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ABSTRACT

Motivatedbythefactthathumanvisionaryintelligenceplaysavitalroleinguidingmanyofthe
agriculture practices, this article represents an effective use of machine vision technology for
estimatingplantmorphologicalfeaturestoascertainitsgrowthandhealthconditions.Analternative
totraditional,manualandtime-consumingtestingmethodsofplantgrowthparameters,anovelonline
plantvisionsystemisproposedanddevelopedontheplatformofvirtualinstrumentation.Deployed
inrealtime,thesystemacquiresplantimagesusingdigitalcameraandcommunicatestherawimage
tohostPConWi-Finetwork.Thededicatedapplicationsoftwarewithplantuserinterface,effective
imageprocessingandanalysisalgorithms, loads theplant images,extractsandestimatescertain
morphologicalfeaturesoftheplantsuchasplantheight,leafarea,detectionoffloweronsetandfall
foliage.Thesystemwastestedandvalidatedunderreal-timeconditionsusingdifferentplantsand
leaves.Further,theperformanceofthesystemwasstatisticallyanalysedtoshowpromisingresults.
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1. INTRodUCTIoN

Thehumanvisionaryandcognitivepower tosee, think,analyseandpromptly takeactionshave
motivatedandacceleratedresearchintheareaofmachine/computervisionsystemsoverthelast50
years(Davies,2012).Machinevisiontechnologyusesspecializeddevicessuchasimagesensors/
cameras, imageprocessing software tools and/or actuators to automatically capture,process and
interpretadigitalimageofarealsceneinordertoextractusefulinformationformonitoring,decision
making,classifyingand/orcontrolofmachinessuchasmanufacturingrobotsorprocesses(Rosenfeld,
1985, Lewis, 2014). Machine vision is slightly different from computer-vision that concentrates
onprocessingandanalysisofdigitalimage.Machinevisionisacombinationofimageacquisition
hardware,processingsoftwareandoptionallytheuseofactuatorsforcontrolofprocess/devicesto
performimage-basedapplicationspecifictasksaccurately,repeatedlyandtimelywithvisualization
ofinformation(Szelisk,2010).Withtheadvancementsinaffordable,sophisticatedimagesensors,
smartcameraandopticswithdigitalinterfacing,imageprocessingmethodsandtools,themachine
visiontechnologyisfastevolvingtosolvecomplexapplicationtasks(Teledyne,2014).Thehigh-
endaimofmachinevisiontechnologyistodesignsystemsandapplicationsthatcancompetewith
thehumanvisionarycapabilitiesandperformtasksequivalentorbetterthanhumansinmanycases
(Teledyne,2014).Fore.g.computervisionsystemiseffectivelyusedinhighspeedproductionlines
atafactoryfloorfordetectionoffaultsinmanufacturedcomponentsandsortingofmaterials.The
workwithvisionsystemisdoneatmuchfasterpaceandaccuratelythanthelabourinvolvedinthe
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process(Lewis,2014). In thecaseofmedical imaging,machine-visionsystemsarea tool in the
handofdoctorstoobtainimagesofinnerorgansofthebody,extractfeaturesandanalysesimagesto
providebetterdiagnosis,predictionandtreatmentofdiseases(Chen,2013).

Toolsofmachinevisionhavebeenextensivelyresearchedandusedinbroadrangeofapplications
fordifferenttaskssuchasidentificationorrecognitionofobjects,sortingandinspectionofmaterials,
healthdiagnosis,geographicalandenvironmentassessmentetc.(Solari,Chessa&Sabatini,2012).
Primaryfocushasbeenintheareaofindustrialautomationandmanufacturingformaterialinspection,
electroniccomponentsinspectionandguidingofrobotsforcontroloperationsusing2Dormorerecent
3Dsystem(Tsarouchietal.,2016),inmedicalimageanalysisanddiagnosis(Li,Ma,Wang&Zhang,
2014),(Chen,2013).Imageprocessingwithpatternmatchingtechniqueshavebeenusedinvarious
applicationssuchascharacter/handwriting recognition (Katungunya,Ding&Mashenene,2016),
signatureverification,sortingofmaterialsbasedondifferentimageattributesinfoodorproduction
industryforqualityassuranceandanalysisofsatellite-basedsensorimages(Piconetal.,2012),(Key
Technologies,2012).Slowlyandgradually,machinevisiontechnologyisspreadingintootherareas
suchasvehicleguidanceorimprovevisibilityduringnightandfoggyweather,trafficmonitoring
andcontrol(Lietal.,2018),(Singh,Vishnu&Mohan,2016).Machinevisiontechnologyisused
forinventorycontrolandmanagementsuchasbarcodereading,countingofarticlesetc.,currency
identification,defence,securityandsurveillance(Kar,Shrikhande&Babu,2016),crimeinvestigation
(Inspect,2010),biometricmeasurementforpersonalidentification,detectionofdiseases(Kallen,
2016),habitatmonitoringofanimalsandbirds,monitoringofagriculturefieldsandpestidentification
(Vázquez-Arellano,Griepentrog,Reiser&Paraforos,2016).

Motivatedbythefactthathumanvisionaryintelligenceplaysavitalroleinguidingmanyof
agriculturepracticesandeffectiveuseofmachine-visiontechnologyformonitoringofplantgrowth
relatedmorphologicalparametershasnotexploitedmuchintheliterature,thisworkistakenup.The
aimistodeviseanovelmachinevisionsystemforautomaticidentificationofcertainmorphological
parametersofaplantforitsgrowthanalysis.Specifically,toovercomesomeofthelimitationsof
existingworks,thispaperfocusesonimplementingplantimageprocessingmethodsforcalculating
certainmorphologicalparametersrelatedtoplantgrowthcyclesuchasheightofplant,detection
ofonsetofflowersandfallfoliagecondition.Also,animprovedmethodtoestimateleafareaindex
withbetteraccuracyisproposed.Moreover,toenhancetheutilityofthiswork,acompletevision
systemwithcameraanddedicatedsoftwaretool(virtualinstrument)namedPIPME(plantimage
processingandmorphologicalfeaturesestimation)withintuitiveplant-userinterfaceisproposedand
implementedasaflexiblemultifunctionalVirtualInstrumentation(VI)system.Thesoftwaretool,
developedbytheauthors,hasimageacquisitionandprocessingalgorithmstoextractandanalyse
differentmorphologicalfeaturesandparametersofaplant.Thetoolhasaninteractiveplant-user
interfacethatisprogrammedtovisualizetheplantgrowthparametersonlineand/oranalysetheresults
offlinewithdataarchive.Additionally,thesystemistestedinreal-timesituationanditsperformance
isevaluatedandvalidated.Itisusedtomonitorthemorphologicalparametersofacertainplantfora
fewdays.Easytouseandoperate,thetoolcaninvariablybeincorporatedintoamodernagriculture
systemtoautomaticallyprovidevitalinformationofplantgrowthparametersoveritsgrowingseason,
whichisotherwiseatediousprocessandisgenerallyperformedmanually.

