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Abstract

We use the AdaBoostalgorithm to classify 3D aerial
lidar scatteedheightdatainto four categories: road,grass,
buildings,andtrees.To do sowe use ve featuies: height,
height variation, normal variation, lidar return intensity
andimage intensity We alsouseonlylidar-derivedfeatuies
to organizethe datainto threeclasseqthe road and grass
classesare meiged). We apply and testour resultsusing
ten regions taken from lidar data collectedover an area
of approximatelyeight squae miles,obtaininghigherthan
92% accuracy. We also apply our classi er to our entire
dataset,and presentvisual classi cation resultsboth with
and without uncertainty We implementand experiment
with several variations within the AdaBoostfamily of al-
gorithms.We observethat our resultsare robustand stable
over all the varioustestsand algorithmic variations. We
alsoinvestigatdeatuesandvaluesthat are mostcritical in
distinguishingbetweerthe classes. This insightis impor
tantin extendingthe resultsfrom onegeaographicregion to
another

keywords: lidar data,classi cation, terrain, AdaBoost,
uncertaintyvisualization.

1. Intr oduction

Aerial andground-basetidar datais beingusedto create
virtual cities[9, 7, 14], terrainmodels[17], andto classify
differentvegetationtypes[3]. Typically, thesedatasetare
quite large andrequiresomesort of automaticprocessing.
The standardechniques to rst normalizethe heightdata
(subtracta groundmodel),thenusea thresholdto classify
datainto into low- and high-heightdata. In relatively at
regionswhich containfew treesthis may yield reasonable
results,e.g. the USC campug18]; howeverin areaswhich
areforestedor highly-sloped,manualinput and correction
is essentialvith currentmethodsn orderto obtaina useful
classi cation.

This work presentsan algorithmfor automaticclassi -
cation of aeriallidar datainto 4 groups— buildings, trees,
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roadsandgrass- usingthelidar dataregisteredwith aerial
imagery When aerialimageryis not available, our algo-
rithm classi esaeriallidar dataautomaticallyinto 3 classes:
buildings, trees,androad-grassWe use5 features:height,
heightvariation,normalvariation,lidar returnintensity and
imageintensity We do not usethe last featurefor 3-way
classi cation.

We use the well-known machine learning algorithm
AdaBoostfor this classi cation. AdaBoostis an elegant
algorithmwhich automaticallycombinesroughguesse®r
weakhypothesesto a strongeygeneraklassi er by train-
ing on somedatasetwith known classi cation. AdaBoost
is at hearta binary (2-class)algorithm, however thereare
several extensions(suchas AdaBoost.M2,AdaBoost.MH,
or errorcorrectingcodes,seeSection4) which allow for
multiclasscateyorization.Furthervariationscanarisebased
on the choice of weak hypothesisgeneratiorroutine used
in the speci c Adaboostmulti-class extension. In this
work, we have experimentedvith severalvariationsof weak
hypothesisgenerationroutines. Theseinclude All-Pairs
Single Attribute Hypotheses(Section 4.2), expert-based
hypothesisconstruction,and con dence-ratedhypotheses
with varyinglevels of compleity (Section4.3). We apply
our algorithmto aerial lidar datacollectedover a region
which has highly undulatingterrain and is well-forested.
We presenbur resultsin Section5.

2. Related Work

Several algorithmsfor classifyingdatainto terrainand
non-terrainpoints have beenpresentedincluding thoseby
Kraus and Pfeifer [10] using an iterative linear predic-
tion scheme,by Vosselmaret al. [17] using slope-based
techniquesand by Axelsson[2] using adaptve irregular
triangularnetworks. SitholeandVosselmarj16] presenta
comparisorof thesealgorithms. We have useda variation
of theseto computeour normalizecheightvalues.

Previous multiclass classi cation efforts include re-
searchby Axelsson[2], Maas[13], Filin [5], and Haala
andBrenner[8]. Most of theseapproachearead-hocand
basedon heuristics. In addition,in mostcasesyresultsare
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Figurel.The vefeatureimagescomputedor College8 Regionof the UCSCCampus.

presentedor smallregionswithout muchdiscussioronthe
overallquality of resultsobtained Finally, theseapproaches
often requiresubstantiamanualinput. The mostrelevant
previous work usesExpectation-MaximizatioEM) and
SupportVectorMachine(SVM) algorithmsto classifylidar
data[11, 12]. Accuraciesobtainedusing Adaboostalgo-
rithm in this work appeato be similar to the onesobtained
in the previouswork. In Section5, we list possibleadvan-
tagesof usingAdaboosbverthe SVM andEM algorithms.

