthechangein landuseby themhavesignificantly
affectedvegetationandlandscapecomposition[1, 2]. It hasbeendiscoveredthatchangesin
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thekind of landcover(suchasbuilding developments)haveasubstantialrelationshipwith
changesin vegetation.Calculationsof variousvegetationindexesarefrequentlyusedto auto-
matetheidentificationof vegetationcoverandimportant variationsin theenvironment[3].
Therefore,all of thesenaturalresourcesrequireenvironmentalmonitoring to beprotected
andconserved,andthis isespeciallytrue for opengreenareasandpublic lands.Becausevege-
tation playsavital role in theimprovementof anecosystem,it enablestheclimateto havethe
positivechangerequiredfor betterliving. This isbeingdonewith thehelpof land-careagen-
cies,environmentalgroups,andlocalgovernmentsusingdrones,UAVs,satellites,andremote
sensing.

Vegetationlandscapes,by their verynature,aredynamicandconstantlychangingin
responseto humanuse.Unfortunately,not all changesto thelandscapearepositiveones.In
turn, thishasnegativeconsequencesfor farmlandandgrazingresources,landscapediversity,
culturalvalues,andbiologicalvariety[4, 5]. Vegetativelandscapemonitoring isagoodwayto
makesurethatchangesin thelandscapearegoingin theright direction.

It is recommendedto monitor anythingthroughouttime,whichmeansobservinganddoc-
umentinganychangesthatoccur.Monitoring isall aboutperformingperiodicassessmentsor
surveys,collectingoutcomes,andthencomparingthemto determinetheefficacyof activities
or thedevelopmentof projects.Managementactionsmight beevaluatedbasedon thefeedback
theyreceiveviathemonitoring team,andit alsohelpsto determinewhethernaturalresources
areimproving,stabilising,or decreasing.Understandinghowandwhythelandandits vegeta-
tion behaveovertime isessentialfor landmanagersto do their jobseffectively.

Researchershavedevelopedanumberof differentalgorithmsfor calculatingthevegetation
indexfrom photographs.Accordingto reports,researchershaveplacedastrongemphasison
remotesensing[6] imagesbecauseof their numerousadvantages,including largeareaexpo-
sure,reliability,andmanyothers.Thegreenareaseenin remotesensingphotosisusedto
extractthevegetationregionavailablein certainplaces[7]. Remotesensingdataiscollected
from abovebysensors(aircraft,space)thatmissestheglimpseof vegetation.Accordingly,
ground-levelprofile viewsareinadequatefor assessingurbangreeneryevenif greenindices
generatedfrom remotelysensedimagedatacouldassistin quantifyinggreenery.There'sabig
differencebetweenwhattheaveragepersonseeson thegroundandwhatremotesensingtech-
nologiessee[8].

A simplebut extremelyimportant wayof monitoring vegetation,whetherit is remnantveg-
etationor revegetatedsites,is to takeaseriesof images,which is referredto asªphotopoint
monitoringº or ªrepeatphotographyº[9]. Repeatphotographyisamethodwhereground-level
photographsaretakenfrom exactlythesamelocationatdifferentpointsin time.In thecaseof
landscapes,thetime stampsbetweentheimagesareusuallyseveralyearsor decades,some-
timesevenup to awholecentury.However,with thetechnologicaladvancesin aerialandsatel-
lite remotesensing,ground-basedphotographshavelostmostof their relevancein modern
landscapemonitoring. A repeatphotographisaphotographthathasbeenpurposefullycreated
to reproducecertaincharacteristicsof another,previouslytakenphotograph.Thenewimage
oftenduplicatesthelocationcoordinatesof theoriginal,presentingtheuserwith theidentical
scenariofor thesecondtime andencouragingthemto comparethetwo images[10]. In thelit-
erature,manyresearchershaveusedrepeatphotographyfor manypurposes,like estimating
changesin treelines[11], for analysingplantphenology,vegetationcoverestimation[12±15]
andmanyothers.