Thispaperdiscussesthedesign,development,testingandvalidationofvirtualinstrumentation-
based machine vision system with PIPME software tool (virtual instrument) for estimating and
monitoringplantgrowthparameters.Usingin-fielddigitalcamera,theplantimagesareacquiredon
PC,furtherprocessedandanalysedusingspecificimageprocessingalgorithmsimplementedinPIPME
tooltoextractandestimatecertainmorphologicalparameters(leafarea,plantheight,detectionofonset
offlowers,fall-foliagecondition)withhighlevelofaccuracyanddisplaytheresultsonuserinterface.

Thepaperisorganizedintofollowingsections:SectionIIreviewsthestate-of-the-artofsensing
andvisionsystemsinagricultureandsurveysindetailapplicationsofimageprocessingandanalysis
toagriculture.SectionIIIprovidesabriefbackgroundofplantmorphology.SectionIVandVdiscuss
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over-alldesignanddevelopmentofproposedvisionsystemandsoftwaretoolforplantimageprocessing
andestimationofmorphologicalparameters.SectionVIdescribestheexperimentalwork,results
withperformanceevaluationandvalidation.Thelastsectionconcludesaboutthesalientfeaturesof
thesystemandprovidesrecommendationforfuturescope.

2. RELATEd woRK

Thestateof theartof sensingsystemforagricultureextends fromefficientuseof smart sensor
and/or network systems (Pahuja, Verma & Uddin, 2013), (Ojha, Misra, & Raghuwanshi, 2015)
formonitoringenvironmentandsoil relatedparameters to intensiveuseofnon-contactandnon-
destructiveradiationorimagebasedsystemsforcropmanagementandanalysis(Pandurng&lomte,
2015)Further,thesesystemsareintegratedtoICTtechnologiessuchasIOT,cloudcomputingor
mobilecomputingsystemforremoteconnectivityofagriculturesystemtoendusersforinformation
access(Jayaramanetal.,2016).Withtheadvancementsinimageacquisitionandprocessingmethods
therehasbeentremendousgrowthindevelopmentofplantimage-basedanalysissystemstosolve
complexproblemsinthefieldofagriculture(Saxena&Armstrong,2014).Varioustypesofimage
capturingmethodssuchassatellitebasedremotesensingforregionalmonitoringsystems(Susanet
al.,2017),aerial/helicoptersystemwithvideocamera(Shafianetal.,2018)hasbeenusedtocapture
cropimageandanalyzevegetativeindextoestimatecropyield,chlorophyllincrop(Yuetal,2016).
In-fielduseofcameraonanetworkhelpstoacquirecropimageswithbettertemporalandspatial
resolution.Variousimageanalysistechniqueshavebeenusedforcropmanagement,diagnosisof
plantdiseases,identificationofpests(SinghandMisra,2017),identificationofnutrientdeficiencies
fromleavesanalysis,qualityinspection,sortingandgradingoffruitetc.(Mahendranetal.2011).
Forclassificationofagriculturalproductsusingimageprocessing,machinelearningmethodshave
beenemployed.Further,machinelearning(ML)andartificialintelligence(AI)techniqueshavebeen
exploredrecentlybymanyforknowledgeintensiveagriculture(BasnetandBang,2018).

Overafewdecades,vision-basedsensingsystemwithimageprocessingandpatternrecognition
techniqueshavebeenappliedinthefieldofagronomyfordifferenttasks.Insomeoftheearlyworks,
imageprocessingisusedtodetectfaultsinappleandpeachusingnearinfraredimages(Crowe&
Delwiche,1996).Sortingofapplesbaseduponcolorgradingusingartificialintelligencetechniqueis
reportedbyauthorsin(Nakano,1997),(Patel,Kar,Jha&Khan,2012).Useofmachinevisiontools
forqualityinspectionoffoodproductsisreportedbymany.Authorsin(Zhao&Mi,2010)proposed
arelativelynewercomputer-basedvisionsystemforautomaticallygradingofgreenhawthornand
formingquantitativestandardforthesame.Clusteringanalysistheorytosortoutandclassifyarea
sizeofgreenhawthornleavesinanindustrialenvironmentisdiscussedinthispaper.

Focusingprimarilyontheapplicationsofmachinevisiontoplantgrowthassessment,thissection,
consolidates the key contributions for measurement of plant parameters using imageprocessing
techniques.Manyauthorshavediscussed themeasurementofplant leafattributeswithdifferent
approaches.Authorsin(Lü,Ren,Zhang&Shen,2010)discussedthemethodofnewcontourextraction
toeliminatetheinfluenceofholesintheleafimageandappliedpixelnumberstatisticsforleavearea
andleafperimetermeasurement.Authorsin(Shivling,Singla,Ghanshyam,Kapur,&Gupta,2011)
discussedimageprocessingmethodsforcalculatingleavegeometricalparameterssuchaslength,
widthareaandimplementedMATLABtoolforthesame.Sampleoffiftyleavesofvariousshapes
andsizeswereusedinmeasurementsandresultswerecomparedwithexistinggraphicalmethodlike
gridcounting.ApproachestomeasureparametersanddimensionsofspecificcucumberandBettal
leavesweredescribedbyauthorsin(Tian&Wang,2009),(Nayak,Dey&Sharma,2015).

Theconceptofidentifyingplantsspeciesbaseduponspecifictraitsofplantleafwasalsoexploited
bymany.Authorsin(Xiao-dong&Xiao-jie,2009)proposedanewideaonfeatureextractionofa
leafbasedonvisualconsistencyi.e.howtodeterminethedirectioninwhichtodescribeanobject.
Themethodwasusedtoextractsixshapefeaturesofleafbyrotatingtheleaftoacertainorientation
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withanimprovedinertiaaxismethodaccordingtohumanhabitofobservinganobject.Another
methodtoconstructleaffeaturesvectorandclassifyplantsusingtexturefeaturesofaplantleafwas
describedbyauthorsin(Prasad,Kumar&Tripathi,2011).Anotherrelativelynewertechniquebased
uponhalfleaveimagethatprovidedanefficientwaytorecognizespecieswasreportedbyauthors
in(Ulutuak&Ugur,2012).Area,extentandeccentricityfeatureswereextractedforeachpartand
theirproportionstoeachotherweretakenasnewfeaturestoprovideinputtoaprobabilisticneural
network(PNN)toclassifytheleafsamples.Inoneofthereviewworks(Nathalie&Breda,2013),
theauthorsdiscussedthatitwasmostdifficulttoquantifyleafareaindexproperly,owingtoolarge
spatialandtemporalvariability.Baseduponthecomparisonofdirectandindirectmethods,indirect
methodsunderestimateLAI,especiallyinforeststands.Theaccuracy,samplingstrategyandspatial
validityoftheLAImeasurementsneedtobeassessedforqualityassuranceofboththemeasurement
andmodellingofalltheLAI-dependenteco-physiologicalandbiophysicalprocessesofcanopies.
Anotherareaofimage-basedleaftextureanalysistoidentifyunhealthyplantswasalsoresearched.
Authorsin(Gavhale,Gawande&Kamal,2014),discussedaframeworkforleaffeaturesextraction
usingstatisticalGLCM,andcolorfeatureextractionusingmeanvaluesandaclassifiermethodto
inspectunhealthyareaonleafandidentifydisease.