3. Data Processing

3.1 Data Collection and Preparation

Our lidar datasetwas acquiredby Airbornelinc. The
datawascollectedfor approximatelyeight squaremiles of
the UCSCCampusausinga 1064nm laserat a pulserate of
25 KHz. Theraw dataconsistsof about36 million points,
with anaveragepointspacingof 0.26meters Weresampled
this irregular lidar point cloud onto a regular grid with a
spacingof 0.5musingnearest-neighbadnterpolation.

In addition, we use high-resolution(0.5ft/pixel) ortho-
recti ed gray-scaleaerialimagery We downsampledthe
aerialimageryto thesamed.5m/pixel resolutionasthelidar
dataandregisteredthetwo.

3.2 Features

We haveidenti ed vefeatureso be usedfor dataclas-
si cation purposes:

NormalizedHeight (H): We computedthe terrain el-
evation dataautomaticallyfrom the aerial lidar data
using a variation of the standardDEM extraction al-
gorithms[16]. The lidar datais normalizedby sub-
tractingterrainelevationsfrom thelidar data.

Height Variation (HV): Height variationis measured

withina3 3pixel 225m? window andis calculated
asthe absolutedifferencebetweenthe min and max
valuesof the normalizedheightwithin the window.

Normal Variation (NV): We rst computethe normal
at eachgrid point using nite differences. Normal
variation is the averagedot product of eachnormal
with other normalswithin a 10 10 pixel 25m?

window. Thisvaluegivesameasur®f planaritywithin
thewindow.

Lidar Returnintensity (LRI): is the amplitudeof the
responsee ectedbackto thelaserscanner

Image Intensity(l): correspondso the responsef the
terrainandnon-terrainsurfaceso visible light. Thisis
obtainedfrom thegray-scaleaerialimages.

All the vefeatureshave beennormalizedo lie between
0 and 255. Figure 1 shavs imagesof these ve features
computecbn the College 8 region of the UCSCCampus.

3.3 Classesand Training

We classify the datasetinto four groups: buildings
(rooftops) treesor highvegetation(includesconiferousand
deciduoustrees),grassor low vegetation(includesgreen
anddry grass),androad(asphaltroads,concretepathways
andsoil). We alsocombinethe road and grassclassedo
performa 3-clasdabelingusingonly lidar-derivedfeatures.
Tendifferentregionsof theoriginal datasetveresegmented
andsubrgyionsof theseweremanuallylabeledfor training
and validation. The sizesof theseten regions vary from
100,000to 150,000points; togetherthey compriseabout
7% of our entiredataset.Roughly25-30%o0f eachregions
wasmanuallylabeledusinga graphicaluserinterface. Al-
thoughwe attemptedo cover the four classesadequately



the relative proportionsof the classesvary from region to
region.

4. The AdaBoostAlgorithm

AdaBoost[6] is a genericiterative supervisedearning
algorithmthatcombineaveakhypothesemto amuchmore
accuratemasterhypothesis. This masterhypothesisH is
a weightedlinear combinationof thesehypotheses.The
masterhypothesigypically performsmuchbetterthanary
of the weak hypotheseslone,andthusis likely to predict
betteron new examplesaswell.

Althoughtheoriginal AdaBoostalgorithmcreatedinary
classi ers,therearea numberof variantsdesignedor mul-
tiple classesasin our problem. The moststraightforvard
extensionof AdaBoostto multiple classesAdaBoost.M1,
is not very popularbecausét requiresweakhypotheses$o
have accurag betterthan 50% (which generallyis not a
simpletaskwhenthereare mary classes).Popularmulti-
classextensionsvhich make lessstringentassumptionin-
cludeAdaBoost.M2[6] andAdaBoost.MH[15], aswell as
errorcorrectingoutputcode[4] andotherwaysof encoding
themulticlassproblemasasequencef binaryclassi cation
problemg[1]. In orderto obtaina concretealgorithm,one
must not only selecta boostingmethodbut also pick a
methodfor generatingweak hypotheses.We have exper
imentedwith several weak hypothesigyeneratiorroutines
(seeSections4.2 and 4.3). Sincewe have obtainedvery
accurateesultswith AdaBoost.M2we have notconsidered
othermulticlassboostingmethodghusfar.