A numberof ecologicalstudiesusedacombinationof repeatphotographsaswellasfield
measurementsto obtainquantitativeresults[16]. Clarketal.,[17] performedpoint sampling
alonghorizontaltransectsthatwererandomlyplacedthroughtheimageto createtheir results.
Theymanuallycategorisedeachimageinto coverclasses,andtheydevelopedtheconceptof
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imagecoverasaquantitativemetric.Roushetal.,[18] calculatedthevegetationcoverpercent-
agebyapplyingarectangulargrid on top of eachphoto.Fortin etal.,[19] usedrepeatphoto-
graphscollectedaspartof theMountain LegacyProjectto deriveclass-specificlandcover
estimatesandcomparedthemto Landsatclassifications.Thereisonething thatall of these
studieshavein common:theclassificationstepiscompletedmanually,usuallybydrawing
polygonsaroundspecifiedlandscapeobjectsandthenperformingavisualinterpretationof the
results.Despitethefactthat thereisalargerangeof automaticsegmentationandclassification
algorithmsfor aerialandsatelliteimages,thereisno singlebestsolution,but thefactthat
ground-basedimageshavesuchanangularviewpointmeansthat theseapproachesdo not
operatein thesamemanner[20]. Rohdeetal.,[21] findingsarebasedon acomparisonof 100
re-photographedor ªmatchedºhistoricallandscapeimages.Changesin woodycoveratevery
photositewereanalysedandusedasaproxyfor climaticchangein thearea.Todaetal.,[22],
usedtheBartlettExperimentalForestdatato comparethephenologicalmetricsof leafarea
index,plantareaindex,andtheir associatedtransitiondates.Theygathereddigital repeatpho-
tographyimagesusingtwo separatemethods:ªcanopycoverºandªphenocamº.Zier etal.,[23]
presentedhisfindingsfrom aninvestigationof vegetationchangein theSanJuanMountains
conductedwith repeatphotographyandHendricketal.,[24] in theAppalachianMountains.
In Australia,thepractiseof repeatphotographyhasbeenquiterarein recentyears.With the
helpof repetitivephotos,JohnPickard[9], demonstratedhowthelandscapeof Australiahas
changedthroughouttime.Butmostof themethodsthatweretalkedaboutinvolvealot of
manualwork that takesalot of time anddoesnot useautomation.

Digital imageclassificationhasbecomeincreasinglyautomatedwith thehelpof machine
learninganddeeplearning,whichhasquicklybecomeoneof themostpopularmethodologies
[25,26].In particular,deeplearningeliminatestherequirementfor thetime-consumingand
complexfeatureextraction(suchasfractaldimension,localbinarypatterns,texturefeatures,
shapefeatures,colourfeatures,etc.)methodthatwaspreviouslyrequired.Instead,throughout
theCNN training process,themodellearnsandextractsthenecessaryinformation on its own,
without theneedfor humanintervention.Deeplearning'smostmajordrawbackis that it
necessitatestheuseof massiveamountsof labelledtraining data[27]. Convolutionalneural
networks(CNN) areoneof thedeeplearningarchitecturesthatareparticularlywellsuitedfor
imageanalysisbecauseof their capacityto extractspatialcharacteristicsfrom images.In con-
volutionalneuralnetworks,theimageis fedinto thenetworkin its rawform (pixels).Thenet-
work transformstheimagemanytimes.First,theimagegoesthroughmanyconvolutional
layers.In thoseconvolutionallayers,thenetworklearnsnewandincreasinglycomplexfeatures
in its layers.Thenthetransformedimageinformation goesthroughthefully connectedlayers
andturns into aclassificationor prediction.CNNshavebeenshownto bequiteeffectivein a
widerangeof applications,includingobjectdetection[28], plantsegmentation[10], classifica-
tion [29±33],plantdiseaseidentificationandclassification[34,35]andsemanticsegmentation
[36±38].

Researchershaveproposedvariousalgorithmsfor thecalculationof thevegetationindex
usingimages.However,it appearsthat researchershaveplacedahighpriority on remotesens-
ing imagesdueto benefitssuchaslargeareaexposure,repeatability,andmanyothers[6].
Remotesensedimagesareusedto extractthegreenareapresentin them,whichrepresentsthe
vegetationregionavailablein someparticularregion[7]. Imagesfrom remotesensingare
takenfrom aboveor from theair, whichishigherthangroundlevelandcapturesalargerarea.
Thismakesit hardto estimatehowmuchvegetationthereis in acertainplace.Picturestaken
from thegroundcanhelpalot with figuring out howthevegetationischanging,whichcanbe
usedto helptheenvironment.
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Theprofile viewof thesitecanprovidein-depthanalysis,asdemonstratedbyYangetal.,
[8]. Theycompareprofile viewsof two differentforestsanddemonstratehowdepthinforma-
tion canbeextractedusingthis technique.However,theadvancementin computervisionhas
enabledresearchersto work on theprofile viewimagesandcarryout comparisonsbetween
two imagestakenatdifferenttimesfrom differentangles,whichisbasicallyaphenomenonof
repeatphotography.

Kendaletal.,[39] usedcolourthresholdingfor theextractionof vegetationindex.Thetech-
niqueprovedto bepromising.However,only usingcolourfeaturesfor segmentationisnot an
efficientmethodasanyclutter information in theimagecanmatchthevegetationcolour.Har-
basÏ etal.,[40] usedafully convolutionalnetwork(FCN) to detectandsegmentroadsidevege-
tation for thenavigationof autonomousvehicles.Hung etal.,[41] usedalearnedfeature
approachto classifyweedsandnon-weeds.Theimagesusedwereacquiredbyanunmanned
vehicle.Furthermore,in recentyears,Bawdenetal.,[42] proposedanalgorithmthatclassifies
forbsandgrass.However,researchersdid not focuson thechangein vegetationindexusing
repeatphotography.Themajor focusremainedon theclassificationof differentspecies,asit is
reallyimportant to getinformation aboutvegetationchangesothatstepsfor theimprovement
of theenvironmentcanbetaken.