Recently,theuseofimageprocessingmethodsforleafareaestimationusingdifferentobjects
asreferencehavebeenexploitedbymany.Authorsin(You-wenetal.,2009)usedacircleofknown
areaasreferenceandtooktheimageofleafwiththatcirclewhereastheauthorsin(Luetal.,2010)
usedasquareofknownsideasreferenceandtookthepictureofleafbyplacingitinsidethesquarefor
calculatingleafarea.Inthepaper(Nayaketal.,2015),authorscalculatedthenumberofpixelsinone
inchandusedittocalculatethelengthandwidthoftheleaf.Authorsin(Soni,Dey&Sharma,2015)
usedasquareof1cmx1cmasreferenceandtookthepictureofleafwiththatsquaretofindleafarea.

Many of the researchers used typical features of a flower (reproductive structure found in
plant)suchascolor,edge-detection,petalsetc.toidentifyandclassifyplantsspeciesusingimage
processingtechniques.Authorin(Tiay,Benyaphaichit&Riyamongkol,2014)usedtheedgeandcolour
characteristicsofflowerimagestoclassifytheflowersanddeployedHu’s-sevenmomentalgorithmto
acquireedgecharacteristics.Thek-nearestneighbourwasusedtoclassifytheflowers.Theinteractive
flowerimagerecognitionsystemwasproposedbyauthorsin(Hsu,Lee&Chen,2010)andboundary
trackingmethodwasdevelopedtoextractflowerregionsasaccuratelyaspossible.Authorsin(Das,
Manmatha&Riseman,1999),providedthesolutiontotheproblemofindexingimagesofflowers.
Anewapproachwasproposedbythemforindexingaspecializeddatabaseofflowersbyutilizing
thecolourandspatialdomainknowledgeavailableforthedatabase.In(Najjar,Zagrouba&Najjar,
2001)authorsusedanovelmethodtoisolatetheflowerregionfromthebackgroundusingOTSU’s
thresholdingonlabcolourspaceforsegmentingflowerregion.In(Boykov&Jolly,2001),authors
usedgraph-cutmethodwhichprovided the technique to identifycertainpixelsasbackgroundor
objectsassegmentpartusingcontrastdependentpriorMarkovrandomfield(MRF)costfunction.
Authorsin(Fukuda,Takiguchi&Ariki,2008],proposedamethodforidentificationofROI(regions
ofinterest)usingtheedgesintheimagesthatdependonthenaturaluncertaintyprinciple.Authorused
C-Meansalgorithmtoavoidambiguitytodecidetheflowertypeandcategorizetheflowersbased
uponpetals.Authorsin(Hong,Chen,Li,Chi&Zhang,2004)proposedsegmentationbasedcolour
clusteringmethodtoextractflowerregionsfromflowerimagesalongwithuseofcolourhistogram
andshape-basedfeaturessettocharacterizetheflowers.

3. PLANT dEVELoPMENT ANd MoRPHoLoGy

The termplantgrowth analysis refers to auseful set ofquantitativemethods that describes and
analysestheperformanceofplantsgrowninanatural,semi-naturalorcontrolledconditionsbased
uponmeasurement of certain morphological (external structure and features) parameters related
toplantgrowth.Plantgrowthanalysis is anexplanatory,holistic and integratedapproach to the
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interpretationoftheformandfunctionofplantsandstandardapproachtothestudyofplantgrowth
andproductivity(Watada,Herner,Kader,Romani&Staby,1984).Itusessimplerawdatainthe
formofweights,areas,volumesandcontentofplantcomponents,toexaminetheprocesseswithin
theplantleadingtoplantgrowth.Plantgrowthanalysisconcepthasproventobehighlyeffective
andsuccessfullyappliedtootherrelatedareassuchasstudyofthereactionofcertainkindsofplants
todifferentenvironmentalconditions,researchoncultivation/managementpracticesforbetterplant
productivity,designofplantgrowthmodelorstudyevents thatcanmake theplantmoreor less
productive(Kuchay&Zargar,2016).

Plantgrowthanddevelopment is theprocessbywhichastructure fromseedoriginatesand
matureasaplantwithneworganstoproduceyield.Growthoftheplantisattributedtointeraction
of physiological processes such as respiration, photosynthesis and transpiration dependent upon
environmentalandsoilvariablesthatresultsinchangesinitsinternalstructureandexternalphysical
formduringdifferentstagesofitsgrowth.Atthemolecularlevel,plantgrowthinvolvesanincrease
incellnumberbycelldivision,cellenlargement, formationofhormonesand tissues.Externally
plantgrowthprocessresultsinphysicalchangesinitsstructure,formandfeatureswithformationof
neworgans(Hopkins,1999).Typically,plantgrowthanddevelopmentpattern/processaredivided
intothreeparts:thegrowth,differentiationanddevelopmentinvolvingqualitativeandquantitative
changesinplantstructure.Theplantgrowthisanindeterminatephenomenonthatincludespermanent
increaseinthesizeoftissuesandorgans,aswellasweightandindicatesquantitativechangeinthe
plantoverallstructure.Thedifferentiationistheactualformationoftissuesandorgansinplantto
depictqualitativechangesinplantstructure.Thedevelopmentistheoverallgrowthanddifferentiation
ofplantorganismasthetimegoesby.Differentstagesofplantdevelopmentisbroadlysummarized
as:fertilization→gemmule→seed→germination→seeding→growth→flowering→fruit→
aging(Hopkins,1999)

Mathematically,theplantgrowthprocessisrepresentedbysigmoidcurveasshowninFigure
1(a)(Linetal.,2003).Thesigmoidcurverepresentingtheplantgrowthprocessisdividedintothree
stages:aninitialstagewithslowgrowth,middlestageandendstageinwhichgrowthrateslowsdown.
Theinitialstageistheperiodwhentheplantssettheirbodiesaftersproutingwithstorednutrients.
Inthemiddlestage,theplantsshootsystemdevelopswithcrowdingofnewshoots(branches)and
leaves,formationoforganssuchasbuds,flowersandfruits.Biosynthesisandphotosynthesisprocesses
occurrapidlyatthetime.Inthefinalstage,plantgrowthissloweddown.Thereishardlyincrease
intheheightoftheplantandwillcompeteformetabolites,water,mineralsandlight,aswellasthe
accumulationofgrowthinhibitors.

