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EnvironmentalInformaticsstudieshowinformationcanbeacquired,stored,processed,modelled,and
communicatedforenvironmentalsciencesandmanagement.Originatedinearly1990’s,Environmen-
talInformaticshasdevelopedintoamulti-disciplinaryareathatnotonlycoversenvironmentsciences
andengineering,butalsocoversorinteractscloselywithinformationandcommunicationtechnology,
electronic engineering, agriculture, biology, earth sciences, remote sensing, and soon.Thegoalof
EnvironmentalInformaticsistofostereffectivecollection,management,share,anduseenvironmental
datatoobtainabetterunderstandingofourchangingenvironment,identifyandmanagetheriskand
opportunitiesintheinteractionbetweennaturalsystems,humanactivitiesandsociety,andultimately
maintainasustainablerelationshipbetweenthehumanspeciesandnature.

OneofthekeytasksinEnvironmentalInformaticsisthecollectionandanalysisofenvironmental
data.Datacollectiontechniqueshavebeendevelopingveryquicklyduringthepastdecades.Apartfrom
humanfielddatacollection,awiderangeofsensorshavebeenproducedanddeployedonterrestrial,
airborne,spaceborne,andunderwaterplatforms,aswellasinvariouslaboratorysettings.Amongthem,
imagingsensorshaveuniquecapabilityofgenerating2D,3D,or4Dsnapshotsofscenes.Theyprovide
humanobserverswithcomprehensive,intuitive,andeasytounderstandinformationofenvironmental
targets.Besideswidelyadoptedgrayscaleandcolourimages,microwave,Radar,LiDAR,multispectral,
andhyperspectralimageshavealsobeenadoptedinenvironmentalsensing.Theyprovideheterogeneous
informationontheinternalandexternalpropertiesofthemonitoringtargets,bothremotelyandinclose
range.

ComputerVisionandPatternRecognition(CVPR)provideEnvironmentalInformaticswithpower-
fultoolsfordatainterpretationandanalysis.ComputerVisionisadisciplinethatunderstandstheworld
throughcamerasand imageswhilePatternRecognition focuseson thedetectionand recognitionof
structuresindata.Thesetwofieldscometogetherwhenthereisaneedforimageinterpretation.They
playimportantrolesintheprocessesinvolvedinEnvironmentalInformaticsduetotheirpervasive,non-
destructive,effective,andefficientnature.AsaconsequenceCVPRhasmadesignificantcontributions
toEnvironmentalInformaticsbyenablingmulti-modaldatafusionandfeatureextraction,supportingfast
andreliableobjectdetectionandclassification,andminingtheintrinsicrelationshipbetweendifferent
aspectsofenvironmentaldata.

Withtheincreasingamountofenvironmentimagedataandrequirementsondevelopingnewsensing
andimageinterpretationtechniques,CVPRhasbeenwidelystudiedandemployedinrealenvironmental
applicationsincludinginsectrecognition,leafclassification,fishmonitoring,wildfiredetection,disaster
damageestimation.CVPRresearchersareworkingcloselywithenvironmentalresearchersandhave
jointlydevelopedanumberofsuccessfulprojectswhichhaveledtolargescaledatabaseandpromising
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technology.Anexampleisthehand-heldelectronicfieldguidedevelopedbyresearchersinColumbia
UniversityandUniversityofMaryland.Thisprojectaimstocompareleafsnapshotstoalibraryofleaf
images1.AteamledbyProfessorThomasG.DietterichinOregonStateUniversityhasundertakenseveral
projectsinecosysteminformaticsandcomputationalsustainability2.Intheseprojects,CVPRapproaches
havebeendevelopedandappliedtopredictspeciesdistribution,predictingbirdmigrationpatternsand
identifysmallanthropods.AnothersuccessfulstorycomesfromcollaborationbetweenCVPRandenvi-
ronmentalresearchersinEuropeandAsia.TheFish4Knowledgeproject3usesvideocamerastoobserve
andanalysethepresenceandbehaviourofunderseaanimals.Thisprojecthascoveredtheseveralkey
componentsindevelopingausableenvironmentalmonitoringsystem,includinginformationabstrac-
tionandstorage,automaticsinformationretrieval,robustnesstonoisyenvironment,andauserfriendly
interfacefortheintegrationofhumanknowledgeandmachineintelligence.