Thispaperfocuseson thecalculationof changesandmonitoring in vegetationindexfor
whichregistrationof imagesisperformedataninitial level.Registrationiscarriedout because
focusof authorsison repeatphotography,whichcarriesangleandscalevariation.Therefore,
transformationisneededto bedonefor thisproblem.Thishasalreadybeendoneby the
authorsin their previouslypublishedwork [43]. A noveldeepaffineinvariantnetworkwas
proposedfor non-rigid imageregistrationof multi-temporalrepeatedphotography.Strong
point matchingandaffineinvarianceareincludedin thesuggestedframeworkfor reliable
multi-temporalimageregistration.Furthermore,anovelapproachto semanticsegmentation
isadoptedto efficientlyextractthevegetationregionfrom theimage.Thevegetationregion
canthenbeusedfor thecalculationof thevegetationindexin aneffectivemanner.Theoverall
work flow of thisproposedstudyispresentedin Fig1.

Therestof thepaperisorganisedasfollows:Section2 isaboutthedatasettakeninto
account;section3 isdetailedinformation regardingtheproposedalgorithmandmethodology;
section4discussestheresultsachievedby theproposedmethodology;andsection5 is thecon-
clusionsectionof thispaper.

Fig 1. Thegeneraldataflow diagramshowshow the proposedsystemfor checkingthe healthof plantswould work.

https://doi.org/10.1371/journal.pone.0270625.g001
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2 Materials and methods

2.1Taking repeatphotographs
It hasbecomeincreasinglyvital to beableto work with largenumbersof imagesandannotate
themfor specificpurposes.Theimagesmaycomefrom avarietyof sources,includingdifferent
users,themedia,artists,or evenvideosurveillance.Theimagesusedandhowtheyareassem-
bledcandistinguishthecontentandaudiencerelevanceof awork [44]. Repeatphotographyis
morethansimplytakingasecondpictureat thesamemomentin time whenconductingscien-
tific research.

In orderto avoidperspectiveshifts,theseimagesmustbetakenfrom thesameplaceevery
time.This ismoreimportant thanthephysicalcharacteristics[44] shownin Fig2.It needs
carefulplanningandpreparation,aswellascloseattentionto thephysicalenvironment
aroundit.

Lighting,weather,andseasonalchangesshouldbeassimilaraspossiblein orderto produce
visuallyidenticalimagepairs.However,weatherandlighting circumstancesaredifficult to rec-
reatein practisedueto thefactthat field activitiesmustbeplannedin advance,financesare
limited, anddeadlinesarefrequentlyconstrainedin nature[45].

2.2Studyarea/ Fluker postproject dataset
For theproposedtechnique,weusedtheFlukerpostdataset[46]. TheFlukerPostdatasetisan
initiative takenby theVictorian GovernmentandVictoria Universityto maintainarecordof
theenvironmentalconditionsof differentsitesthroughoutAustralia.Thedatasethasbeenput
togetherandis readyfor peopleto contribute.Therearearoundonehundredandsixty-eight
(168)Flukerpostpoint sites.At aFlukerPostpoint, thereisno camerainstalled.Instead,

Fig 2. An exampleof repeatphotography, showingimagestakenof asiteat different times.

https://doi.org/10.1371/journal.pone.0270625.g002
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visitorspassingby from fixedphoto-pointsusetheFlukerPostappon their ownphonesto
snapaphotoof thesightin front of them.Thissimplemethodof takingpicturesoverandover
againisagoodwayto managenaturalresourcesoverthelongterm.

TheFlukerPosthasbeenrunning effectivelysofar,collectingusefulimagerydataabout
vegetation,parks,watersheds,rivers,streams,etc.An exampleof arepeatedimagecollected
from 2015to 2020quarterlyof onestudysiteispresentedin theFig3.

Thisvastamountof photographicdataiscurrentlybeingmanuallyanalysedin orderto
point out areaswherestateagencieslike ParksVictoria might beableto help.Butbecauseof
thelargevolumeof data,this traditionalapproachis lesssuccessful,andmoreautomationis
neededto improveandspeedup dataprocessing.Manualimageanalysisissignificantlymore
time-consumingandinefficientwhendealingwith repeatphotographydata.In total,more
than4000photographshavebeencollectedfor thisproject,all of whichhavebeensortedinto
albumsaccordingto variousareasthroughoutAustralia.Thisproject'swebsiteaddressis
https://www.flukerpost.com/, andits interfaceisshownin Fig4.Theissue,however,is that the
imageswerecapturedusingavarietyof camerasensorsandfrom variousvantagepoints.Pho-
tographsaretakenat randomtimesof thedayandseasons.All of thesethingsmakeit hardto
do,andasaresult,comparingandextractingusefulinformation like vegetationchangedetec-
tion hasbecomeverychallenging.