Studyofplantdevelopmentspecificallybaseduponitsexternalstructure,featuresandforms
is referred to as plant morphology or phytomorphology. Phytomorphology is useful in visual
identificationofplantsanddealswithquantitativeandqualityanalysisofdifferentphysicalparts
orfeaturesofplantsorganssuchasroots,shoot,stems,leaves,flowers,seeds,fruitsetc.toprovide
growthassessment.Figure1(b)showsatypicalplantstructurewithdifferentmorphologicalparts
withassociatedfeaturesandtheirparameters/attributes(Schopfer,2006).Aplantisdifferentiated
intoanundergroundrootsystemandanaerialshootsystemwithdistinctmorphologicalorgans.The
shootsystemconsistsofbothvegetativepartssuchasstem,branches,leavesandreproductiveparts
suchasflowersandfruits.

Allthevisiblestructuralcomponentsoftheshootsystemthatprovideinformationofgrowth,
yield,healthstatusetc.aremorphologicalcharacters.Further,morphologicalcharactersarerepresented
bysetoffeaturesdefinedbymeasurableattributes/parameters.Morphologicalfeaturesthatcanbe
compared,measuredorcountedareknownasquantitativecharacterswhereasothersthatindicate
qualityof theplantsuchas leafcolour, leaf texture, fruitcolour,pubescenceetc.are referredas
qualitativemorphologicalcharacters.Forexample,sizeofflowerpetalisaquantitativefeatureofthe
plantorganflower.Itismeasuredintermsofcertainattributessuchaswidth,length,area,perimeter
etc.,commonlyreferredtoasdescriptiveparameters.Suchfeaturesandparametersareusedtoassess
thedifferencesorsimilaritiesinplanttaxaforplantidentification,classificationandgrowthanalysis.
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4. PRoPoSEd PLANT VISIoN SySTEM

Generally,visual inspectionofplantrevealscertainchanges in theplantstructure,formetc. that
providesthebasistoaccessplantgrowthandhealthandthismethodcaneffectivelybeautomated
usingimageprocessingandmachinelearningalgorithm.Themachinevisionsystemthatcaptures,
processesandanalysestheplantimagestoprovidevaluableinformationaboutplantisreferredasplant
visionsystem.Thisworkproposesthedesignanddevelopmentofacomputer(PC)basedplantvision
systemusingVirtualInstrumentationtechnologyforreal-timemonitoringandanalysisofspecific
multi-morphologicalfeaturesandparametersofplantsuchasleafarea,plantshootlength,detection
offlowers,fruitsandfallfoliage.Thesefeaturesareoftenrequiredtoanalysegrowthandhealth
statusofplantandareofvaluableimportantinthefieldofagricultureandzoology.Inthetraditional
agricultureset-ups,manyoftheplantmorphologicalparametersfeaturesaremanuallyinspectedby
humansondaytodaybasisandrecordedforfurtheranalysisusingconventionalmethodssuchas
meterscale,gridcountinggraphicalmethodforleafareaorusinghand-heldinstrumentsuchasleaf
areameter(Li-COR,1988).Thoughthemethodsareaccurate,buttheprocedureismanual,tedious,
time-consuminganddoesnotsupportautomaticonlinemeasurementofplantgrowthparameters.
Asanalternativetoexistingmethods,asemi/fullyautomaticplantimageacquisitionandanalysis
systemtoestimateplantgrowthrelatedcertainmorphologicalparametersofplantisimplemented
anddiscussedinthispaper.

Figure2showsatypicalarchitectureofproposedPC-basedplantvisionsystemtoestimate
certainmorphologicalparametersofaplant.BaseduponVirtualInstrumentationtechnology(National
Instruments,2000a),thesystemusesasuitablecameraasvisionsensorthatisinterfacedtogeneral
purpose computing platform such as PC. The computer is equipped with dedicated application
software(virtualinstrument)tool,namedPIPME(plantimageprocessingandmorphologicalfeatures
estimation)thatdefinesallthefunctionsandfeaturesofthesystem.Theplantimages

arecapturedbythesuitablecamera(lowresolutionMi4imobilecameraorhigh-resolutionNikon
D3300DSLRcamera)(Nikon,2014)fixedattheappropriateheightonthetripodstand.Theplant
imageframesascapturedbythecameraareforwardedwirelesslyontheWi-FinetworktothehostPC.
TheacquiredimagesareprocessedandanalysedbyPIPMEtoestimategrowthrelatedmorphological
parametersoftheplantanddisplaytheresultsongraphicaluserinterface.

Figure 1. Plant development (a) Sigmoid curve depicting plant growth process (b) A typical plant structure depicting morphological 
features (Lin et al., 2003).
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5. TooL FoR PLANT IMAGE PRoCESSING ANd 
MoRPHoLoGICAL FEATURES ESTIMATIoN (PIPME)

All the functions and featuresof theproposedplant vision systemaredefinedby thededicated
softwarevirtualinstrumenttool,namedPIPME(plantimageprocessingandmorphologicalfeatures
estimation).Itisanintegratedapplicationprogramthatacquires,processesplantimagesforfeature
extractionandestimationofcertainmorphologicalgrowthparametersofplantinofflineandonline
mode.ProgrammedonthestandardplatformofLabVIEW(NationalInstruments,2000a,2000b),
(Johnson&Jennings,2011),agraphicalprogramminglanguagefromNationalInstrument,thetool
isdevelopedwithaninteractivemenu-basedPlant-userinterface(PUI)withuniquefunctionsand
features.Figure3showsthefunctionaldesignmodelofplantimageprocessing

VItoolwithwell-designeduserinterface.Theinterfaceallowstheusertooperatethesystem,
acquireandloadplantimages,estimatemultiplegrowthparametersoftheplantusingsuitableimage
processingandanalysismethodsandvisualizetheparametersofaplantgraphicallywithabsolute
date-timestamp.ThesectionbelowexplainstheimportantfunctionalmodulesoftheVItool.