ThebigdatanatureofEnvironmentalInformaticsandthecomplexenvironmentalmonitoringand
analysispracticehaveboostedfundamentalresearchinCVPR.Anumberofcomputervisiontaskssuch
asimagedenoising,featureextraction,featuredescription,3Dmodelling,imageretrievalandmatching,
objectandimageclassification,havebeencastintorealenvironmentaldatainterpretationchallenges
whichrequirehighrobustness,effectiveness,andefficiency.Fromapatternrecognitionpointofview,
statistical,structural,andsyntacticapproacheshaveallbeinvestigatedandextendedfortheneedofde-
tection,recognition,andprediction.Thedevelopmentonthesetopicshasnurturedthecreationofnew
workshops,buildingofinterestgroups,andpublicationinmajorCVPRvenues,suchasIEEEInternational
ConferenceonComputerVision,IEEEConferenceonComputerVisionandPatternRecognition,IEEE
InternationalConferenceonImageProcessing,andInternationalConferenceonPatternRecognition.

Theobjectiveofthisbookistopresentthelatestprogressesonthemultidisciplinaryresearchfield
thatincludesCVPRaspartofEnvironmentalInformatics.Wehavegatheredhigh-qualitycontributions
thatreachbeyondthestate-of-the-art.Theseincludeexamplesofenvironmentalimageacquisitionand
matching,featureextraction,objectdetectionandrecognition,trackingand3Dmodellingwherecom-
putervisionmethodsplayanindispensiblerole.Thisbookalsopresentsdiscussionstoinnovatenew
ideasandproblemsinapplyingCVPRtoenvironmentalapplications.Indoingso,weattempttoprovide
usefulreferencesforprofessionals,researchers,engineersandstudentswithvariousbackgroundsand
withindifferentcommunities.

Thisbookisorganizedintothreesections,focusingonunderwaterlife,insect,plantandsoil,respec-
tively.Followingisasummaryoneachsectionandtheircorrespondingchapters.

SECTION 1: COMPUTER VISION AND PATTERN RECOGNITION 
METHODS FOR AQUATIC ANIMAL DETECTION AND MONITORING

Asthesectiontitlestated,thissectionfocusesontheapplicationsofCVPRmethodsfordetectingand
monitoringofanimals living inanaquaticecosystem.Aquaticecosystems includebothmarineand
freshwaterecosystems.Theyperformmanykeyenvironmentalfunctionsandproducesignificantprimary
production.Monitoringaquaticecosystemsishighlyimportantfordetectingenvironmentalchangesand
facilitatingindustrialproduction.Thiscanbeachievedthroughaquaticlifeanalysis,andinparticular,
monitoringand recognitionofunderwater animals.However, this is averychallenging taskdue to
complexunderwaterenvironment,limitedillumination,anddiversityofaquaticspecies.Thischapter
containssixchaptersdedicatedtosolvedifferentaspectsoftheproblems.
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Chapter1 introducesahierarchicaldecompositionmethod todetectunusual fish trajectoryfrom
videoscapturedfromunderwaterenvironment.Thisisoneofthetasksforfishbehaviourunderstanding
whichprovidescluestodetectchangesoftheirlivingenvironment.Inthischapter,usualfishtrajectory
isdefinedasthosethataredifferentfromcommonbehaviouroffish.Tofacilitatetheclassification,
labelledandclustereddataareusedtotrainaclassifier.Thosebehavioursthatfellintosmallclusters
areconsideredasusualtrajectoryoroutliers.Duringtheclusteringandoutlierdetectionstep,feature
selectionisperformedwiththehelpofthelabelleddatasothatbesttrajectoryfeaturescanbeselected.
Theoptimalcombinationoffeaturesandtrajectorysegmentsformthefinalhierarchyfordetection.The
authorsofthischaptercomparedtheirmethodwiththestate-of-the-artunsupervisedapproachesand
showthatitgeneratessuperiordetectionrate.