4.1 AdaBoost.M2

AdaBoost.M2 [6] requires a training set
X Y1 Xy Yy Of N examples or instances x
andcorrectlabelingsy;, whereeachinstancey; is a vector
of measurementffeaturevalues). We rst describethree
important features of AdaBoost.M2 and then present
the algorithm. First, eachweak hypothesish x usedin
AdaBoost.M2outputscon dencesin the range 0 1 for
eachpossibleclassi cation. So, for a 4-way classi cation,
h x mapsinstancex into the vector ¢, ¢, ¢; ¢, , where
eachc; 0 1. Notethatthec; valuesarenot probabilities,
anddo notneedto sumto 1. We usethenotationh x y to
representhe con denceassignedo classy by hypothesis

h oninstancex.

SecondtheprobabilitydistributionsD; usedateachiter-
ationt by AdaBoost.M2arede ned over the crossproduct
of training examplesx; andthe setof possibleclasslabels
Y. ThevalueD; x y representshe badnesf predicting
classy Y ontraininginstancex;. Thereforesincey; is the
correctclasslabelfor x;, Dy % y; is alwayssetto zero.

Third, ratherthan using the probability of misclassi -
cation (asin binary AdaBoostand AdaBoost.M}, a new

metric, pseudoerror, is usedto measurethe badnessof
weakhypothesesRecallthatusingprobability of misclas-
si cation as a metric requiresweak hypotheseghat have
betterthan50% accurag, a non-trivial taskwhenthereare
mary classesThe pseudcerror metric rewardshigh con -

denceonthecorrectclasswhile penalizinghigh con dence
on incorrectclasses. Formally, the pseudoerror of weak
hypothesigdy with respecto distribution D is:

18 o .
& z_aaDtlyl he Xy hexoy 1)

Notethatif h, x, assignghesamecon denceto all classes
thenh, x, y hex y, 0. If thishappendor all thein-

stancesn thetrainingsetthene, 1 2sinced; Dy iy

1. Thus,arandomhypothesidiasexpectedpseudcerrorl/2

but the probability of erroris muchlarger, 1 %

Algorithm 1 The AdaBoost.M2algorithm

Require: Trainingset x; y; Xy Yy Whereeachx
X is avectorof measurementgachy; Y isalabelwith
valuesfrom 1 to the numberof classes,Y .

INITIALIZE Hy x y Oforallx Xandy Y,and

%lilNy Yi

N
0 i 1 Ny vy

D, x5y

fort 1 T do
Use weak hypothesis generator on training set
weightedby distribution D; to obtainweakhypothesis
h:X 01" with pseudcerror (asgivenin Equa-

tonl)e 3

NIl

Settheweightof h; to &
SetH; x  H, ; x ah X
SetD, ,iy Dyiye alMhiy hiy

NormalizeD, ; so&l 18, yD, iy 1
endfor
Output nal hypothesidd x

1eg
Inet

agmax, y Hy xy

An outline of AdaBoost.M2is given in Algorithm 1.
Sincemastetypothesid, is alinearcombinationof weak
hypothesesH; x is alsoa vectorof con dences;though
eachcomponentmay lie within the range 0 ¥ . Single-
classpredictionfrom H, is achieved by taking the class
with thegreateston dence.LetH x ¢, X ¢Ccy X .
Furthermore without loss of generality assumethatc, is
themaximumandec, is thenext largest thenthecon dence
¢ (oruncertaintyl c) of the predictionis takento bethe
ratio ¢ Clc—cz 0 1. This valueis usedin our visual

1
results(seeSectionb).



AdaBoost.M2has strong performanceguaranteedike
thoseof binary AdaBoost.In particular if weakhypotheses
have pseudcerrorse; 1 2,thenH, will be perfectonthe
training samplewithin O logN iterations. AdaBoost.M2
canberun for a x ed numberof iterations,until corver-
gence,or until the pseudoerrorsof the weak hypotheses
becomeoolarge,thatis,e 1 2.

4.2 Generating Weak Hypothesesusing All-Pairs

Thereare several stratgjiesfor constrainingthe in nite
universeof potentialweak hypothese$o a moretractable
set[6]. For mostof our experimentswe have considered
only hypothesewhichconsiderpair y, y, of classeand
testa single featureagainsta threshold,predicting either
classy, withfull condencethx y; 1,hxy y; 0)
or classy, with full condence(hx y, 1, hxy
y, 0). We refer to this approachas All-Pairs Single
Attribute HypothesesOf course by constrainingoursehes
so, thereis now a risk of overlookingthe hypothesiswith
the absolutelowest possiblepseudoerror. Thereforewe
alsoconsidemthervariations jncludingsomewhich assign
nonzeracon denceto all of theclassegSectior4.3).