5.1. online Plant Image Acquisition
Thisfunctionalmodulewiththeuserinterfaceallowstheusertocaptureplantimagesusingacamera.
Foronlineimageacquisition,thecameraiswirelesslyinterfacedtoPConWi-Finetwork.TheWi-Fi
enabledcameraispre-configuredtoworkonthesameIPnetworkwiththehostPC.ThePCactsasa
serverformobilecamera.Figure4showstheflowchartofimageacquisitionprogramthatcontrols
theoperationofcameraandstreamingofdigitalimageframesoverWi-FinetworktoPC.Thecamera
operatesunderautomaticorsemi-automaticmodes.Inautomaticmode,thecameraisautomatically
triggeredaftertwenty-fourhourstotakethemultipleplantimageframesoneachdaywhereasin
thecaseofsemi-automaticmodetheuserstartstheplantimageacquisitionprocess.Attheclickof
STARTbuttonontheuserinterface,theprogramactivelyopensthecamera,loadtheconfiguration

Figure 2. Typical architecture of proposed plant vision system to estimate certain morphological features of plant growth
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file,createsanimagebufferinPCmemorywithuniquenameandsnapsplantimagedataframeat
low-speedtodisplayonthepanel.Multipleframesarecapturedattherateof2sandsimultaneously
loggedinthefiles,dynamicallycreatedwithdateandframenumberstamped.Theimagepixeldata
isstoredin.JPGformat(Relf,2004).Theprogramisinteractivewiththepromptofthemessagebox
thatprovidesanoptiontorestarttheprocessagainifimagecaptureisnotproper.

5.2. Morphological Features Estimation
Thisfunctionalmoduleprocessesthedigitalimageoftheplant,extractsandestimatesimportant
morphologicalfeaturesrepresentingvegetativeandreproductiveorgansofplantsuchasheight/length
ofshootsystem,areaofleaf,detectionofonsetofflowersandfallfoliageconditionanddisplay
theresultsonuser interface.Figure5showstheflowchartofalgorithmsforestimationofplant
morphologicalfeaturesforgrowthanalysis.Thealgorithmoperatesontheselectedpre-storedplant
imagesfortheparticulardaytoestimatetheaveragevalueofthedifferentmorphologicalparameters
oftheplantfortheday.Further,eachdaymeasuredparametersareloggedinafilewithday-stamp.
Thedescriptionofalgorithmsforplantimageprocessing,extractionandestimationofgrowth-related
morphologicalfeaturesofplantusingnon-destructivemachinevisionmethodsareexplainedbelow:

5.3. Estimating Plant Height
Theheightofplant(shootlength)isthedistancebetweenthebase(referencelevel:soil/pot)and
thehighestpointoftheplantwhenallthepartsoftheplantisinitsnaturalposition.Itisoneofthe
importantexternalquantitativemorphologicalparameterthatismeasuredtoascertainthegrowth
rateorannualgrowthcycleofplantofsame/differentspecies,grownindifferent/sameweather
ornutrientconditions.Itisgenerallyaccountedforinterpretationofcharacteristicsofaplantsuch
asgrowth,vigoretc.,baseduponthecomparisonofgrowingconditionssuchasweather,glazing,

Figure 3. Functional design model of VI Tool (PIPME) for plant image processing and estimation of morphological features
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growingmedia(soil/soilless)withrespecttocropinputsortreatmentsuchaswaterandnutrientlevel,
useoffertilizers,seedculture,etc.(Heady,1957).

Theproposedplantvisionsystemmeasurestheheightofthepottedplantbaseduponcalculating
andmappingthepixelsrepresentingtheplantheightintheacquiredimageusingcolordiscrimination

Figure 4. Flow chart of image acquisition program using Wi-Fi enabled digital camera
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andsubtractivemethod.Forestimatingheightofpottedplant,theuserselectedplantimageisloaded,
displayedandduplicatecopyofthesameisalsocreated(Figure5).Boththeimagesareprocessed
inparalleltofindtheshootlength(Relf,2004).Sincetheplantwiththepotpresentsdifferentcolor,
oneimageisprocessedingray-scaleandotherisprocessedascolorimageusingthresholdmethod.
Fromthefirstimage,colorplaneisextractedtoconverttheimagetograyscaleusingRBGcolor
modelandthentheimageisconvertedintobinaryusingtwo-levelthresholdmethod,acommonly
usedtechniqueforimagesegmentationtohighlightregionsofinterest(Crane,1997).Inthesimple
twolevelthresholdtechnique,toseparateoneobjectfromthebackground,thesuitablethreshold
valueischosenfromplantimagehistogramandthenbaseduponthethresholdlevelofintensitythe
plantimageismodified(Russ&Heal1999).

Similarly,thesecondcolorimageoftheplantisconvertedintobinarywithpotcolor(red)as
thresholdintensitytoobtainthebinaryimageofpotintheprocessedimage.Thisway,oneofthe
processedimagerepresentsthepictorialinformationoffullplantwhilethesecondprocessedimage
representsthepictorialinformationofthepotused.Further,fromthebinaryimages,borderobjects
andsmallparticlesrepresentingnoiseareremovedusingopenbinarymorphologicaloperationsuch
aserosionfollowedbydilationtoimproveimagequality(Crane,1997).Thetwobinaryimagesare
separatelyprocessedusinglogicaloperationsonrowsandcolumnpixelvalues.Allthecolumndatais
logicallyORandthentherowdataissummedthusprovidingthecountofverticalpixelsrepresenting
thetotalplantheightandpotheightforthetwoimages.Thedifferenceofpixelscountintwocases
isobtained toget thepixelscorresponding toplantheight.Theshoot lengthof theplant is then
calculatedbymultiplyingthepixelcountbyreferencevalueofheightperpixel.Theheightperpixel
valueisexperimentallycalculatedbyusingthepotimagedataandactualmeasuredvalueofthepot.

5.4. Flower detection
Aflower,sometimesknownasabloomorblossom,isthereproductivestructurefoundinplants
thatarefloral.Thebiologicalfunctionofafloweristoeffectreproduction,usuallybyprovidinga
mechanismfortheunionofspermwitheggs.Afterfertilization,theovaryoftheflowerdevelops
intofruitcontainingseeds.Forfloweringplants,generallyrecordingthenumberofdayssinceinitial
plantingtothefirstflowerisanimportantparametertoindicatethegrowthandhealthconditionsofa
plant(Hopkins,1994).Detectionofflowersisalsoconsideredanimportantparameterwhileanalyzing
theeffectofsomeofthecontrolledenvironmentalconditionsonplantdevelopment.Recently,based
onimageprocessing,manyflowerrecognitionsystemusingtypicalfeaturessuchascolor,edge-
detection,petalsetc.wereproposedbymanyasdiscussedinsectionII.

Theproposedplantvisionsystemincorporatesamethod(Figure5)todetectthepresenceor
absenceofflowersintheimageoftheplantusingpattern/templetmatchingalgorithm.Thealgorithm
matchesthepatternusing‘linearspatialfiltering’methodthatscanstheimageatallthepossible
positionswithrespecttothetemplet(Pakhira,2011),(NationalInstruments,1999a).Thetempletis
calledthefiltermask.Thecenter(ortheorigin)ofthetemplateT(xt,yt)ismovedateach(x,y)point
inthesearchimageS(x,y)andthesumofproductsbetweenthecoefficientsinS(x,y)andT(xt,yt)
overthewholeareaspannedbythetemplateateachreferencepixelofthesearchimageiscalculated
(Pakhira,2011).Thepositionswiththehighestscoreorveryneartothehighestscorearethematched
templetpositions.Thematchedpartsarecircledandcountedtoindicatethedetectionofflowering
condition.Ifthecountiszero,onsetofflowerisnotdetected.Byanalyzingtheimagesoftheplant
forsubsequentdays,thedetectiondateforonsetofflowercanbeascertained.