Fig 3. Sampleimagesof the Warrnambool regionsite,oneof the Fluker postpoints of collection, takenquarterly overseveralyearsbetween2015and
2020.

https://doi.org/10.1371/journal.pone.0270625.g003
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2.3Vegetationsegmentation
Theadvancementof convolutionalneuralnetworks(CNNs)hasachievedmanymilestonesin
thefield of computervision.Theyhavegivenstateof theart resultsfor manyresearchprob-
lemsasthealgorithmdoesn'trequireextractionof featuresseparatelyandmachinelearning
processesseparately.It performsboth tasksin thenetworkandprovidespromisingresults.
Networkstaketheimage'scomplexfeaturesandusethemto identify anyobjectin theimage.

Our major focusis to calculateandthenmonitor thevegetationindexof alocationoverdif-
ferenttime series.Forour processto becompleted,weneedto classifythevegetationregion
andnon-vegetationregionin theinput image.Wehavedevelopedapixel-wiseclassification
algorithmsothatsegmentationof vegetationcanbedonewith thegreatestefficiency.

2.4U-Net
TheU-Net model[47], whichhasanencoder-decoderarchitecture,asshownin Fig5.was
usedin this research.ThefactthatU-Net issymmetricmeansthat it doesnot haveto dealwith
theconnectionsbetweentheup anddown-samplingpaths,which isadvantageouswhenused
asaconcatenationoperator.After theyhavebeentrainedbasedon thecolourvariablein the
dataset,modelsassignacolourto anobject.

Typically,in theU-Net approach,theinput imageis first processedbyanencoderpath,
whichiscomposedof convolutionalandpoolinglayersthatdegradethespatialresolutionof
theinput image,accordingto conventionalpractice.It is thenfollowedbyadecoderpaththat
restorestheoriginalspatialimageryresolutionbyadoptingup-samplinglayersfollowedby
convolutionallayers,which isatechniqueknownasªup-convolutionº.Apart from that,the
networkmakesuseof so-calledskipconnections,whichconnecttheoutputof therelevantlay-
ersin theencoderpathto theinputsof thedecoderpathbyaddingthemto theinputsof the
decoderpath.

Fig 4. FlukerPostProjectLocationandDetails:a.)Thegreencirclesindicatethelocationsof postsinstalledacrossAustralia.b.)Detailsabouteachpost's
location,aswellasthenumberof imagessavedfor aspecificsite.

https://doi.org/10.1371/journal.pone.0270625.g004
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2.5Vegetationindex calculationfrom RGBimages
Thereareavarietyof methodsfor calculatingandmonitoring thevegetationindex.However,
themajority of thememployedeithercolour,threshold,or greenareasegmentation,which
couldleadto someencouragingoutcomes.Asaresult,weproposeasemantic-basedapproach
for calculatingandmonitoring arobustvegetationindexbasedon thedistinctivecolourof cer-
tain classesusingacolor-basedapproach.In theproposedwork,RGBcolourcodes(107,142,
35)wereassignedto treesandvegetationterrain.After thetreesandvegetationterrainhave
beenseparated,thecorrectmasksareusedto calculatethevegetationindex.

2.6TheproposedSemanticVegetationIndex (SVI)
For robustcalculationandmonitoring of thevegetationindexof eachsamplelocationover
differenttime stamps,weusedtheapproachof semanticpixels(��) calculation,basedon
theuniquecolourpixelsassignedto aspecificclassandextractedbasedon thedeepfeatures
throughtheuseof adeepneuralnetwork.

Forvegetationindexcalculationandmonitoring, weusedtheFlukerPostprojectimage
dataset,asthedataisavailablewith atime series.Weobservedthatoneimageof alocationis
not sufficientfor indexmonitoring. Therefore,for calculatingthevegetationindexin this
investigation,weusedtherepeatphotographytechnique.Weselectedfour images,quarterly,
peryearbetween2015and2020for eachsite,out of 168total sites.Someof thesampleimages
of aspecificsite(WarrnamboolRegion,VIC) areshownin Fig3.In eachsamplephoto,the
numberof semanticpixelswill becounted,andtheareawill beequalto thetotalnumberof
semanticpixelsin oneof thethreephotosof acertainplace.

Consequently,for thepurposeof thisstudy,asingleimagewasusedto preciselycompute
thevegetationindexbasedon thesemanticpixelsin orderto coverthewholevegetationarea
seenin theimage,andthevegetationindexwascalculatedusingthesemanticpixelsapproach.
Thenumberof semanticpixelsin eachsampleimagewill becomputedas�� � with respectto
thetotalpixels(���� �) of animage.Thesemanticvegetationindex(SVI) iscalculatedwith the

Fig 5. Thearchitectureof U-Net showsnetwork processes.

https://doi.org/10.1371/journal.pone.0270625.g005
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followingequation:

�� 	 ˆ

P 

�ˆ1 �� � � �P 


�ˆ1 ��� � �� �

� 100% …1†

WhereSVIstandsfor SemanticVegetationIndex,�� �_� presentssemanticpixelsareain an
imageand���� �_� representsthesumof pixelsin animageof aspecificlocation/site.