We now describea tractablesearchto identify candidate
All-Pairs Single Attribute hypotheses:one for eachun-
orderecdpair of classeg6 or 3) andfeature(5 or 4) for atotal
of 30 or 12 potentialhypothesei eachiteration. Obsene
that,assuming256 integer valuesfor featurevalues,in the
mostnaive implementationthetotalnumberof all hypothe-
sesto be consideredat eachiterationis 15,360(or 4608).
Thetractablesearchs achievzed by identifying exactly one
thresholdvaluev for agivenclasspairandfeature.To make
things concrete,and without loss of generality assume
thatwe are nding the thresholdvaluev for the candidate
hypothesighatteststheheightfeatureandpredictsbuilding
(B) below thethresholdandtree(T) aboveit. Our heuristic
isto nd thethresholdv thatminimizesthe badnes®f the
incorrectB andT predictions.We rst computethe arrays
Ag and A, whereAg j (respectiely A; j) is the total
badnes®f predictingbuilding (respectiely tree) summed
over all the exampleshaving height j, thatis, A; j
5 J.Dt X T Next we computethe pre x sums

A height x;

Sri &) JArk andS;j &) ,Agk. Obserethat
the badnes®f predictingbuilding whenthe heightis v
is Sgv. Similarly, Sy 255 S; j is the total badnesof
predictingtree summedover thoseexampleshaving height
greatetthanj. ThereforeS;r v S§v  S$ 255 Spv
is the total badnes®f predictingbuilding whenthe height
is at most v and tree when the height is greaterthan v.
By symmetry there is anotherdesirablehypothesisfor
which the thresholdv minimizesthe tree-hiilding badness

SigvV  Srv §255 S3v. However, they arerelated

Figure 2. Automatic value selectionfor hypothesisgeneration:
(left) A (green)andAg (blue) : badnessf predictingtree and
grassrespectiely for differentvaluesof the featurenormalvari-
ation; (right) pre x sumsS; andS; (dashedines) obtainedby
integrating the graphson the left, superimposeavith S;5 (solid
greenline) and Sz (solid blue line), notethat S;; and S5 are
symmetricwith respectto S; 255 §; 255 2. The vertical
dashedine indicatesthe chosernoptimumvalueto be usedin the
weakhypothesis.

asfollows:

SV S 255 5255 SV )

This shows that the building-tree badnessis minimized
exactly where the tree-huilding objective is maximized.
Thereforewe can selectfrom both the building-tree and
tree-uilding hypothesesat once by computing just the
building-treebadnesgor eachthresholdv and nding the
valuethat makesthis badnes<losestto zeroor closestto
S; 255 S5 255. Thisis illustratedin Figure 2 by using
anexamplefrom our experiments.

4.3 Alter native algorithms

Recallthatsincewe pick ahypothesigrom asmallsetof
30 candidategluring eachiteration,we might not nd the
weakhypothesisvith smallesipseudcerrorfrom thelarger
setof possibleveakhypothesesTo investigatevhetherone
could do betterby expandingour searchto a larger space,
we consideredlternatve weakhypothesigenerators.

In our rst variation, we selectedthe weak hypotheses
from a setof 14 hand-craftedprototypes. Eachhypothe-
sis type was pairedwith 10 randomlyselected uniformly
distributedthresholdvalues.Althoughthis implementation
tested140 hypothesigerfeature resultswerecomparable
(within 3%) to the All-Pairs approachreportedlater in
Sectionb.

In anotherversion, we consideredmore complex hy-
pothesesif feature v, theneachclassy, hascon dence
a;, elseeachclassy; hascon denceb;,, wherebotha; and
b; werecomputedusinginformationfrom D;. Despitethis
generality the accuray resultsdid not improve muchand
this compleity did notseemjusti ed.

We found the classi cation accurag to be similar
(within 2-3%) over all the variationswe implemented.We
alsofoundthatthe simplehypothesegeneratedby the All-



Pairs (Section4.2) approacthave the advantageof produc-
ing an intuitively understandablenasterhypotheses.We
presentthe accurag resultsusing All Pairs hypothesesn
thenext section.