5.5. Fall Foliage detection
Fallfoliagereferstotheconditionofchangingofleavecoloroftheplantduetochangesofweather
inautumnreasons.Thisisoneofthequalitativefeaturesthatindicatesthehealthstatusoftheplant.
Inthiswork,detectionoffall-foliageconditionreferstochangeofhealthygreencolorleaftoyellow
(pale)duetomoisturestressinplantbecauseofoverandunderwateringcondition(Schopfer,2006).
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Thismayalsobeduetoenvironmentalchangesorlackofpropernutrientstotheplant.Inautumn
season,thisphenomenonisnaturalinplants,butinotherseasonsthismaybeofconcerntothegrower.
Earlydetectionofsuchkindofconditionwillhelpthegrowertosafeguardplant’shealthbytimely
regulatingplantgrowingconditions.

Figure 5. Flow chart of image processing algorithms for estimation of plant morphological features



International Journal of Agricultural and Environmental Information Systems
Volume 10 • Issue 3 • July-September 2019

41

Theproposedvisionsystemhasthenovelfeature(Figure5)ofdetectingfallfoliagecondition
ofleavesturningyellowintheplantimageandgeneratinganearlywarningsignalforthesameto
takeappropriatemeasuresiftheconditionisabnormal.Theplantimagetobescannedisloadedand
templetsoffall-foliageleavesareautomaticallyselectedandcomparedone-by-onewiththeinputplant
imageusingtempletmatchingalgorithmbasedwithlinearspatialfilteringusingcross-correlation
value(Crane,1997),(NationalInstruments,1999b).Ifthecross-correlationvalue,inanyofthecases,
exceedsthethresholdvaluethenthematchisfound,matchedpartsarecircledandcounted.Ifthe
countisnon-zero,fall-foliageconditionisdetected,otherwisenofall-foliagehasoccurred,indicating
therebythatthehealthstatusoftheplantisOK.Byanalyzingtheimagesoftheplantforsubsequent
days,therealstatusoffall-foliageconditionwithintheplantcanbeestimated.

5.6. Leaf Area Measurement
Leafisanimportantorganandmorphologicalfeatureofaplant.Plantleavesarerealworldentities,
alwayshavechangesinphysicalappearance(Goudriaan&Monteith,1990).Duetolargespatialand
temporalvariabilityinleafsizeandshapeofplantspecies,itbecomesdifficulttoquantifytheleaf.It
isgenerallycharacterizedbymeasurementofmanyparameters/attributessuchasleafdimensions,size,
area,eccentricity,color,textureetc.Thesesetofparametersprovidequantitativeassessmentofplant
leafandthatformsthebasistoidentifyplant,judgethequalityofleafyvegetablesorprovideindication
ofplantgrowth.(Kuchayetal.,2016).Areaoftheleavesisoneofthekeyfeatureoftheplantthat
notonlycharacterizestheplantspecies,butisusedasanindextoanalyzegrowthanddevelopment.
Measuringtheleafareaofplantsspansmanyscientificdisciplines.Observingthechangesinleaf
areaisimportantforassessinggrowthofdifferentplantsontheplanet.Itisbasicallyimportantas
aparameterindevelopmentofdifferentgrowthandclimatemodels.Thisvariablerepresentsthe
amountof leafmaterial inecosystemsandcontrols the linksbetweenbiosphereandatmosphere
throughvariousprocessessuchasphotosynthesis, respiration, transpirationandrain interception
(Demin,Wei&Lijing,2012).Itisanimportantparameterinecophysiology,especiallyforscaling
upthegasexchangefromleaftocanopylevel(Jingwen&Hong,2012).Leafareameasurementalso
providesinformationaboutLeafAreaIndex(LAI),definedasamountofone-sidedleafareaperunit
areaofgroundandisatermgenerallyusedinmanyspecificfieldsofplantgrowthmodelingetc.(Lin
etal.,2016).LAIisusedtopredictphotosyntheticprimaryproduction,evapotranspirationandasa
referencetoolforcropgrowth(Goudriaan&Monteith,1990).Leafareaisgenerallyinferredbymany
oftheexistingmethodssuchasdirectdestructivemethodsincludinggridcountingmethodandpaper
weighingmethod(Nathalie&Breda,2003).Usingindirectmeans,electronicleafareametere.g.
LI-3000AofLicorcompany(Li-COR,1988)providesreadingofleafareaonthedisplayunit.Also,
useofimageprocessingmethodsforleafareaestimationhavebeenexploitedbymany(sectionII).

Theproposedtechniqueforleafareameasurementcombinesthedirectmethodofgridcounting
withimageprocessingtoprovidebetterestimateofaverageleafareaofaplantascomparedtothe
existingimageprocessingmethods.Themethoduseswhitegridpaperbackgroundtotakeleafimage.
Agridpaperwithverticalandhorizontallineshaving41columnsand85rowswithsquareblockof
2mmx2mmareaandtotalsquaresof3485isaccuratelyandpreciselyprepared.Theleafisplacedon
thegridpaperandtheimageforthesameiscapturedunderfullbrightnessconditionbyhighdefinition
camerasuchasDSLRcamerahaving24MP(megapixel)resolution.Likewise,theindividualleaf
imagesofnumberofleavesofaplantarecapturedandinterfacedtoPC.Eachleafimageisstored
inthefilewithdate,leafandplantlabelforfurtherprocessingandanalysis.