3 Experiments and results

3.1Data preprocessing& preparation
Thedatasetconsistsof around3500imagestakenatdifferenttimesoverseveralyears.There-
fore,it isessentialto preprocessandpreparethedatafor modeltraining in orderto achieve
betteroutcomes.Weregisteredtheimages,performeddataaugmentation,labelledthedata,
andthenseparatedthedatainto training,validation,andtestingdata(80%,15%and5%
respectively)throughoutthepreprocessinganddatapreparationprocesses.

3.1.1Imageregistration. Imageregistrationisoneof themostcritical processesin this
process.Imageregistrationallowsthesystemto comparetwo imagesthathaveundergonea
similaralterationto oneanother.Theimagethat isbeingtransformedis referredto asthe
sensedimage,andtheimagethat isbeingalteredin relationto it is referredto asthereference
image.Imageregistrationtriesto eliminatethegeometricpositioninconsistencybetweentwo
photographs,resultingin thesameimagecoordinatesreflectingthesameobjectson both
dates.To properlyhandleandanalysemultiple images,it isnecessaryto performimageregis-
tration first. Thevegetationimagesmustbere-registeredin thesamedimensionsastheimages
in thedatasetbecausetheimagesin thedatasetweretakenatvarioustimes,seasons,andloca-
tions,sotheir dimensionsaredifferent.To properlyhandleandanalysemultiple photos,it is
necessaryto performimageregistrationfirst [48]. It's atechniquefor combiningphotos(two
or more)obtainedatvarioustimes,from variousvantagepoints,andwith varioussensorsto
createacompositeimage.Theimageregistrationtechniqueisadaptedfrom theauthors'(our)
[43] previouslypublishedwork. In thatpaper,theauthorsproposedanewdeepaffineinvari-
antnetworkfor non-rigid imageregistrationof multi-temporalrepeatphotography.Robust
point matchingandaffineinvariancearealsopartof theproposedframeworkfor robust
multi-temporalimageregistration.An exampleof imageregistrationin theform of achecker-
boardispresentedin theFig6.

In thisstudy,theimagestakenquarterlyoverayearof varioussitelocationswereusedand
resizedto 256x 256pixelsaftertheimageregistrationprocess.Becausetheimagesaretaken
from differentanglesandsensors,it wasnecessaryto useanimageregistrationprocessto nor-
malisethedatafor theneuralnetworktraining andgetbetterresults.

3.1.2Data augmentation. A largenumberof imagesareusedto train adeepneuralnet-
work modelto achievehighlyprecisepredictionandaccuracy.In our case,someof theFluker
postsiteshadfewerimagesthanothers.Becauseof this,thetechniqueof dataaugmentation
wasusedon thesiteswith fewerimages.Theprocessof dataaugmentation[49] providedus
with newimagesbasedon our existingimages.Differentaugmentationtechniqueslike blurri-
ness,rotation,flipping (horizontalandvertical),zooming,translation,andtheadditionof
noisewereappliedaccordingly.An illustrationof differentaugmentationtechniquesisshown
in Fig7.Byusingthismethod,thenumberof imagesin our datasetgrew,which is important
for gettingmoreaccurateresultsafterthetraining stageof aCNN.

3.1.3Data labelling. Thelight intensityof thedatasetimagesvariessincetheimageswere
takenatdifferenttimesandwith differentcameras.Therefore,preprocessingof thedataset
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Fig 6. An exampleof imageregistration is applied to an input andsensedimage.

https://doi.org/10.1371/journal.pone.0270625.g006

Fig 7. Differentdataaugmentationtechniqueappliedinclude:(a).Original Image,(b).VerticalFlip, (c).HorizontalFlip, (d) Random
GaussianNoise,(e).90degreerotation,(f). 180degreerotation,(g).Randomzoom,(h). Translation,and(i). Blur.

https://doi.org/10.1371/journal.pone.0270625.g007
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imagesis requiredbeforetheregistrationprocedureto ensurethat theimagesareusablefor
thetraining andtestingprocess.Thetraining datasetwasannotatedwith acloud-basedpro-
gramcalledªApeerº[50], whichisavailablefor freeaspartof aZEISSinitiative. Imageannota-
tion generateslabelsthatserveasthebasisfor machinelearningtraining.Theamountof
training dataaswellasthecorrectnessof annotationsareboth important factorsin determin-
ing machinelearningaccuracy.Fig8.presentsahigh-leveloverviewof theannotationprocess.
Theregionof interest(ROI) is thelabelledareaof animageslice,whichisusuallyonly asmall
portion of theimage.TheROI maskis insertedinto theCNN with theimageasabinarymap,
with pixelsbelongingto theROI setto oneandpixelsbelongingto thebackgroundsetto zero.