5. Resultsand Analysis

We rst describetwo typesof training, three different
typesof tests,andhow we measurelassi cationaccurag.
We thenpresentandanalyzeour classi cationresults.

We usetwo methodsto sampletraining data: (i) class-
weightedtraining: the examplesare distributed uniformly
acrossall the classesdy downsamplingthe abundantcate-
gories(typically treesandgrass)t, and(ii) sample-weighted
training: eachclassis representeth thetraining samplein
thesameproportionasit occursin thelabeleddata.In either
case the 25-30%of eachregion which hadbeenmanually
labeledwas downsampledo 10% of the original sizeand
thetrainingsamplesveretakento bethesepoints.

We usedthree different types of tests: (i) leave-one-
out, (i) train-half-test-half,and (iii) train-all-test-all. In
the leave-one-outtest, 9 regionsare usedfor training and
the remainingregion is tested. For train-half-test-half,
half the regionswere usedfor training and the remaining
5 were tested. Finally, in train-all-test-all, all ten were
usedboth to train andtest. Resultsfrom train-all-test-all
were maminally betterthan both leave-one-outand train-
half-test-halftests,which are similar to 10-fold and 2-fold
testingtypically usedin machinelearning. Resultsfrom
both of thesetestswere comparable- herewe reportonly
theresultsfrom leave-one-out-testinlessotherwisestated.

To computeaccurag, we usethe manualylabeleddata
for whichthetruthis known. For sample-weightettaining,
the accuray is testedon all the labeleddata. For class-
weightedtraining, the accurag is testedon the downsam-
pledlabeleddatawherethe samplesizein eachclassis the
same.

All of the following results usedthe weak hypothe-
sis generationroutine describedin Section4.2. Table 1
presentshe classi cation accurag for eachof the 10 re-
gions' leave-one-outests. The averageaccurayg obtained
is betterthan 92% for 4-way classi cation and betterthan
95% for 3-way classi cation. Table 2 presentghe class-
weightedaccurag resultsorganizedby class. This table
shaws that, for 4-way classi cation, Type| error (rejecting
pointsbelongingto a class)is highestfor roads.This occurs
becauseoad is the least-populatedtateyory and training
is someavhat de cient for this class. Type Il error (ac-
ceptingpointsbelongingto a differentclass)is highestfor
grass,which typically collectspointsfrom road, followed

1Sincethenumberof labeleddatapointsfor roadis far fewerthanother
catgories,in somecasesroadwasstill undersampledomparedo other
classes.

3 features3 classes
class- Sample-
weighted weighted

92.61% 93.98%
98.26% 96.63%
95.91% 94.38%
96.29% 98.07%
96.26% 93.82%
96.23% 98.85%
94.58% 97.11%
97.86% 96.40%
91.21% 94.52%
98.62% 98.19%
95.78% 96.20%

5 features4 classes

[ class- Sample-

weighted weighted
86.45% 93.12%
92.62% 93.25%
96.56% 96.28%
93.28% 95.14%
92.32% 93.10%
93.60% 95.55%
90.20% 85.82%
94.20% 91.34%
90.21% 88.29%
92.51% 90.31%
92.20% 92.22%

Region

Region1
Region2
Region3
Region4
Region 5
Region 6
Region 7
Region8
Region9
Region 10
Overall

Tablel. Leave-one-outestaccuray: averageandfor eachof the
10regions.

bldng tree grass road Typel
bldng 94.06% 5.13% 0.19% 0.62% 5.94%
tree 2.66% | 96.09% 0.56% 0.72% 3.93%
grass 3.94% 1.12% | 87.54% 7.41% | 12.46%
road 0.24% 1.03% | 13.14% | 85.61% | 14.41%
Typell 6.84% 7.27T% 13.88% 8.75%

bldng tree ;Zg s Typel
bldng 93.92% 5.68% 0.36% 6.04%
tree 1.92% 96.90% 1.17% 3.09%
;‘;gg < 406% | 1.09% | 94.85% 5.16%
Typell 5.98% 6.77% 1.53%

Table 2. Classi cationaccurag and Type | /Typell error results
organizedby classedor 4 classes/Seaturesand 3 classes/3ea-
turesusingleave-one-out-testThereportedaccurag numbersare
for class-weightedraining averagedover all 10regions.

by road. For 3-way classi cation, the confusionbetween
theremainingclassess comparabldo 4-way, with the new
road-grasslassbeing confusedmuchlessthanbefore,as
separateclasses.This shavs that mostof the confusionis
betweenbuildings-treesand grass-roador 4-way classi -
cationandbetweerbuildings-treedor 3-way classi cation.
This highlights the needfor improving the algorithm to
betterdistinguishbetweertheseclasses.