Figure6showstheflowchartofthealgorithmforleafareameasurement.Thecapturedimageof
leafwithgridbackgroundfollowssequenceofdigitalimageprocessingandanalysisstepstoestimate
theleafarea.Thestoredleafimageoftheplantisreadandfirstlythebrightnessandcontrastofthe
colorpictureofplantleafisimproveduponusingtheappropriateadjustmenttopixelintensitybased
uponbrightnessandcontrastvaluesthatvaryintherange-255to255.Themodifiedcolorimage
isconverteditto8-bitmonochrome/grayscaleimageusingtheadditivecolormixingmodelbased



International Journal of Agricultural and Environmental Information Systems
Volume 10 • Issue 3 • July-September 2019

42

uponluminanceperceptionofthehumaneye(Crane,1997).Thegrayimageisinvertedandconverted
intobinaryusingthresholdtohighlighttheregionsofinterestintwodifferentcolor.Thereafter,to
improveimagequality,advancemorphologicaloperationsareperformedontheimage.Usingsimple
morphologicaloperationssuchaserosion

BL=BT-Bv (1)

AL(mm2)=BL×4 (2)

5.7. online Plant Growth Analysis
Thisfunctionalmodulemonitorsthevariationinthegrowthparametersestimatedbyimageprocessing
methodsforaparticularplantoversubsequentdays.Correspondingtoeachday,plantimageisacquired
andstoredbythesystemonline,growthparametersarecalculatedasdescribedinsubsectionsabove
andloggedinafile.Forthegivenplantindex,thismoduleloadstheparameterfilethatcontains
theestimatedvaluesofgrowthparameterssuchasleafarea,plantheight,statusofflowerandfall-
foliagedetectionforsubsequentdays.Further,thedatafileisprocessedtodisplaydayvariationin
eachplantgrowthparameteronrespectivewaveformgraphs.Thisautomaticgraphicalrepresentation
ofgrowthparametersofaplantoncontinuousabsolutetime-scalehelpstheexpertstojudgeplant
growthandhealthconditionsbaseduponthecomparisonwithsomestandardrecommendationsgiven
byresearchers/consultantsinthisarea.Thishelpsthegrowertotaketimelyactiontoimprovethe
growthrateandprotectplantfromanydiseaseorweakhealthconditionsifadequateoverallplant
growthisnotindicated.

6. RESULTS

Toanalyzetheworkingperformanceoftheproposedplantvisionsystemandvalidatetheresultsof
imageprocessingalgorithmsforestimatingdifferentgrowthparametersoftheplant,manyexperiments
wereconducted.Onlinetestsweredoneonthesameand/ordifferentplants,randomlyondifferent
daysand/orcontinuouslyforsomedays.TheplantimageswerecapturedbyDSLRorsmartmobile
phonecamerawithhigh resolution.A fewof thepreliminaryexperimentalworkand resultsare
discussedinsubsequentsections.

6.1. online/offline Plant Image Acquisition and Processing
Theproposedplantvisionsystemwasinstalledwiththecamera(NikonD3300)interfacedtoPC
runningtheplant-visionsoftware(VI)tool.Thecamerawasplacedonthetripodstandtotakethe
fullimageofthe‘test’plantinthepot(Figure2).Manyplantimagesweretakenoneachdayand/
orsubsequentdaystoonlineprocessandanalyzethegrowthparameters.Theonlineacquiredplant
imagesampleswereusedtoextractcertaingrowthparameterssuchasplantheight,flowerdetection
andfoliagedetectioninanon-contactmannerwithoutdisturbingthenaturalgrowthprocessofthe
plant.Forleafareameasurement,certainleavesofthe‘test’plantwerepluckedandimagesofthe
samewereofflineacquiredandstoredinPCforanalysisbythesoftware.

6.2. online Plant Image Acquisition
Foronlineplantimageacquisition,thecameraofthevisionsystemcapturedthedigitalimageofthe
‘test’plantandinterfacedittoPCfortheVItooltoacquireandprocessitfurther.Figure7showsthe
frontpanelof‘onlineimageacquisition’VI.Attheclickof‘Startacquisition’button,theprogram
acquiredtheimagesoftheplantcontinuouslyattheintervalof20seconds.Eachimagewasdisplayed
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Figure 6. Flow chart of image processing algorithm for measurement of leaf area of a plant and dilation, the image is further 
improved upon by removing the small particles, border objects, fill the holes, to get the final processed image. The image is then 
inverted to get the final processed image (Relf, 2004), (National Instruments, 1999). The processed image is analyzed to estimate 
the leaf area. For this, the number of the visible grid blocks (Bv) are counted using square detection operation. Then the number 
of square blocks covered by the leaf (BL) are calculated using equation (1) as the number of total blocks (BT = 3485) on the grid 
are known. The area of the leaf (AL) is hence calculated using equation (2), the area of each block being 4mm2.
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ontheindicator.Whenthefixednumberofimages(pre-defined)oftheplantwereacquired,amessage
boxinteractivelyallowedtheusertoSTOPacquisition.Theacquiredimagesweredynamicallystored
inthefilewithdate/timestamp.

6.3. online Growth Parameters Extraction and Estimation
Theacquiredplantimageswereprocessedandanalyzedusing‘growthparameterextraction’menu
buttononplantuserinterfaceoftheVItool.Figure8showsthefrontpanelof‘growthparameter
(morphologicalfeatures)extraction’virtualinstrumentthatindicatestheaverageestimatedvaluesof
plantheight,numberoffallfoliage(colormatches)andnumberofflowersdetectedforthecaptured
plantimageforthespecificday.Basedupontheselectedinputdate,multiplesamplesofplantimages
forthedaywerereloadedandsequentiallyprocessedbythespecificimageprocessingalgorithms
todisplayaveragevalueofplantmorphologicalparametersonrespectiveindicators.Theestimated
resultswereinaccordancewithobservedresults.Asobviousfromplantimage,therewasnotraceof
flowersandalsooneoftheleafoftheplantwasgettingpale(changesincolorfromnormalgreen)
hencefallfoliageconditionwasdetected.Theaverageplantheightvalueof10.01cmasdisplayedon
thepanelwasmeasuredwithhighaccuracy.Thereadingwas

6.4. offline Leaf Image Acquisition and Leaf Area Calculation
Imagesofmultipleleafsamplesofa‘test’plantwastakenbyplacingeachonawhitegridbackground
usinghighresolutioncamera.TheimagesweretransferredtoPCandsavedinanappropriatefile
withdateindexforfurtherprocessingbytheVItool.Figure9(a)showsthefrontpanelofofflineleaf
areameasurementVI.Basedupontheuserinputdate,thecorrespondingleafimagesforthedaywere
processedsequentiallybytheunderlyingimageprocessingalgorithmforleafareacalculation.The
measuredaveragevalueofleafareaof1000mm2wasdisplayedontheindicator.Rawandprocessed
sampleleafimageswerealsoindicated.Thereadingonthepanelwasvalidatedbycomparingthe
samewiththemanuallymeasuredaverageleafareavalueof1002mm2usinggraphicalgridcounting
method.havingverylowvalueof2mmerrorinthereading.Manysuchtestswereconductedand
overallmeanpercentageerrorinestimatingtheleafarearemainedverylow(0.48%)incomparison
toothercitedworksasshowninFigure9(b).

