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ABSTRACT

Thisarticleisdrivenbythreegoals.Thefirstistousemachinelearningtopredicttreecovertypes,
helpingtoaddresscurrentchallengesfacedbyU.S.forestmanagementagencies.Thesecondisto
bringpreviousresearchintheareaup-to-date,owingtoalackofdevelopmentovertime.Thethird
istoimproveonpreviousresultswithnewdataanalysis,higheraccuracy,andhigherreliability.A
DeepNeuralNetwork(DNN)wasconstructedandcomparedwiththreebaselinetraditionalmachine
learningmodels:NaïveBayes,DecisionTree,andK-NearestNeighbor(KNN).Theneuralnetwork
modelachieved91.55%accuracywhilethebestperformingtraditionalclassifier,K-NearestNeighbor,
managed 74.61%. In addition, the neural network model performed 20.97% better than the past
neuralnetworks,whichillustratesbothadvancesinmachinelearningalgorithms,aswellasimproved
accuracyhighenoughtoapplypracticallytoforestmanagementissues.Usingthetechniquesoutlined
inthisarticle,agenciescancost-efficientlyandquicklypredicttreecovertypeandexpeditenatural
resourceinventorying.
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INTRoDUCTIoN

outline
Thispaperbeginswithanintroductiontotheproblembackgroundandresearchbackground,followed
byadescriptionofthedataset.Next,themethodologyandapproachforanalyzingandpreprocessing
thedatasetarepresented.Experimentsthatwereperformedarethendetailed,includingtechniquesto
improveaccuracyandthemethodusedforensembletraininginparallel.Finally,resultsaredescribed
forthebaselineclassifiersandtheneuralnetwork.Theseresultsarecomparedtopastworkinthis
areabeforelistingchallenges,futurework,andconclusions.

Background and Motivation
Classifyingareasofforestbasedonthepredominanttreetypecanbeofgreatusetolandmanagement
agenciesfornaturalresourceinventoryinformation,especiallyforfederallyprotectedandmanaged
nationalforestsintheUnitedStates(Blackard&Dean,1999).Thisisparticularlytrueofolder-growth
forestsinremoteareaswhereitmaybearduoustomanuallymeasurealltypesoftrees(White&Lloyd,
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1994).Hightransportationcosts,difficultterrain,andconcernsofinterferencewithnaturalecosystems
presentmanyobstaclesforaccurateandup-to-datedatagatheringandanalysisinsuchareas.

Inadditiontodifficultyinobtainingremoteforestdata,severalotherchallengeswithinthedomain
offorestconservationandmanagementhavearisenwithinthepasttenyears.Conservingforestgenetic
resourcesisoneexample,whereashrinkinglandbaseduetoincreaseddemandforwoodandother
tree-basedproductshasstrainedthehealthandgeneticdiversityoftheremainingforest.Effortsare
inplacetoevaluatemolecularmarkersandadaptivetraitsofthetreestoinformconservationefforts,
buttheseeffortsarelimitedbytimeandresourcesavailable(Rajora&Mosseler,2001).

Another challenge for land management agencies is working with private landowners in
determiningappropriateforestpractices(Alavalapati,Matta,&Tanner,2005).Properlymaintaining
andinvestinginlandbyfollowingpracticeslikemaintainingun-evenagedstandsoftreesorconducting
appropriatethinningtoprovideopencanopycanbeanexpensivetask,onewhichrequiresconstant
attentionandtimetodetailwhattreesgrowwhere(Alavalapati,Matta,&Tanner,2005).

Finally,athirdmajorchallengeismanagingforeststhatarenearhumandevelopment(Butler
etal.,2011).Certainspeciesoftrees,suchasAmericanbeechandredpine,aremoresusceptible
thanothers tohumanimpactandthusneedtobemonitoredmorecarefully(Butleretal.,2011).
Additionally,humanshave thecapacity to introduce invasivenonnative floraandfauna to forest
ecosystems,whichmayimpactdifferenttreetypesindifferentwaysandnecessitatedetaileddataof
treecovertypes(Butleretal.,2011).

Inallthesechallenges,whethertheyarisefromtheremotenessoftheforest,lackoftime,lack
ofmanpower,lackoffunds,orcomplexityofhumanimpact,liesonecommonthread:apositionto
benefitfromfaster,easier,andcost-effectivepredictionoftreecovertypes.Solvingthisproblemis
thefirstdrivingfactorinthispaper’sresearch.

Theseconddrivingfactoristheageofpreviousworkintheareaandlackofdevelopmentsince.
Thefirstpioneeringpaperdemonstratingneuralnetworksandmachinelearningappliedtotreecover
typeclassificationwasbyBlackardandDeanin1999,18yearsbeforethetimeofwritingthispaper
(Blackard&Dean,1999).Inthatpaper,anartificialneuralnetwork(ANN)istrainedontheForest
CoverTypedataset (covtype)andcomparedwitha traditionaldiscriminantanalysisclassifier to
classifytreecovertypeasaccuratelyaspossible.Thisisdoneondatagatheredfromcartographic
measurements,withnoremotesenseddata(Blackard&Dean,1999).

Unfortunately,since1999,thetreecovertype(covtype)datasethasnotbeenusedforfurther
development of this work. The direction and conclusions of recent papers that do reference the
covtypedatasetconcentrateonthealgorithmsandtechniquespresented,ratherthanmachinelearning
applicationsofcovtypespecifically(Guoetal.,2015;Arabmakki,Kantardzic,&SinghSethi,2016;
Chenhan,March,Xiao,&Biros,2016;Hsieh,Si,&Dhillon,2014;Nguyen,Liu,Scheinberg,&
Takac,2017).Thesepapersonlyusecovtypeasatestdatasettowardstheirendgoals.

Other research in forest speciesclassificationhasbeencarriedout in recentyears,butwith
differentlygathereddataanddifferentgoals.Somenewermachinelearningresearchisrelatedto
forestry,buthasbroaderscope(Ahmed,Franklin,Wulder,&White,2015;Garcia-Gutierrez,Martinez-
Alvarez,Troncoso,&Riquelme,2015).Thesepapersuseremotesensed3DLiDARdataandfocus
onothermachinelearningapplicationssuchasbuildingenvironmentalmodelsorpredictingforest
canopycoverageandheight.

TheclosestrecentworktowhatBlackardandDeandidisaseriesofpapersthatusedifferent
machinelearningmodelstopredictforestspeciesbasedonhyperspectralremotesenseddata(Shang
&Chisholm,2014;Pu&Liu,2011).Thisresearchisdifferentbecausethedataisremotesensed
andlooksatdifferentmachinelearningmodels,suchasSupportVectorMachine(SVM),AdaBoost,
RandomForest(RF).TheydonotuseANNs.Theyalsorelyonthespectralaspectsofleaves,rather
thancartographicallymeasuredattributesofthetreesitesingeneral.Furtherresearchinthisareais
availableinthereferencessectionsofthesepapers.
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