3.2Network model training
Theentiredatasetwasdividedinto threeparts:training,validation,andtestingsets,eachcom-
prising80%,15%,and5%of thetotal,respectively.Beforestartingthetraining,hyperpara-
metersweresetto avoidtheoverfittingandunderfitting issuesof themodel.Thehyper-
parametersaresetas:batchsizekeptat16,learningrateas0.0001,lossfunction ascategorical
cross-entropy,numberof iterations/epochsas200,NMSthresholdas0.45,andanoptimizer
asStochasticgradientdescent(SGD).Thelossfunction ensuresthat theneuralnetworkopti-
misesitselfby reducingtheamountof error it generatesduring thetraining process.Thetrain-
ing lossindicateshowwell themodeloptimisesthetraining data,while thevalidationloss
indicateshowwell themodelfits newdata.Non-MaximumSuppression(NMS) isatechnique
usedin numerouscomputervisiontasks.It isaclassof algorithmsto selectoneentity (e.g.,
boundingboxes)out of manyoverlappingentities.Mostof thetime, thecriteriaaresomekind
of probabilitynumberandawayto measureoverlap,suchasªintersectionoverunionº. The
training loss,validationloss,training accuracy,andvalidationaccuracycurvegraphsarepre-
sentedin Fig9 a.)Training andValidationLoss;b.)Accuracyof U-Net ModelTraining and
Validation.

Fig 8. Apeer,anannotation tool's interface,andasampleannotatedimage.

https://doi.org/10.1371/journal.pone.0270625.g008
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TheTable1 liststhehardwareandsoftwareresourcesusedin theexperimentsandresults.

3.3Model performanceevaluation
Boththetraining andvalidationsetswereusedto calculatetheaccuracyandlossof themodel.
Thepredictionaccuracyon individual imageswascalculatedusingthe175imagesfrom thetest
set(= 5%),whichhadbeenseparatedfrom thetotalnumberof samplesbeforetraining.The
confusionmatrix ismadeup of pixelnumbersrepresentingtruepositives(��), truenegatives
(�
), falsepositives(
�), andfalsenegatives(

). Asfor accuracymetrics,weuse��������
(�),
������(�), �1�����, and���������������(��). Thesemetricsarecalculatedasfollows:
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Thelearningprocessstoppedafter90epochswhenthelearningcurveconvergedandloss
valuesstoppeddecreasing.Fig9.depictstheimprovementin lossandaccuracyduring the

Fig 9. Over90epochs,the learning processfor loss(on the left) andmodelaccuracy(on the right) areshown.If dropout is
usedon thetraining data,theaccuracyof thetraining dataandthevalidationdatawill bedifferent.

https://doi.org/10.1371/journal.pone.0270625.g009

Table1.Thedetailsof the configuration of the experimental environment.

Item Name Parameter

Centralprocessingunit (CPU) Intel i7 9700k

Operating system MSWindows10

Operating volatilememory 32GBRAM

Graphicprocessingunit (GPU) Nvidia Titan RTX

Developmentenvironment
configuration

Python3.8+ TensorFlow2.5+ CUDA 11.2+ cuDNN V8.1.0+ Visual
Studio2019

https://doi.org/10.1371/journal.pone.0270625.t001
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training process.It isafact,thatwhendropoutanddataaugmentationareappliedexclusively
to training data,thevalidationaccuracyoftenexceedsthetraining accuracy.Themodel
achievedamaximumaccuracyof 96.6%(loss= 0.11),basedon thevalidationset.Additionally,
weexaminedthemodel'sperformanceon asecondtestdatasetconsistingof n = 175unique
imagesthatwerenot utilisedin themodelselectionprocedure.Themodelachievedanaccu-
racyof 97.4%(loss= 0.07)on theseindividual images.After testingthemodel,overallaccuracy
variedsignificantlyamongstimages,rangingfrom 74.1%to 96.6%.

A comparisonwasalsoperformedthroughtwo CNN architectures:Fullyconvolutionalnet-
work (FCN)andU-Net,whilekeepingthesametechnicalenvironmentsasmentionedin
Table1.After conductingexperiments,thefollowingresults,asmentionedin Table2,were
achieved.A morecomprehensivecomparisonhasalreadybeenperformedwith thecurrent lit-
eraturestudiedin theauthor's(our) previouspublishedwork [36].

TheFig10.showssomeof thesegmentationresultsfrom therandomlyselectedtestimages.
Theyarequitepromisingresults.