We now presentthe visual classi cation results with
andwithout uncertainty Figure 6 shows the classi cation
resultswithout uncertaintyfor the College 8 region. The
buildings, trees,road and grassclassesare colored blue,
green,brown andyellow respectiely for 4-way classi ca-
tion; for 3-way outputtheroad-grasslassis coloredyellow
(this coloring schemeis continuedfor our other visual
results). Recall that only 10% of the manually labeled
data(about2-3% of all the points within the 10 regions)
was usedfor training. Buildings andtreesare evidentin
theseimages. Sometimeshereis no “correct' labelingfor
smallarease.g. thetenniscourtsin theupperleft whichare
labeledasroad. Furtherresearchs neededo handlethese
caseslgyantly.

We have applied the masterhypothesisto our entire
datasetand computedthe associateduncertainty(as de-
scribedin Section4.1). Figure7 shavs theseresults.Con-



dence hasbeenmappedto brightnesgdarker valuesare
to betrustedless). A zoomed-inview of the area(within
the red box of Figure 7) is shavn in Figure 8. From
thesewe seethat we have predictedinteriors of buildings
andtreeswith high con dence,while beinglesscommital
near boundaries. We also noticed some spatio-temporal
uncertaintysuchasat thetop-left of theregionin Figure7;
certainstructuresuchastrailerswhich existedduringlidar
collectionwerenot presenduring aerialimagecollection.

Accuraciegeportedin someof the previouswork using
theSVM [11] andthe EM [12] algorithmsarein thesimilar
range of 90% to 94% accuray. However, without the
detailedknowledge of the exact data characteristicsand
the training andsamplesize, it is not possibleto carry out
a strict comparisorbetweenthesealgorithms. The biggest
signi cant advantageof Adaboostover the othermachine
learningalgorithmssuchasthe SVM andthe EM algorithm
appeardo beits interpretability which we now discussin
detail. Neither SVM nor the EM algorithmscan provide
suchdetailedinsightsinto the role that differentfeatures
playin discriminatingbetweerthe differentclasses.

Through graphs, tables, and imageswe nowv analyze
our training methodsand the roles of our featuresand
hypothesesn discriminating betweenclasses. Figure 3
shaws the evolution of accurag during our train-all-test-
all testing for each classi cation setup. Typically, the
accurag rate stabilizesreasonablyquickly. We obsene
that althoughoverall accurag is aboutthe samefor both
class-and sample-weightedraining, the accurag is more
uniform acrossclassedor class-weightedraining in both
4-way and3-way classi cation. This suggestshatif higher
accurag is desiredfor a particular classthen additional
training examplesfor said classrelative to otherswill be
useful.

Recallthat the masterhypothesids a weightedvote of
weakhypothesesandthateachweakhypothesigestsonly
a singlefeature. Given a classpair and a feature, Table 3
presentshetotal weightpercentagef all weakhypotheses
which usedsaid featurein the nal masterhypothesisto
discernbetweenthe given classpair. This table reveals
that height (H), lidar returnintensity (LRI), normalvaria-
tion (NV), andimageintensity (I) playedimportantroles.
Height(H) andnormalvariation(NV) werealsoimportant
in 3-way classi cation. It also becameclear that height
variation (HV) was the leastuseful feature. It playeda
limited role and perhapsshould be replacedwith an im-
provedheighttexturefeatureratherthanasimpledifference
betweermaximumandminimum heightwithin awindow.

We cangainfurtherinsightby examiningthe threshold
values used by important weak hypotheses. Figure 4
presentghe weight by thresholdvalue of the ve highest-
weighted hypothesesn the 4-way classi cation. These
graphgevealthatsomeof themostimportanthypothesem
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Figure3. Classi cationaccuray (train-all-test-alljastrainingpro-
ceeds: (top row, left to right): 4-way classi cation with class-
weightedtraining (233 iterations)and sample-weightedraining
(191 iterations)(bottom row, left to right): 3-way classi cation
with class-weightedraining (56 iterations)and sample-weighted
training (250 iterations). Succesgate is more uniformly dis-
tributedwith class-weightedraining.