Chapter2describesamachinelearningmethodtoautomaticallydetectscallopsusinganautonomous
underwatervehiclesystem.Thismethodisbuiltonarecentlydevelopedapproachwhichhasthreesteps.
Thefirststepadoptsatop-downvisualattentionmodeltodetectregionsthatmaycontainscallops.Then
theregionsareselectivelysegmentedtoextractboundariesofcandidatescallopsandgetacircleshape
fittedtotheboundaries.Inthethirdstep,shapeandorientationprofilesoftheregionineachcircleis
fedintoatrainedclassifierforscallopdetection.Theproblemofthisclassificationsystemisthatmany
regionsthatdonotcontainscalloparepositivelyclassified.Inordertoreducethefalsepositives,authors
evaluatedtwopossiblesolutions,i.e.,weightedcorrelationtemplatematchingandhistogramofgradients.
Theexperimentalresultsshowthattheformerisabetteroption.

Differentfromthefirsttwochaptersinwhichimagesorvideosaretakenbyonecamera,inchapter3,
authorsintroduceasystemequippedwithapairofcamerastocapturestereounderwatervideofootage.
Thisallowsthreedimensionalinformationoffishbereconstructedforfishcountingandmeasurement.
Yet,thechallengeliesinhowtodevelopafastandreliablesystem.Theauthorsproposethatthiscan
besolvedbybreakingthetaskintothreemajorsteps,i.e.,identification,tracking,andmeasurement.A
seriesofimageprocessingandpatternrecognitionapproachesareadoptedinthesethreesteps,including
backgroundsubtraction,filtering,templatematching,andshapefitting.Inthischapter,authorsalsogive
acomprehensivereviewonfishdetectionandcountingmethod,andsuggestusingsupervisedlearning
approachtoimprovetheaccuracyoftheidentificationaccuracy.

Inchapter4,VarunSanthaseelanandVijayanK.Asariintroduceauniqueandinterestingapplica-
tionofCVPRonautomatedwhaleblowdetectionininfraredvideos.Itsvalueisobvious:providingan
assistivetechnologytoreleasewhaleresearchersfromtediousvisualobservationandwhaledetection
fromvideos.Threesolutionsareproposedforthispurpose.Thefirstsolutionisbasedonamulti-layer
perceptron,whichiseffectivebutmissessomesmallwhaleblows.Thesecondsolutionuseslocalrela-
tivevarianceandfractalfeatures.Itcansolvetheproblemofmulti-layerperceptronwiththecostof
increasingfalsepositivedetection.Thelastsolutionisbasedononeofthelatestdeeplearningmethods,
theconvolutionalneuralnetworks,whichhasgeneratedthebestperformance.

Chapter 5 is titled “Automatic fish segmentation and recognition for trawl-based cameras”. The
technologyinthischapterisdevelopedforfishabundanceestimationfromlowcontrastvideodata.The
reportedvideoacquisitionsystemcontainscameras,LEDstrobes,supportinghardware,andimageac-
quisitionsoftware.Forautomaticfishsegmentation,statisticsofimageregionsarecalculatedandused
forobjectboundarydetection.Theoutputisthenusedforfishrecognition.Aclasshierarchyoffishis
learnedbyunsupervisedapproaches.Duringtheprocess,apartialclassificationmechanismisintroduced
soastoallowpartialdiscriminativefeaturesbeutilizedintheclassifierlearningprocess.Theproposed
systemhasgenerated93%recognitionrateonmid-waterimagesets.
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Thelastchapterinthissectionfocusesonboxjellyfishmovementtracking.Boxjellyfishhasaunique
visualsystemwhichhashighvalueinstudyingtherolesofvisioninearlystagesofeyeevolution.To
understandhowthisvisualsystemislinkedtothemovementofboxjellyfish,itisnecessarytotrack
andanalysesuchmovement.Aspointedoutbytheauthors,thisisanon-trivialproblemduetothedif-
ferencesonimagequality.Similartothesolutioninchapter3,themethodinthischapteralsoadoptsa
detectionandthentrackingframework.Animportantfeatureusedtofacilitatedetectionandtrackingis
therhopaliawhicharediscshapestructureintheboxjellyfish.Theyformthetargetsoftrackinginstead
oftheactualbodyofjellyfish.