4 Discussion
While evaluatingthetrainedU-Net model'sperformancein classifyingvegetationin repeated
landscapephotographs,anover-allaccuracy(OA) of 97.4%on individual imageswasachieved.
In contrast,severalstudiesfor similarproblems,suchasZhangetal.,[51] usedaspatialcon-
textualsuperpixelmodelto achieveanaccuracyof 79.8%on theclassªtreeºin realroadside
images.For treesin groundimages,Byeonetal.,[52] usedanLSTMRe-currentNeuralNet-
work (RNN) to getaclassaccuracyof 64.2%.In asimilarmanner,Shuaietal.,[53] paireda
CNN with adirectedacyclicgraphicRNN (DAG-RNN) for sceneidentificationandachieved
anaccuracyof 82.5%for thetree-class.

Thequalityof theimagewasrecognisedasasignificantinfluencingelement.It ispossible
that thewiderangeof imagecontent,resolution,scale,andillumination usedin aspecificjob
hasanimpacton theclassificationandidentificationaccuracy.Theadvancementsin digital
cameratechnologyhaveresultedin asignificantimprovementin imagequalityovertime.Asa
result,olderRGBimagesareoftenof poorerqualitythancurrentRGBimages,whichhasa
negativeimpacton theefficacyof theclassificationanddetectionmethods.Clarketal.,[17]
encounterthesameimagequalityissueswhenattemptingto measurevegetationchanges
betweenrepeatimagesusingtransectpoint sampling.

WhenSkovsenetal.,[54] attemptedto differentiatecloverfrom grassesandweedsusing
fuzzyimages,theyfoundagreaterrateof misclassificationbecauseof thequalityof theimages.

Segmentationandcomputingtheindexvaluesweredonefor all theFlukerPostsites.How-
ever,only afewof them(YouyungPark,theWarrnamboolregion,Knox,andtheKororoit
Creeksite)areshownin theFig11.Fromtheresults,it isobservedthat thoseFlukerpostsites
wherethevisitorsfrequentlygohavealargenumberof imagesfor eachmonth of theyear,
whilesomesiteshavefewerimages.Also,therewereonly acoupleof imagesfor somesites.
Theabovefactsmayimpacttheresultsin termsof trends.To overcometheaboveissue,an
averageindexvaluewascomputedto showthetrendof aspecificsite.Forexample,in Fig11,

Table2.Comparativeanalysisof FCNandU-Net results.

Segmentation Model Precision Recall F1-Score Pixel Accuracy IoU mIoU

FCN 94.2 85.3 91.1 90.4 83.3 81

U-Net 96 91.8 92.3 93.4 87.5 84

https://doi.org/10.1371/journal.pone.0270625.t002
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thesemanticvegetationindexvaluescomputedaretheaverageindexvaluesfor eachquarter
of ayear.

4.1Seasonalvariation affecting the vegetationhealth
Accordingto theBureauof Meteorology,Australia,thereareseveralenvironmentalfactorthat
seriouslyaffectthevegetationhealth[55]. Theyare:

· Lowrainfalls

· Extremelydry season

· Consecutiveperiodsof dry or coldweather

· Earlyandlong-lastingdevastatingbushfires

Fig 10. Somesamplesegmentation resultsfor the randomly selectedtest input images.

https://doi.org/10.1371/journal.pone.0270625.g010
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Low rainfalls: Australiahadaverywetwinter andspringin 2016.In 2017,thingsdriedup
alot. Mostof theinterior of southeasternAustraliadidn't getmuchrain in 2017,2018,and
2019.In someplaces,like westernVictoria andwesternQueensland,therewasmoredry
weatherthanotherpartsof thecountryhadin theseyears.Only aslightrecoveryfolloweda
verydry andcoolseasonin OctoberandDecember2017and2018.Forseveralyears,therewas
record-lowrainfall.Thisyear'scoolseasonwasverydry, andit did not enduntil theendof the
year.FromJanuary2017to December2019,theMurray±DarlingBasinandNewSouthWales
havehadthedriestthreeyearson record,asshownin Fig12.Otherareasthathavenot been
gettingenoughrain for alongtime includeeasternVictoria,easternandnorthernTasmania,
easternSouthAustralia,exceptfor thesoutheastandsomepartsof thesouthwest,andWestern
Australia.

Extremelydry season:Extremelydry conditions,especiallyin thenorthernhalfof New
SouthWales,havehadtheworstdroughtsoverlongperiodsof time.Thisis in starkcontrast
to whatoccurredduring theMillennium drought,whenthesouthernbasinhadtheworst
droughtsandthenorth hadthebest.Two otherplaceswith along-termlackof rain,namely
Gippslandin easternVictoria andeasternTasmania,weretwo others.In Gippsland,themost
severedeficitswerefound.2019wasmarkedasthethird yearin arow that theareadid not
receiveenoughrain. While it wasn'tasdry asin 2017and2018,thelackof rain keptbuilding
up overtime.This ledto multi-yeardeficits.Theeastcoastof Tasmaniaalsosawalot lessrain
thanusualduring this time.