I LRI H HV | NV
bldng- | 0.04| 0.03| 0.11 | 0.03| 0.08
tree
bldng- | 0.03| 0.02 | 0.11| 0.00 | 0.00
grass
bldng- | 0.01| 0.01 | 0.04 | 0.00 | 0.00
road
tree- 0.00| 0.00| 0.00| 0.00| 0.03
grass
tree- 0.02| 0.04| 0.08| 0.00| 0.04
road
grass- | 0.06 | 0.09 | 0.05| 0.06 | 0.02
road
overall | 0.16| 0.19| 0.39| 0.09 | 0.17
LRI H HV | NV
bldng- | 0.13| 0.16 | 0.04 | 0.13
tree
bldng- | 0.00| 0.16 | 0.00 | 0.00
rd/gs
tree- 0.01| 0.20| 0.00 | 0.16
rd/gs
overall | 0.14 | 0.52| 0.04 | 0.29

Table 3. Percentagesf the total weight by featureandclasspair
for 4-way and 3-way classi cation after 233 and 56 iterations
respectiely usingtrain-all-test-allwith class-weightedraining.

discriminatingbetweerthe four classesre: heightfeature
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Figure4. Weightdistribution by thresholdvaluefor veimportant
feature-claspair combinationdfor 4-way classi cation obtained
from themastethypothesis.

with values5, 5 or 9, and 86 to distinguishbetweentrees
and road, buildings and grass, and buildings and trees,
respectiely; intensity valuesof 61 and 68 to distinguish
betweengrassandroad; and normal variationwith values
20 or 51 to distinguishbetweerbuildingsandtrees.Please
noticethe changesn the graphsin Figure5 corresponding
to thesethresholdvalues.

The plots in Figure 5 can be usedto help understand
how the masterhypothesiss makingits predictions. For
eachfeature the classpredictionis shovn asa function of
featurevalue.Theclasspredictionfor afeaturevalueis then
determinedby summingfor eachpossibleclassthe votes
of eachweak classi er which teststhe given feature(the
masterhypothesisvould do this for eachfeature thenout-
put the classwith highesttotal vote asthe predictedlabel).
For example,thelarge votefor buildingson instanceswith
height 30-75 will tendto causethe masterhypothesisto
predictthe buildings class(blue). However, the classtrees
canout-vote buildingsif theinstancehasa low luminance
value,intensitybelow 1600r so,andhigh normalvariation.

The at, low-lying graphsof heightvariationagainshow
the relative insigni cance of this feature. In contrast,im-
portantfeaturessuchas heightand normal variation have
high-lying and expressie graphs.Thesegraphsalsobring
out which featuresare importantin identifying a particu-
lar class. For example, heightis importantin classifying
buildings and height and normal variationis importantin
classifyingtreesfor 4-way classi cation.

6. Conclusionsand Futur e Dir ections

We have developedan algorithm which automatically
classi es aerial lidar datainto buildings, trees,roads,and
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Figure5. Classpredictionweight by featurevalue obtainedfrom
the masterhypothesisfor 4-way classi cation: buildings (blue),
trees(green) grasyyellow), androad(brown).

Figure 6. Leave-one-outclassi cation resultsfor Region 2 using
sample-weightedraining: (left) 4-way classi cationusing5 fea-
tures,and(right) 3-way classi cationusing4 features.

grassusingAdaBoost. Theresultsof this classi cationare
stableandhave higherthan92%accurag. Our experimen-
tation with variationson weak hypothesisgenerationand
successfubpplicationof the classi er to a relatively large
untraineddatasetunderscordts robustness. Our analysis
through both tablesand graphsand con dence-ratedvi-
sualoutputhelpusunderstangbroblemareasand potential
weaknessesf the classi er. This understandings impor-
tantfor future extensionsof the algorithmto classifyaerial
lidar datafrom differentgeographicegionsandfor ner
classi cationinto sub-classesuchasvehicles telecommu-
nicationwires, or differenttypesof vegetation.
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Figure 7. Top, left: 4-way classi cation of the entire dataset;
top, right: 4-way con dence-weightealassi cation;bottom,left:

3-way classi cation of the entire dataset;bottom, right: 3-way
con dence-weightedlassi cation.

Figure 8. A zoomed-inview of the areasinside the red boxes
shavn in Figure?.
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