SECTION 2: COMPUTER VISION AND PATTERN RECOGNITION 
METHODS FOR INSECT RECOGNITION AND MODELLING

Insectsarethemostdiverseanimallifeformsonearth,withestimatednumberofspeciestobemillions.
Thismakesinsectrecognitionaverychallengingtask.Therecognitionandmodellingproblemisfurther
complicatedbynormallysmallsizeofinsects,andslightdifferencesbetweenspecies.TheCVPRresearch
inthisareaispromotedbythebuildingoflargescaleinsectsdatabases,suchastheAtlasofLiving
Australia4.Theneedalsocomesfromtheemergingdemandinbiosecurity,agriculture,environment
protection,andtourism.Thissectioncontainsfourchapters,withtopicsrangingfromfeatureextraction,
3Dmodelling,torecognition,aimingtotacklethechallengesmentionedpreviously.

Chapter7isaboutinsectrecognitionusingsparsecodinganddecisionfusion.Inordertoclassify
insectimages,acommonpracticeistoconvertimagesintovectorizedrepresentationssothattheycan
beusedasinputtoclassifiers.Codingandpoolingaretwokeystepstoconstructsuchrepresentation.
In thischapter,authors implemented threemainstreamcodingmethods includinghardcoding,soft
coding,sparsecoding,andsalientcoding.Theauthorsdiscoverthemostdiscriminativecodesamong
thesefouroptions,andusedthemforthenextpoolingprocess.Attheclassificationlevel,decisionfu-
sionmethodisusedtogeneratemorerobustpredictionmodel.Theproposedapproachwasappliedtoa
fruitflydatasetwithabout20specieswhoseimagesarecapturedatdifferentviews.Theexperimental
resultsshowthatthismethodisveryeffectiveandefficient.

Chapter8studiesfeatureextractionfrombutterflies.Featureextractionisoneofthemostimportant
stepsinaCVPRsystem.Extractingsimpleyetdiscriminativefeaturesdeterminestheaccuracyofinsect
classification.Theideainthischapteristocomputeskeletalcurveofshapesfromnaturalobjectscon-
tainedinenvironmentalimages.Inthischapter,imagesarefirstconvertedintobinaryform,sothatedges
canbeextracted.Theseedgesarelinkedintocontourwhoseshapeisoptimizedthroughmathematical
modelling.Thisleadstoskeletonfeaturerepresentationthatisrobusttonoisesintheimage,orcomplex
structureofbinarizedobjectshape.

Thetitleofchapter9is“CategorizationofPlantandInsectSpeciesviaShapeAnalysis”.Similarto
chapter8,thismethodalsorelyoncontoursofinsectsorplantsforspecieclassification.Whenobject
contourshavebeengenerated,authorsproposetoconstructagraphusingcontourpointsasthevertices
ofgraph.Thenthedistancebetweeneachpairofverticesarecalculated.Thedistributionofsuchdistance
isusedtobuildahistogramrepresentingthefrequencyofnormalizeddistances.Thehistogramsare
furtherprocessedusingaclassicbag-of-wordsmodel,soastoproduceavectorizedformofeachcontour
image.Thenclassifiercanbetrainedtopredictthespeciesofinsectsorleaves.Theshapeinformation
isfurthercombinedwithhierarchicallocalstructuralinformationtobuildbetterrecognitionsystem.
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Chapter10addressesacompletedifferenttopicofinsectanalysisfrompreviouschapters:3Dmodel-
ling.Thegoalof3Dmodellingistoenablevisualizationofobjectsfrom2Dto3Dspace,andfacilitate
objectclassificationsuchasinsectspeciesidentification.Inthischapter,authorsstudiedtherelationship
between3Dand2Dimagespaceandtheirtransformationusingmanifoldtheory.Theresultshavethe
potentialofimprovingrecognition,detection,and3Dmodellingofresearchtargetsinenvironmental
informaticssuchasinsectsandlargeranimals.Authorsperformedexperimentsongoldfishandgrass-
hopperimages,andhaveshownthevalidityoftheproposedrepresentation.