Consecutivedry, cool seasons:Thesethreeyears(2017-2019)didn't getenoughrain,but
theywereterriblein thefall andwinter.From2017to 2019,it wasverydry in alot of New
SouthWalesfrom April to Septembereachyear.It wasthesamein Queensland,southof the

Fig 11. Figuresdepicting theaveragesemanticvegetation indexcalculatedquarterlyfrom 2015to 2020for a.)YouyungPark,b.)Warrnamboolregion,c.)
City of Knox,andd.) Kororoit Creeksite.

https://doi.org/10.1371/journal.pone.0270625.g011
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Tropic of Capricorn,wheretheweatherwasthesame.Peoplein NewSouthWalesandthe
Murray±DarlingBasindidn't getmuchrain in April andSeptember.

Early and long-lastingdevastatingbushfires:Asmeasuredby theForestFireDanger
Index(FFDI),whichisacommonwayto measurefire weatherconditions,spring2019saw
thehighestlevelof fire weatherdangeracrossthewholecountry.RecordhighFFDI values
werefound in all statesandterritories.Thehot weathermadethingsevenmoredangerousfor
firesin December2019andearlyJanuary2020.

Ascanbeseenfrom theabovetrendsin Fig13,during theyears2017±2019,theenviron-
mentalfactorsmentionedabovesignificantlyaffectedthevegetationin mostof theAustralian
regionsandterritories.Therefore,it canbeseenthat theaveragesemanticvegetationindex
calculatedhaslow valuesdueto environmentalfactors.However,beginningin 2020,those
areasweregivenextracarewith thehelpof citizensandthegovernmentto helptheplants
growbackandsavethebiodiversity.

5 Conclusion
Thisresearcharticleproposesautomaticvegetationhealthmonitoring usingrepetitivephotog-
raphy.Thisstudytried to addresschallengesrelatedto citizensciencedataprocessing.For this
purpose,wenormalisedatacollectedfrom variousvisitorswhovisitedFlukerpostpoint sites
in Australiaanduseit to estimatethevegetationcoverchangefrom imagestakenquarterly

Fig 12. Australian rainfall decilesfor the combinedthree-yearApril±September periodsof 2017,2018,and2019.(Basedon all yearssince1900).

https://doi.org/10.1371/journal.pone.0270625.g012
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oversixyearsin variousspecificlocationsthroughoutAustralia.In general,usingrepeatpho-
tographyin vegetationmonitoring bringssignificantvalueto otherquantitativedataretrieved
from remotesensingandfield measurements.Furthermore,visitor-acquiredphotographscan
raiseawarenessaboutlandscapeandvegetationchangeamongpolicymakersandthegeneral
publicandprovideclearfeedbackon theeffectsof landmanagement.It isobservedthatafew
significantfactorscanimpacttheperformanceof theautomaticapproach,including image
quality,shadowcast,andvaryingscale.Deepcharacteristicslearnedfrom adeepneuralnet-
work areusedto makesurethat thevegetationindexfor eachsamplelocationisaccurate.The
proposedmethodfor segmentingvegetativeareashasproducedencouragingresults.Basedon
theresultsachievedfrom thesemanticsegmentationmodel,thetrendsareplotted.Thoseplot-
tedtrendsrevealedthatsomeof theFlukerpostsitevegetationincreasedgraduallyatsome
locations,thevegetationtreadsremainedalmostthesame,showingno significantincreaseor
decrease,whilesomeof thestudysitesshowedadramaticdeclinein vegetationdueto floods
andharshweather.Thus,thoseresultspresenttheincreaseor decreaseof vegetationatspecific
sitelocations,whichcanbebeneficialinformation for agriculturemanagementofficialsand
theresearchcommunityon awiderangeof researchissues.It providesarobustplatformto
handlecitizensciencedatafor automatedcommunityserviceprojects.Theimagesin theFlu-
kerPostProjectarethecollectionof imagesacquiredbyvisitorsandcitizensoverdifferent
timesof theyearwith their handheldcamerasandmobiledevices,in otherwords,throughvar-
ioussensors.However,thereareafewchallengesto bekeptin mind. If thesamepictureswere

Fig 13. Trendsof vegetation with respectto environmental factorsfrom 2015-2020quarterly for a.)Panboola(NSW),b.) Derrimut (VIC), c.)
Queensland andd.) Donn2 (Tasmania).

https://doi.org/10.1371/journal.pone.0270625.g013
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takenwith theUAV, it wouldbeimportant to makesurethatonly authorisedpeoplewith
licencesandbasicknowledgeof takingpicturesweredoingit. Secondly,UAV equipmentis
expensive,socostwouldbeallocatedfor that.Thesameideacouldbeusedto look atchanges
in vegetationin acity usingGoogleStreetView(GSV)imagery,aslongasthereareenough
imagesfor thatcity.
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