6.5. Growth Analysis and data Validation of a Single Plant
Themaingoaltodeveloptheproposedplantvisionsystemistodeploythesystemforcontinuous,
automaticonlineacquisition,monitoringandanalysisofgrowth-relatedmorphologicalfeaturesof
‘test’plantintheagriculturefieldondailybasis.Alongwithmonitoringoftheparametersusingplant
visionsystem,eachparameterwasmeasuredwithstandardmeasuringinstrumenttoascertainthe
actualvalueofparametersandhenceforthvalidatetheproposedalgorithmsandworkingperformance
ofthesystem.Thevisionsystemwasinstallednearthe‘test’plantwhichwasnaturallygrowingin
openareaandwaswateredproperly.Eachdaymultipleimagesoftheplantwereacquired,logged
andprocessedtodisplaytheaveragevalueofgrowthparametersontherespectiveuserinterfaces.
Also,foreachday,actualvaluesofplantgrowthparameterswererecordedtovalidatetheestimated
valuesandanalysethepercentageerrorinthemeasurementprocess.Table1summarizestheestimated
andactualvaluesofmorphologicalfeaturesofa‘test’plantalongwithstatisticalanalysisofdata.
Figure10(a),(b)and(c)showvariationsinestimatedandactualvaluesofplantheight,leafarea
overthe15daysofcontinuousmonitoringalongwiththerespectiveerrorcurves.Duringthesedays,
theplantheightandleafareaincreasedgradually.Plantheightandleafareavariedfrom24.6cm
to33.6cmand980mm2to1095mm2,respectively.Boththeparametersweremonitoredwithhigh
levelofaccuracy.Theerrorinplantheightremainedlow,variedintherange-0.4to+0.3cmwith
meanpercentageerrorof-0.02%androotmeansquarepercentageerrorof0.69%respectively.For
leafarea,theerroralsoremainedlow,variedintherange2to9mm2withmeanpercentageerrorof
0.48%androotmeansquarepercentageerrorof0.2%.
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Figure11(a)and(b)indicatethestatisticaltestresultsandperformancemetricsoffallfoliage
andflowerdetectionalgorithmsbasedupontheactualandestimated/indicatedstatusofeachduring
thedays.Theprobabilityofdetectingthenumberof truecasesaspositive(truepositive:TP)or
number of false cases as negative (true negative: TN) remained very high as compared to false
indication(falsenegative:FNorfalsepositive:FP).Further,theperformancemetricsbasedupon
thecombinationalteststatisticsofthedetectionalgorithmssuchassensitivityspecificity,predictive
valuetrueandpredictivevaluefalsewereevaluatedusingequations(3),(4),(5)and(6)(Parikhat
al.,2008),respectively.

Figure 7. Front panel of ‘online image acquisition’ VI to capture, display and store the plant image acquired by digital camera 
interfaced to PC validated by comparing the same with the manually measured shoot length value of 10.58 cm using standard 
measuring tape.

Figure 8. Front panel of ‘growth parameter (morphological features) extraction’ VI that indicates the average estimated values 
of plant height, number of fall foliage (yellow color matches) and number of flowers detected for the plant image of specific day
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Sensitivity(%)=TP/(TP+FN)×100 (3)

Specificity(%)=TN/(TN+FP)×100 (4)

PredictivevalueTrue(%)=TP/(TP+FP)×100 (5)

PredictivevalueFalse(%)=TN/(TN+FN)×100 (6)

Thesensitivityofdetectingthesituationoffallfoliageoccurrenceintheplantimageremained
high(77%)asproportionsoftruepositive(10/15)washigherthanfalsenegative(3/15).Boththe
algorithmswereabletorejectthecasesofnon-occurrenceoffall-foliageandflowersuccessfully
during thedays (truenegative).However, therewere somecases (3/15)ofnotdetecting the fall
foliageconditionwhenitactuallyoccurred(falsenegative).Buttherewerenosuchcases(0/15)of
detectingthefall-foliageorflowerconditionswhensuchconditionsdidnotoccur(falsepositive).

Figure 9a. Front panel of plant leaf area measurement VI

Figure 9b. Comparison of percentage error in leaf area measurement with other cited works
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Hence,thespecificityofsuccessfullyrejectingthenon-occurrenceofthefall-foliageandflowers
remained100%.Sinceduringthemonitoringdaystherewasnoonsetofflowers,truepositiveor
falsenegativecasesremainedzero.Boththefall-foliageandflowerdetectionalgorithmshavehigh
degreeofinsensitivitytofalsealarms

7. CoNCLUSIoN

Inthiswork,auniquemachinevisiontoolwitheasy-to-useplantuserinterfaceforonline/offline
estimating of certain plant growth related morphological parameters has been successfully
implemented.Wirelesslycapturedplantimagesusinghighresolutioncamerasarelogged,processed
andanalyzedusingimageprocessingalgorithmstoestimateplantheight,averageleafarea,detection
offlowersandfall-foliageconditionwithintheplant.Theresultsobtainedarestatisticallyanalyzed
andvalidatedusingstandardmethods.Theworkingofthesysteminreal-timeconditionsisfound
satisfactory.Thesuccessfullycapturedplantimagesareprocessedwithminimumtimelag.Software
takes1-2stoprocessandanalyzecapturedplantimagestoprovidethebestestimateofthedesired
morphological parameters on the GUI. The information on the panel is updated at the fast rate
whenevernewimagesaretakenandloaded.Inautomaticmode,theimageacquisitiontimecanbe
setaspertherequirements.Generally,plantmorphologicalparametersaremeasuredonday/week
basistoaccessplantdevelopment.

Table 1. Estimated and actual values of morphological features of a ‘test’ plant on different days along with statistical analysis 
of data
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Figure 10. Day variations in estimated and actual values of morphological growth parameters of the plant (a) Plant height (b) Leaf 
area (c) Related percentage error curves

Figure 11. Test results of identifying plant morphological features (a) Fall foliage detection (b) Flower detection
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Theoverallmeasurementaccuracyofallparametersremainshigh.Thetoolsupportsmeasurement
ofleafareaofplantwithimprovedlevelofaccuracywithmeanpercentageerrorof0.48%andplant
height measurement with mean percentage error of - 0.02%. Both fall foliage and flower onset
conditionsweredetectedwithhigh levelof sensitivity (above77%)andspecificity (100%).The
imageanalysisalgorithmswereabletorejectthecasesofnon-occurrenceoffall-foliageandflower
successfullyduringthedayswith100%oftruenegative.However,thereweresomecasesofnot
detectingthefallfoliageconditionwhenitactuallyoccurredthusprovidingfalsenegativepercentage
of20%.

Infuture,theoverallfunctionalityofthesystemcanfurtherbeenhancedbyincludingmethods
ofmeasurementofotherparameterssuchasdetectionandcount,occurrenceofpestsetc.forgrowth
andhealthanalysisandplantidentification.Thesystemreliabilitycanbeimprovedbyanalysingand
fusingplantimagesfromvariousanglesusingmultiplecamerasorrotatingthecamera.Further,the
systembeingonthenetworkcanbeeasilyintegratedasInternetofThingssystemtoanalyseand
classifyplantgrowthanddiseases.

Figure 12. Performance metrics of plant morphological features detection algorithms
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