SECTION 3: COMPUTER VISION AND PATTERN RECOGNITION 
METHODS FOR PLANT AND SOIL ANALYSIS

PlantanalysisisanimportantresearchtopicinEnvironmentalInformatics.Duringthepastyears,CVPR
methodshavebeenusedforvarioustypeofplantrelatedresearch,includingdetectionofpathogen,ob-
servationforphenomics,classification,andmorefundamentalbiogeochemicalprocessintheinteraction
betweenplants,soil,andtheatmosphere.Inthissection,sixchaptersareincludedtoshowcasetheusage
ofCVPRmethodsinplantandsoilanalysis.Aspecialcharacteristicofthissectionisthatadvanced
sensingtechnologies,otherthanconventionalcamerasthatproducegrayscaleorcolourimagesandvid-
eosusedinComputerVision,havebeenintroducedforenvironmentalapplications.Inparticular,four
chaptersarebasedonmultispectralorhyperspectralimagingwhichcapturesthereflectanceproperty
ofobjectsurfaceacrossawiderangeoflightwavelength.WealsopresentonechapterbasedonLiDAR
fortreespeciesclassification.

Chapter11istheonlychapteronsoilanalysisinthisbook.Itdemonstratestheutilityofhyperspectral
imagingtechniqueforsoilcomponentanalysis,inthiscase,thepercentageofbiochar.Insoils,bothsoil
andbiocharareintheformofsmallparticlesmixedtogether.Theauthorsproposedtousehyperspectral
unmixingapproachestoestimatetheproportionsofbiocharandsoilateachimagepixel.Severalap-
proachesbasedonlinearmixturemodelhavebeenproposed,includingleastsquares,nonnegativematrix
factorization,andsparserepresentationwhichisawidelyadoptedmethodinCVPR.Theoutcomeof
experimentsshowthatnonnegativematrixfactorizationmethodisthemostaccuratewhencompared
againstgroundtruthdatacollectedintheenvironmentallaboratory.Thissearchhasopenedtheoppor-
tunityofexploringotherelementinthesoilsamples.

Chapter12aimsatclassifyingcropsfromweeds.Inthiswork,smallsizeagriculturerobotsareused
tocollectmultispectralimagesinacarrotfarm.Thecarrotplantsareingrowthstageswithweedspresent
intheirsurroundingarea.Theclassificationsystemfirstseparateplantforegroundfromsoilbackground
usingvegetationindexthathasbeenwidelyadoptedinremotesensing,thenextractavarietyoffeatures,
bothinshapeandinspectralindices,fromtheforegroundimage.Thesefeaturesarefeedintoarandom
forestclassifier,andaftersmoothingandinterpolationoftheoutcome,leadto93.08%averageclassifi-
cationaccuracyforcarrotandweed.

Inchapter13,authorsintroduceaplant3Dmodellingsystembasedonhyperspectralimagingtech-
nology.The3Dmodelbuildingcanbeimplementedinbothvisiblelightrange,ornearinfraredrange,
dependingonwhichcameraisusedforimagecapture.Givenasetofimagescapturedfromdifferent
anglesaroundaplant,theproposedsystemusesclassicstructurefrommotionapproachtogeneratea
3Dmodelforeachspectralband.Theythesemodelsaremergedusingamodelregistrationmethod.
The3Dmodelconstructionrequireshighspatialresolutionimage,buttheresolutionofcameraislow.
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Therefore,apansharpeningapproachisusedtoproducehighspectralhighspatialresolutionimages.
Theproduced3Dmodelscanbeusedtosupportawiderangeofresearch,includingplantphenomics.

Inchapter14,acellphoneimagebasedplantdiseaseclassificationsystemisintroduced.Theinfec-
tionregionofplantischaracterizedbycolouroftheregionandseveraltexturefeaturesextractedfrom
theimage.Thesefeaturesarestatisticallyselected,andusedastheinputtoclassifiers.Thisapproach
isappliedtotheclassificationofdiseasesymptomsonwheatleaves,withfivesymptomsconsidered.
Authorsalsoshowcasetheutilityofthisapproachonclassificationofsugarbeetdiseasesymptoms.
Astheproposedsystemworksonmobiledevices,itrequiresresourceconstraintcomputations.Asa
consequence,duringtheimageprocessingandpatternrecognition,stepsareimplementedinanefficient
mannerwithoutusingtimeconsumingfeatureextractionofclassificationmethods.Thisworkhasthe
potentialofprovidingfarmerswithconvenienttoolsforcropmonitoringanddiseasediagnosis.

Chapter15addressesthedatamatchingproblemwhenmatchingtargetsareindifferentdimensions.
Thisiscommoninenvironmentalinformaticsasvarioustypesofsensorshavebeenusedfordatacol-
lection,whichgenerateheterogeneousdata.Matchingthesedatahasparticularimportance,forexample
inevaluatingthedamageasanaftermathoftsunamiwhensatelliteimagesindifferentformatsareused,
ormappingplantdatacapturedbybothhighspatialresolutioncolourimageandlowspatialresolution
hyperspectralimage.Inthischapter,authorsusehyperspectralimageasanexample,anddevelopeda
graphbasedapproachtomatchtwohyperspectralimageswithdifferentdimensions,ormatchhyper-
spectralimagewithcolourimagewiththesametarget.

Finally,inthelastchapterofthisbook,TerrestrialLiDAR(T-LiDAR)Scanningtechnologyisintro-
ducedtoclassifytreespeciesinaforest.T-LiDARisalaserbasedtechnologythatreturns3Dpointcloud
informationofobjects.This3Dpointcloudreflectsthedistanceoftheobjectstothescanningsensor,
andwhenaggregatedalsoprovidesshapeinformationofobjects.Ifthespatialresolutionof3Dpoint
cloudishighenough,geometrictexturefeaturecanbeextractedfromtheimage.Thenauthorspropose
threemethodsfortreespeciesclassification,i.e.,multi-resolutionanalysis,regionbasedsegmentation,
andscarsegmentationmethods.Authorsclaimthatallthesemethodsworkeffectivelyintreespecies
classification.

Towardtheendofthispreface,wewouldliketopointoutthatthisbookisoneofthefirstthatin-
troducesComputerVisionandPatternRecognitioninEnvironmentrelatedapplications.Theintended
audienceofthisbookwillbeprofessionalsandresearchersworkinginthefieldsofCVPRandEnvi-
ronmentalSciences.Thebookshouldalsoserveasanimportantreferenceforseniorundergraduateand
graduatestudentsstudyingthissubject.Moreover,thebookprovidesinsightsandsupporttoinnovative
andcreativestudiesconcernedwiththedevelopmentofcomputervisionandenvironmentalinformat-
icswithindifferenttypesofresearchandworkingcommunities.Wehopethepublicationofthisbook
will fosterbettermutualunderstandingbetweenCVPRandenvironmental researchers, attractmore
researchersandengineersintorelevantarea,andboostthedevelopmentofthismulti-disciplinaryarea.

Jun Zhou 
Griffith University, Australia

Xiao Bai 
Beihang University, China
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Terry Caelli 
The University of Melbourne, Australia

ENDNOTES

1 http://www.cs.columbia.edu/~belhumeur/
2 http://web.engr.oregonstate.edu/~tgd/
3 http://groups.inf.ed.ac.uk/f4k/index.html
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